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Abstract

Temporal graphs capture the evolving interactions that define financial systems, communication

platforms, and social networks. Their continuously changing structure makes them difficult to

model, yet understanding their evolution is essential for applications such as fraud detection, be-

havioral prediction, and structural forecasting. The central goal of this thesis is to advance temporal

graph learning toward generality and foundation-model capabilities, while opening this research

direction to the community through new frameworks, datasets, tasks, and transferable modeling

principles.

To initiate this progression, we first investigate whether novel computational frameworks from

machine learning can reveal the global structural signals that evolving graphs exhibit. Through this

exploration, Topological Forest shows that Topological Data Analysis (TDA) provides stable mul-

tiscale descriptors that traditional models fail to capture, demonstrating that topological reasoning

can serve as a powerful foundation for understanding complex temporal behavior. A second major

gap in the field is the absence of standardized, diverse temporal graph datasets. This limitation

has historically prevented fair comparison between methods and slowed the development of new

ideas. Chartalist addresses this barrier by providing the first machine-learning-ready blockchain

dataset with rich temporal structure and clearly defined tasks, enabling reproducible research and

supplying the breadth necessary for scalable model development. With these foundations in place,

the thesis introduces GraphPulse, which formalizes the task of temporal graph property predic-

tion and shows how topology-inspired temporal signatures can capture global structural dynamics.

These insights reveal that temporal networks across domains share common patterns, motivating

the question of whether models can generalize across networks. MiNT answers this by estab-

lishing the first multi-network training paradigm for temporal graphs, demonstrating that a single

model can learn transferable temporal representations and perform well on unseen networks with-

out retraining. Finally, Hydra brings these contributions together by unifying classification, regres-

sion, and forecasting within a single temporal backbone, showing that multi-task learning across
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many networks is both feasible and effective. Hydra marks a concrete step toward temporal graph

foundation models by enabling broad generalization across tasks and domains through a shared

representation.

This thesis advances temporal graph learning by introducing new structural perspectives, es-

tablishing standardized resources, and developing models that capture and generalize the behavior

of evolving networks. Through contributions that deepen our understanding of global temporal

structure, enable meaningful comparison across diverse datasets, and demonstrate transferable and

multi-task temporal modeling, this work pushes the field toward broader, more scalable capabil-

ities. It sets the stage for the emergence of temporal graph foundation models and provides the

conceptual tools, practical methodologies, and empirical evidence needed to drive the next gener-

ation of research in dynamic network analysis.
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Chapter 1

Introduction

In recent decades, the rapid digitization of society has produced unprecedented volumes of inter-

connected data. Social networks connect billions of users worldwide [1, 2], enabling continuous

streams of interactions through messages, posts, and shared content. Financial systems process

millions of transactions every day [3], reflecting the movement of capital across institutions, mar-

kets, and individuals. At the same time, blockchain infrastructures have introduced decentralized

platforms where people exchange value globally without relying on traditional intermediaries [4].

These and many other modern systems generate data that is inherently relational and dynamic. A

natural way to model such systems is through temporal graphs, where entities are represented as

nodes, interactions as edges, and the entire structure evolves over time.

Temporal graph learning has emerged as a new field of research for analyzing such data, en-

abling the discovery and prediction of patterns in dynamic systems. Applications of this paradigm

are wide-ranging: improving recommendation systems by modeling user preferences as they evolve

over time [5, 6], detecting fraud by spotting unusual transaction patterns in financial or blockchain

networks [7], understanding how diseases spread across populations [8], or predicting how traffic

flows and congests in urban areas [9]. For these applications, models must be not only accurate

but also efficient and scalable, as real-world temporal graphs often contain millions of nodes and

billions of timestamped interactions.
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The central challenge in temporal graph learning is that graphs are not static objects. Their

structure is inherently time dependent, meaning models must capture how networks grow, reorga-

nize, or decay across different points in time [10]. Unlike static graph learning, which assumes

a fixed snapshot, temporal graph learning must manage complex dependencies across a timeline

of evolving snapshots that differ in structure and patterns [11]. These challenges set it apart from

more established fields such as computer vision and natural language processing. In those ar-

eas, the availability of shared large-scale benchmarks, such as ImageNet [12] and GLUE [13],

has driven rapid methodological progress and reproducible evaluation. Temporal graph learning,

however, is still in its early development stages. Large and standardized datasets remain scarce,

experimental setups are often fragmented, and the use of novel approaches in this domain is still at

an early stage of research [14].

To move the field forward, there is a clear need for both better datasets and innovative methods

that can capture the unique dynamics of evolving graphs. On one hand, datasets must be suffi-

ciently large and diverse to reflect the complexity of real-world systems and provide fair ground

for evaluation. On the other hand, methods must go beyond static or local views of networks and

be capable of capturing global temporal structures, allowing predictions that show how entire sys-

tems change over time. Systematically addressing these needs will enable temporal graph learning

to transition from an emerging field into a mature research area. By doing so, it has the potential to

reach the same impact seen in fields like computer vision and natural language processing, where

the synergy of robust benchmarks and innovative methods has led to significant breakthroughs.

1.1 Research Motivation

Temporal graph learning provides a new way to study systems that change over time, but several

main obstacles have slowed progress. The first obstacle is the need for methods that go beyond

traditional machine learning techniques and can capture the overall structures of evolving graphs.

Traditional models often focus only on local features, which makes them less effective at track-
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ing the structural changes in dynamic systems. This encourages exploring novel methods that can

capture the changing nature of these graphs. Topological data analysis has strong potential in this

area, as it emphasizes the shape and structure of data and can identify global patterns concisely

and reliably. Although it has been used in other areas of machine learning, its ability to build effi-

cient, interpretable models that summarize complex temporal patterns has not yet been extensively

studied in the field of temporal graph learning.

The second obstacle is the shortage of large-scale datasets that support systematic research.

Many available graph datasets are either static or too small to represent the dynamics of real-world

systems. This gap is clear in fields like finance and blockchain, where data is plentiful but rarely

prepared in formats suitable for machine learning. Without such resources, it becomes difficult to

compare methods fairly or test them under realistic conditions. Providing datasets and libraries

that capture the temporal and multilayer aspects of these systems is therefore essential to enable

consistent and reproducible progress.

The third obstacle involves the scope of tasks used to evaluate temporal graph models. Most

existing works on temporal graph learning have focused on local predictions at the node or edge

level, ignoring graph-level properties that describe how entire systems grow, shrink, or reorganize.

Expanding the field to include graph-level property prediction tasks is crucial because these tasks

uncover patterns that local predictions cannot reveal.

The fourth obstacle concerns transferability. Most existing models are trained on a single net-

work and do not generalize well to new, unseen networks or domains. This limitation is impractical

in areas like financial systems, where networks are numerous, large, and constantly evolving. Over-

coming this requires frameworks capable of learning from collections of different temporal graphs

and still generalizing to new ones. Achieving transferability is a crucial step toward making tem-

poral graph learning scalable and toward developing foundational models for dynamic networks.

A fifth obstacle arises in the efficiency and adaptability of temporal graph transferable models.

Even with transferability, most existing approaches are not designed to handle multiple predic-

tive tasks simultaneously or adapt efficiently across diverse domains. Real-world systems often
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involve many interconnected processes that require both classification and regression predictions

under a shared framework. Addressing this limitation would enable models that are not only trans-

ferable but also multi-task, efficient, and more powerful in capturing diverse temporal behaviors

across networks. Such advancement would mark an important step toward practical, scalable, and

general-purpose models for temporal graphs.

In response to these challenges, this thesis aims to create a unified research framework that

introduces innovative methods, develops large datasets, defines new tasks, and proposes transfer-

able and adaptable models, thus laying the groundwork for future advancements in temporal graph

learning.

1.2 Research Objectives

This thesis presents five primary objectives that together create a structured framework for advanc-

ing temporal graph learning.

The first goal is to explore novel approaches in machine learning that can enhance both effi-

ciency and scalability of the model. Traditional methods often focus on local patterns or require

large ensembles, which are computationally costly. To address this, we evaluate topological data

analysis as a framework that captures the overall structure of data and offers concise yet informa-

tive representations. Demonstrating the value of such approaches in traditional settings creates a

methodological foundation that can later be expanded to temporal graphs, where changing struc-

tures require models that summarize complex patterns over time.

The second objective is to address the lack of large-scale temporal graph datasets and bench-

marks. Without these resources, it is challenging to test models in realistic conditions or com-

pare approaches reliably. We achieve this by developing a library and datasets that convert raw

blockchain data into machine learning-ready temporal graphs. These datasets are designed to re-

flect both the temporal and multilayer aspects of real-world networks, making them suitable for

large-scale experiments. Providing these resources to the community promotes reproducibility,
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lowers the barrier for new researchers, and lays a strong foundation for systematic progress in

temporal graph learning.

The third goal is to develop a state-of-the-art temporal graph model that applies innovative

methods to real-world data and introduces new temporal tasks for the field. While most previous

work has focused on node- or edge-level predictions, we shift the focus to graph-level property pre-

diction, which reflects global structural changes, such as the growth or fragmentation of networks.

By incorporating topological descriptors into the model design, we aim to show that topology-

informed temporal models can achieve high predictive performance on large dynamic graphs and

open up a new direction of graph-level temporal tasks.

The fourth objective is to push the boundaries of temporal graph learning by addressing the

challenge of transferability. Current methods usually need training separate models for each net-

work, which is impractical in fields like finance, where networks are numerous and constantly

changing. We present a framework that enables models to learn from collections of different tem-

poral graphs and apply them to unseen ones. By showing transferability at scale and providing

the first benchmark dedicated to this area, this work paves a new path in temporal graph learning,

moving the field closer to creating foundation models for dynamic networks.

The fifth objective is to advance efficiency, adaptability, and predictive capacity in temporal

graph transferable models by unifying multiple learning objectives under a shared framework.

Real-world systems require models capable of performing a range of predictive tasks across di-

verse temporal networks. This objective focuses on developing an approach that supports multi-

task learning, improves computational efficiency, and enhances generalization across domains.

Addressing this goal will lead to models that are not only transferable but also more powerful

and practical, thereby forming an essential step toward scalable, general-purpose temporal graph

foundation models.

Together, these five objectives define a unified research path that connects methods, datasets,

tasks, and frameworks, with the goal of advancing temporal graph learning toward efficiency, trans-

ferability, and broader applicability across domains.
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1.3 Thesis Overview

This thesis takes a structured path that reflects the limitations of temporal graph learning and the

steps taken to overcome them.

• Chapter 2 provides the literature review and preliminary studies. This chapter introduces ex-

isting work in temporal graph learning and related domains, and lays the groundwork for the

contributions that follow.

• Chapter 3 begins the original contributions by studying the role of topology in machine learning.

We investigate whether topological tools can improve efficiency and highlight their potential as

a guiding principle for future model design. This serves as a conceptual starting point, showing

that topology can enhance learning systems and motivating its use in subsequent chapters.

• Chapter 4 turns to the challenge of data. Temporal graph research requires high-quality bench-

marks, yet most existing datasets are either static, small in scale, or limited in scope. To over-

come this barrier, we introduce a dataset resource that makes large, dynamic blockchain graphs

accessible for machine learning and defines tasks that enable systematic evaluation. This step

ensures that temporal graph learning can be studied on real-world, large-scale networks.

• Chapter 5, after providing both a novel methodological approach and a new large-scale dataset,

introduces a state-of-the-art temporal model for graph-level tasks. This model, GraphPulse,

integrates topological data analysis into temporal graph learning, establishing a new research

direction by predicting graph-level properties rather than focusing solely on nodes or edges.

GraphPulse is novel in both formulation and design, and it demonstrates how TDA can capture

evolving global structures in large temporal networks.

• Chapter 6, after introducing a state-of-the-art model, pushes the boundaries of temporal graph

learning further by moving to the challenge of transferability across networks. We present a

framework that enables models to learn across multiple temporal graphs and generalize to un-

seen ones, showing clear improvements in zero-shot performance. This step represents the first
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systematic attempt to study transferability in temporal graphs and paves the way for temporal

graph foundation models.

• Chapter 7 extends the path toward foundation models by addressing the next challenge which

is efficiency, adaptability, and multi-task learning in temporal graphs. This chapter introduces

a unified framework that can handle multiple prediction objectives, including both classifica-

tion and regression tasks, across diverse temporal networks. By combining transferability with

multi-task learning, this contribution advances the development of more powerful and scalable

temporal graph models, marking a significant step toward practical temporal graph foundation

models.

• Chapter 8 concludes the thesis with a discussion of limitations. It outlines future opportunities,

including directions for multi-task learning, improving efficiency, and continuing the path toward

developing graph foundation models.

1.4 Contributions Within the Overall Research Path

This section provides an overview of the works included in the thesis and explains how each

contributes to the overall research path.

• Topological Forest In Chapter 3, we introduce Topological Forest, a novel machine learning

model that leverages topological data analysis (TDA) to improve the efficiency of random forest

ensembles. Each decision tree is first encoded as a graph, where parent-child feature splits

become edges, and a collection of topological and structural features is extracted from these

graphs. Using TDA Mapper, similar decision trees are clustered in a topological network, and

representative trees are selected to form a reduced ensemble. This process yields a significantly

smaller forest while preserving the diversity of predictive patterns. Experiments on large-scale

classification benchmarks show that Topological Forest achieves inference speeds more than 100

times faster than standard random forests, with at most 2% loss in AUC. This chapter shows that
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TDA can be systematically integrated into classical ML to achieve both efficiency and scalability.

Topological Forest provides an important conceptual step toward using topology as a tool for

machine learning model design.

• Chartalist Chapter 4 presents Chartalist, the first ML-ready dataset collection for blockchain

transaction networks. An important obstacle in temporal graph learning has been the absence

of real-world datasets that are both large and well-structured for research. Chartalist addresses

this need by turning raw blockchain data into temporal graphs that reflect the evolving and multi-

layer nature of both systems for both UTXO-based blockchains (e.g., Bitcoin) and account-based

blockchains (e.g., Ethereum). With this resource, researchers can now explore blockchain as a

temporal graph domain in a consistent and reproducible way. Chartalist is important because it

lowers the barrier to working with complex financial networks, provides a foundation for fair

comparison across methods, and creates new opportunities to study temporal graph learning on

real-world systems at scale. Dataset Website: https://chartalist.org The datasets

and benchmark tasks are openly available through this website, ensuring easy access and repro-

ducibility for the community.

• GraphPulse After introducing a novel methodological approach and a large-scale dataset, Chap-

ter 5 presents GraphPulse, a state-of-the-art temporal graph model that combines TDA for graph-

level property prediction. In this formulation, temporal graphs are represented as sequences of

snapshots, and topological descriptors are extracted to summarize the global structure of each

snapshot. GraphPulse then learns to predict whether high-level graph properties, such as edge

growth or largest component expansion, will increase or decrease in future intervals. Unlike

existing approaches that focus on node or edge-level tasks, GraphPulse emphasizes graph-level

prediction, extending the scope of temporal graph learning by modeling global structural evo-

lution as a predictive signal. Experiments demonstrate that GraphPulse achieves competitive or

superior performance compared to standard temporal graph neural networks, establishing a new

research direction and highlighting the practical utility of TDA in temporal graph learning.
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• MiNT Chapter 6 pushes the boundaries of temporal graph learning by addressing the challenge

of transferability in temporal graph learning. Until now, most approaches required training a sep-

arate model for each network. This is not practical in many domains, such as financial systems,

where networks are numerous, large, and constantly changing. MiNT (Multi-Network Transfer)

introduces the first large-scale benchmark of 84 Ethereum token networks, complemented by

eight social interaction networks, and proposes a multi-network training algorithm that enables

models to learn across distinct temporal graphs. The MiNT framework uses all networks together

within the training process and relies on the MiNT-train algorithm, which is designed to avoid

information leakage or context bias during learning. This setup shows, for the first time, how

temporal models can be trained on collections of independent dynamic graphs while remaining

capable of generalizing to unseen ones. MiNT models trained on up to 64 networks generalize

effectively to 20 held-out networks, showing a clear neural scaling trend: performance improves

consistently with the number of pre-training networks. Alongside the framework, we publicly

release the MiNT benchmark dataset and provide open access to the codebase, introducing this

direction to the research community. MiNT provides the first systematic evidence that tempo-

ral graph models can capture transferable dynamics across different networks, paving the way

toward the development of temporal graph foundation models.

• Hydra Chapter 7 presents an advanced temporal graph model that builds upon the ideas of trans-

ferability introduced earlier and takes a major step toward efficiency and adaptability. While

MiNT showed that knowledge can be transferred across multiple temporal networks, it still re-

quired retraining for each individual task and was computationally demanding. The model intro-

duced in this chapter addresses these challenges by learning shared temporal representations that

can support several prediction objectives at once, including both classification and regression

tasks. It achieves up to 22 times faster training speed than MiNT while maintaining stronger

performance across diverse networks. By combining efficiency, multi-task learning, and broad

generalization, this contribution overcomes the limitations of previous frameworks and repre-

sents a significant move toward practical and scalable temporal graph foundation models.

9



1.5 Contribution of Authors

Chapter 1 was written for this thesis.

Chapter 2 was written for this thesis.

Chapter 3 is based on the IEEE Access journal article [15] authored by Murat Ali Bayir, Kiarash

Shamsi, Huseyincan Kaynak, and Cuneyt Gurcan Akcora. As the second author, I contributed

in designing the Topological Forest framework, implemented major components of the model,

conducted experiments, analyzed results, and contributed to writing and revising the manuscript.

Murat led the project and initial development. Huseyincan supported framework design and im-

plementation. Cuneyt supervised the work and provided guidance and feedback on the paper.

Chapter 4 is based on the NeurIPS 2022 [16] paper authored by Kiarash Shamsi, Friedhelm

Victor, Murat Kantarcioglu, Yulia Gel, and Cuneyt Gurcan Akcora. As the first author, I con-

tributed in designing Chartalist, performed data cleaning and preprocessing, developed the Char-

talist website and Python library, prepared baseline tables, conducted experiments, and contributed

to writing and revising the manuscript. Friedhelm Victor supported dataset preparation and con-

sistency checks across networks, assisted in preparing baseline models, and provided domain ex-

pertise on blockchain transaction structures. Murat and Yulia provided methodological support

and manuscript feedback. Cuneyt supervised the overall project and contributed to refining the

narrative.

Chapter 5 is based on the ICLR 2024 paper [17] authored by Kiarash Shamsi, Farimah Poursafaei,

Shenyang Huang, Tran Gia Bao Ngo, Baris Coskunuzer, and Cuneyt Gurcan Akcora. As the first

author, I proposed the GraphPulse framework, introduced the temporal graph property prediction

task, developed the TDA-inspired representations, implemented the method, preparing baselines,

conducted primary experiments, and manuscript writing. Farimah and Shenyang contributed to

the overall framework design and assisted in preparing models. Bao contributed to implementing
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and coding the empirical evaluation for Mapper trajectories and supported additional experimen-

tal components. Baris provided theoretical guidance on Mapper-based topology, TDA concepts,

and structural interpretation of temporal trajectories. Cuneyt supervised the project and provided

detailed feedback on modeling decisions, experiments, and the presentation of results.

Chapter 6 is based on the NeurIPS 2025 paper [18] authored by Kiarash Shamsi, Tran Gia Bao

Ngo, Razieh Shirzadkhani, Shenyang Huang, Farimah Poursafaei, Poupak Azad, Reihaneh Rab-

bany, Baris Coskunuzer, Guillaume Rabusseau, and Cuneyt Gurcan Akcora. As a co-first author,

I co-developed the MiNT framework, implemented the multi-network training pipeline, designed

the transfer evaluation protocol, conducted large-scale experiments across all networks, analyzed

results, and contributed in paper writing. Bao and Razieh contributed significantly to MiNT’s

development, experimental evaluation, and baseline implementations. Shenyang and Farimah as-

sisted with framework design, benchmark preparation, and evaluation discussions. Poupak sup-

ported data collection efforts. Reihaneh, Baris and Guillaume contributed conceptual guidance

on transferability and manuscript refinement. Cuneyt supervised the project, shaped the research

direction, and provided high-level feedbacks.

Chapter 7 is based on the recent work that was submitted to the ICLR 2026 submission authored

by Kiarash Shamsi, Farimah Poursafaei, Tran Gia Bao Ngo, Reihaneh Rabbany, Baris Coskunuzer,

Guillaume Rabusseau, Shenyang Huang, and Cuneyt Gurcan Akcora. As the first author, I led the

development of Hydra architecture, designed the multi-task temporal learning framework, imple-

mented the unified model, conducted all major experiments and ablations, and wrote the major

parts of the manuscript. Farimah contributed to model design discussions, model implementation,

experimental analysis and manuscript writing. Bao supported model design choices, baseline com-

parisons, and evaluation setup. Reihaneh, Guillaume, and Baris contributed insights on multi-task

learning, refinement of the methodological framing, theoretical and structural guidance related to

topology and temporal modeling, and feedback on the manuscript. Shenyang contributed to the

supervision of the project and provided feedback and guidance on the DOS formulation, spectral
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trajectory design, and structural aspects of the model. Cuneyt supervised the project and provided

direction and feedback on the architecture, experiments, and writing.

Chapter 8 was written for the thesis.
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Chapter 2

Related Work and Background

In this chapter, we present the essential background and notations for this thesis. We start with

topological data analysis, a framework that captures the structural and geometric properties of

data and has recently gained popularity in machine learning. Next, we move to graph learning,

introducing graph notation and then reviewing the literature on temporal graph learning, which is

central to this work. Finally, we explore the emerging research area of temporal graph foundation

models (TGFM), highlighting how recent advances aim to create generalizable models in graph

learning. This thesis advances temporal graph learning in this area, and the overview here provides

the context for our contributions within the broader research landscape.

2.1 Topological Data Analysis

Topological Data Analysis provides a framework for extracting structural descriptors from data

using algebraic topology. Its main objective is to capture global properties such as connectivity,

cycles, and voids that persist across multiple scales. These properties are invariant under coordinate

transformations and stable with respect to noise, which makes TDA suitable for analyzing complex

and high-dimensional data [19, 20, 21].
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2.1.1 Foundations and Core Methods

At the conceptual level, TDA represents data as simplicial complexes and studies topological in-

variants that describe their shape. A key theoretical milestone is the stability of persistence di-

agrams, which guarantees that small perturbations in the data lead to only minor changes in the

resulting topological summaries [22]. Two methods are most commonly used in TDA.

• Persistent Homology (PH) studies the evolution of topological features (connected components,

loops, voids, etc.) of a dataset at various spatial resolutions [23]. It can produce persistence dia-

grams or barcodes that describe when features appear and disappear. This method was formally

introduced by Edelsbrunner, Letscher, and Zomorodian [24]. To make PH applicable in machine

learning, several strategies have been proposed, including persistence images [25], persistence

landscapes [26], and differentiable layers such as PersLay [27]. These approaches allow persis-

tence diagrams to be integrated directly or indirectly into standard learning pipelines. PH has

recently been utilized as a powerful feature extractor and combined with deep learning meth-

ods [28, 27, 29, 30] in node and graph classification tasks. However, PH-based methods face

limitations in their application to large networks due to their high computational complexity.

• Mapper introduced by Singh, Mémoli, and Carlsson [31] and further formalized by Carls-

son [32], is a combinatorial TDA method that converts complex, high-dimensional data into

interpretable graph-based summaries. It operates by combining a filter function, a covering

of its range, and local clustering, producing a low-dimensional, coordinate-independent graph

representation that captures the macro-level organization of data [33, 34]. This representation

exposes structural features such as branching trajectories, transitions, and rare subgroups that

traditional clustering or dimensionality-reduction techniques often overlook. Mapper has been

widely adopted across scientific and industrial domains where data are high-dimensional, het-

erogeneous, or noisy. In biomedicine, it revealed previously unknown breast cancer subtypes

with distinct mutational profiles [35] and stratified patient populations from clinical records, un-

covering rare subgroups not detected by conventional clustering [36]. In materials science, it
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summarizes heterogeneous atomic configurations and reveals structural transitions in crystalline

and amorphous solids [37]. In finance, it identified critical market transitions and anomalies

during periods of economic instability [38]. Further applications include neuroscience, where

it modeled dynamic brain states [39], and image and shape analysis, where it exposed global

manifold structures in visual data [31]. Recent developments, such as HYppo [40] and Pheno-

Mapper [41], have extended Mapper to more scalable and automated frameworks for modern

large-scale datasets. Beyond these domains, Mapper principles have inspired advances in graph

representation learning, where its graph-construction paradigm has been integrated into neural

frameworks to enhance structural representation quality [42, 43]. Collectively, these studies

demonstrate that Mapper is particularly effective for analyzing sparse, noisy, or heterogeneous

datasets, providing interpretable and scalable graph representations. Compared to persistent

homology, it delivers explicit structural summaries of the data manifold, making it especially

powerful for exploratory analysis and data compression. To the best of our knowledge, this the-

sis presents the first application of Mapper in the context of temporal graph machine learning,

extending its utility from static data analysis to dynamic network modeling.

TDA can be used to extract topological features from data to use them as inputs for the machine

learning models, or it can be used to improve the model’s design and study some aspects of the

model [44]. In terms of TDA feature extraction, Harer et al. [45] used total persistence of a per-

sistence diagram, Chen et al. [46] applied p-norm, and Atienza et al. [47] used persistent entropy

as a topological descriptor input feature. Rieck et al. [48] used Betti curves [49] to summarize

the features. Chevyrev et al. [50] utilized this representation and persistent diagrams to develop a

classifier using a random forest and support vector machine. Bubenik et al. presented persistent

landscape, a new topological descriptor for mapping the persistent diagram to function space [26].

Zhao et al.used TDA features for graph classification [51]. These studies showed that TDA features

could be well-suited as inputs for machine learning models to improve their accuracy.

Some studies applied TDA to design a machine learning model or improve some aspects of a

model. Moor et al. presented a topological auto-encoder for low-dimensional representation of
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input data features [52]. Yuvaraj et al. used TDA to study complex multilayer networks [53] and to

cluster them based on topological approaches, and Bulauan et al. [54] clustered complex multilayer

networks with topological approaches. Chen et al. [55] introduced an approach for measuring the

classification boundary of a classifier by using a topological complexity, and Hofer et al. [56]

developed topological constraint to improve the generalization performance of their model. Our

method is categorized in the second area of research on topological data analysis. TDA helps

improve our Random Forest quality and considerably increases the model’s performance.

2.1.2 Mapper Formal Definition

In this thesis, we employ the Mapper method as introduced by [31, 32]. For a compact topological

space X and a real valued function f : X → R, the Mapper algorithm provides a general frame-

work to study the topological changes in X with respect to the function f , which is commonly

referred to as a filter function or lens. The choice of lens is crucial in Mapper construction as var-

ious lenses provide distinct insights on the data [31, 57]. In practice, X is mostly a point cloud in

RN , and f is a function from RN to R representing some domain information of the data. The out-

put of the Mapper algorithm is the Mapper network, which is considered a meaningful summary

of the data, representing clusters and relations between the clusters in the data.

To define the Mapper network, we need to explain the nerve of a cover. Let X be a point cloud

in RN . A cover of X is a set of open sets in RN , U = {Ui}mi=1 with X ⊂ ⋃
i Ui. The 1D nerve of

U is a graph and is denoted as η1(U). Each node vi in η1(U) represents a cover element Ui, and

an edge exists between two nodes vi and vj if Ui ∩ Uj is nonempty for the corresponding cover

elements. Figure 2.1a illustrates a case where X is a 2D point cloud and the cover U is formed by

rectangles in the plane.

While it is possible to use multiple scalar functions, to keep the exposition clear, we describe

the Mapper construction with a single scalar function f : X → R. We start with a finite cover of

f(X ) ⊂ R using intervals, that is, a cover I = {Ik}nk=1 of f(X ) ⊂ R such that f(X ) ⊂ ⋃
k Ik, see

Figure 2.1. This induces a cover U of X by considering the clusters induced by points in f−1(Ik)
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for each k as a cover element. The 1D Mapper network of (X , f), denoted as Γ, is nothing but the

1D nerve of U , i.e. ΓX := η1(U).

For a point cloud X , several choices are to be made to compute the Mapper network ΓX . The

first and most important one is the lens function f : X → R. Another choice is the clustering

method for the point cloud. Finally, there are two tuning parameters. The first one is called resolu-

tion, which is the number of intervals {Ik} to cover f(X ). The second one is called gain which is

the percentage of overlaps of these intervals. Note that increasing the resolution gives a finer sum-

mary by increasing the number of nodes in the Mapper network and makes the clusters smaller.

On the other hand, increasing gain adds more relation (edges) between the nodes (clusters). In

Figure 2.1, the resolution is 6, and the gain is the fixed intersection amount (for example, twenty

percent) between the intervals Ik and Ik+1.

Note that the Mapper construction can be generalized to higher dimensions by choosing the

lens function f as a multivariate function, i.e., f : X → Rd (for d ≥ 2). In most cases, d = 2,

and the resulting Mapper network is referred to as a 2D Mapper network, where the corresponding

cover elements of R2 become rectangles.

2.1.3 Illustrative Example of Mapper

We give a toy example for TDA Mapper networks in Figure 2.1 where for the point cloud X we

use the height function f : X → R as a lens. We use 6 intervals I = {I1, . . . , I6} to cover f(X )

(Figure 2.1b). By using the chosen clustering algorithm, we detect the clusters in each f−1(Ik) for

each k (Figure 2.1a). These clusters form elements of a cover of X . In particular, as illustrated

in Figure 2.1a, f−1(I2) induces two clusters of points that are enclosed by the blue rectangles,

while f−1(I1) produces a single cluster enclosed by an orange rectangle. The Mapper network

in Figure 2.1c is the nerve of this cover, where each node represents the corresponding cluster

and each edge represents that the clusters have nonempty intersections. The final Mapper network

gives a rough summary or sketch of the whole point cloud [42]. In TDA Mapper graphs, nodes are

associated with clusters of data points, and edges are drawn between nodes based on the overlap
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Figure 2.1: Toy Example of Mapper. For a point cloud X (a), we define a lens function f :
X → R (b), and the induced covering defines a Mapper network where nodes represent clusters
and edges represent related clusters (c).

or commonality of data points between the clusters. The edge weight reflects the strength of this

connection, indicating how many data points are included in the overlapped area.

2.1.4 Integration with Machine Learning

Topological data analysis has moved beyond its theoretical foundations to become a practical com-

ponent of modern machine learning. Its methods provide ways to extract global structure, reduce

complexity, and improve robustness when working with challenging datasets. The following di-

rections illustrate how TDA has been incorporated into learning pipelines.

• Feature Extraction. TDA methods generate representations that capture the shape and organi-

zation of data, serving as informative features for machine learning models or as tools for im-

proving model design and interpretability [44]. The most widely used TDA approach for feature

extraction is persistent homology, which produces persistence diagrams that summarize multi-

scale topological features such as connected components, holes, and voids. These diagrams

have been transformed into several machine-learning-compatible formats, including persistence

landscapes [26], persistence images [25], and kernel-based embeddings for use in classifiers and

regressors. Alternative scalar summaries such as total persistence [45], p-norms [46], and per-

sistent entropy [47] provide compact quantitative characterizations of topological information.

Rieck et al. [48] proposed Betti curves [49] to describe the evolution of topological features

across filtration scales, while Chevyrev et al. [50] combined persistence diagrams with ensemble
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and kernel-based models such as Random Forests and Support Vector Machines. Bubenik et

al. [26] introduced persistent landscapes as functional summaries, and Zhao et al. [51] applied

TDA-based descriptors for graph classification, showing the suitability of topological features

for structured data analysis. Beyond persistent homology, the Mapper algorithm [36] offers

an alternative TDA framework that constructs low-dimensional graph representations of high-

dimensional datasets. These Mapper graphs can be encoded as structural features for super-

vised or unsupervised learning, capturing global data geometry that complements traditional

local feature-based representations. Together, these methods demonstrate that TDA-derived fea-

tures provide expressive, domain-agnostic representations that enrich the input space of machine

learning models, improving both performance and interpretability across diverse learning tasks.

• Robustness to noise. A distinguishing property of persistence diagrams is their stability: small

perturbations in the data lead only to small changes in the topological signature [58]. This

robustness makes TDA particularly effective when learning from noisy, irregular, or incomplete

datasets, where conventional features may be unreliable.

• Handling sparsity and compression. Many real-world datasets are large, sparse, or high-

dimensional, which creates challenges for scalability. Mapper addresses this by compressing

data into simplified graph structures that preserve the global organization of the dataset [36].

Such summaries not only reduce computational cost but also provide interpretable representa-

tions that can guide learning algorithms.

• Integration into neural architectures. Beyond preprocessing, TDA has been embedded di-

rectly into learning models through differentiable layers. Topological signature layers [59] and

PersLay [27] allow persistence diagrams to be optimized within deep networks, enabling task-

specific representations of topological structure. Recent approaches extend this idea by incorpo-

rating both persistent homology and Mapper into neural pipelines, showing benefits for sparse

and high-dimensional data while raising open challenges related to scalability and efficiency

[60, 61].
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2.1.5 Applications and Future Potentials of TDA in Machine Learning

Topological data analysis has become a practical tool for addressing several challenges in mod-

ern machine learning. One important application is improving computational efficiency. Methods

such as Mapper provide compressed representations of complex datasets, enabling faster training

and inference while preserving global structural information [36, 38]. This ability to reduce di-

mensionality without discarding essential structure highlights the potential of TDA as a scalable

preprocessing strategy.

Another contribution lies in enhancing model expressiveness. Persistence-based descriptors

capture multi-scale connectivity and higher-order patterns that complement conventional feature

extraction methods [25, 26]. By encoding structures beyond local statistics, TDA-derived features

can enrich representations used by classifiers and regressors, leading to stronger predictive per-

formance. Recent tutorials further emphasize how these methods can be adapted for diverse data

types, including graphs, images, and time series [62].

TDA also plays a central role in robustness. Persistence diagrams are stable to perturbations,

which makes them reliable for learning from noisy, irregular, or incomplete data [58]. This prop-

erty is particularly valuable in domains where uncertainty and measurement error are unavoidable.

Mapper-based reductions also contribute to robustness by producing interpretable low-dimensional

summaries that remain informative under data variability [62].

A further potential lies in supporting multi-view and multi-scale learning. Since TDA methods

summarize data at different resolutions, they naturally provide multiple complementary perspec-

tives that can be integrated into unified models. This ability to combine topological summaries

across views has been noted as a promising direction for improving adaptability and generalization

[61, 62]. Overall, the applications of TDA extend beyond single domains. Its ability to improve

efficiency, enrich representations, provide robustness, and enable multi-view modeling positions it

as a versatile tool for future machine learning systems.
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2.2 Graph Learning

In this section, we explore the taxonomy and key concepts of graph data, graph learning tasks,

graph neural networks, and graph foundation models.

2.2.1 Graph Datasets

Graph data provides a robust framework for modeling complex relationships and interactions

among entities in various domains. Unlike traditional data structures based on Euclidean spaces,

graph data is inherently non-Euclidean, which allows it to represent complex structures with ar-

bitrary connectivity and no fixed neighborhood geometry [63]. This flexibility makes graphs an

ideal representation for a wide range of applications, from social networks and biological systems

to transportation networks and recommendation systems.

In social networks, graph data is used to model relationships between individuals, capturing

interactions and influence patterns [64]. In biological networks, nodes can represent molecules

such as proteins or genes, while edges capture interactions or pathways, crucial for understanding

cellular processes and drug interactions [65]. In transportation networks, nodes represent locations

or intersections, and edges model routes or connections, allowing for the analysis of traffic patterns

and optimization of routes [66].

Graphs can be classified into several overlapping types, each suited to different kinds of data

and tasks:

• Homogeneous graphs have nodes and edges of the same type, simplifying modeling and anal-

ysis but potentially overlooking the complexity of certain datasets [67].

• Heterogeneous graphs incorporate multiple types of nodes and edges, enabling the modeling

of complex systems where diverse entities and relationships coexist, such as in bibliographic

networks and e-commerce systems [68].

21



• Hypergraphs permit edges to connect more than two nodes, capturing higher-order interactions

and group relationships prevalent in many real-world networks [69].

• Dynamic graphs evolve over time with nodes and edges that may appear or disappear, crucial

for modeling changes in networks like social or communication systems [70].

• Temporal graphs specifically focus on the timing and sequence of changes within dynamic

graphs, making them ideal for analyzing patterns over time and forecasting future developments

in dynamic systems.

The diverse nature of graph structures across different domains presents challenges in devel-

oping universal models that can effectively learn and generalize across various graph types and

applications.

2.2.2 Graph Learning Tasks

Table 2.1: Summary of graph learn-
ing tasks by prediction level, output
type, and example applications.

Target Output Type Example Task

Node Categorical Node Classification

Node Continuous Node Regression

Edge Categorical Link Prediction, Edge Classification

Edge Continuous Edge Regression

Graph Categorical Graph Classification

Graph Continuous Graph Regression

Graph Structural Graph Property Prediction

Graph learning tasks have gained significant attention due

to their wide applicability across various fields such as so-

cial networks, biology, chemistry, and more. These tasks

can be generally classified based on the type of prediction

they make, whether at the node level, edge level, or graph

level, and the learning methods they use, including super-

vised, semi-supervised, and unsupervised learning. This

section examines the various types of graph learning tasks

and the paradigms employed to address them.

Types of Graph Learning Tasks

Graphs can be analyzed at different levels of granularity, leading to various learning task formu-

lations depending on the target of prediction. Broadly, these tasks are categorized into node-level,

edge-level, and graph-level learning. Node-level tasks focus on inferring properties of individual
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nodes, edge-level tasks involve understanding relationships between pairs of nodes, and graph-

level tasks capture global properties or behaviors of the entire graph. The following subsections

outline these categories in detail.

Node-Level Tasks.

• Node Classification: This task involves predicting the labels of individual nodes in a graph [67].

It is widely used in social network analysis [71], where nodes represent users and labels might

denote categories such as interests or demographics. For instance, in a citation network, nodes

represent papers, and node classification can help predict the research field of a paper based on

its content and citation patterns [72].

• Node Regression: This task predicts continuous values for nodes. For instance, in a social

network, node regression can be used to predict the influence score of users based on their

interactions [72].

Edge-Level Tasks.

• Link Prediction: This task aims to predict the establishment of edges between nodes in a graph.

It is beneficial in social networks, recommender systems, and biological networks. For example,

in a social network, link prediction can suggest potential new friends, while in a biological

network, it can predict interactions between proteins [72, 73, 74, 75].

• Edge Classification: This task involves classifying the type of relationships between nodes. It

can be used in various scenarios, such as predicting the type of interaction between proteins or

classifying the nature of a transaction between entities in a financial network [76, 77].

• Edge Regression: Similar to edge classification but involves predicting continuous values for

edges. An example could be predicting the strength of interaction between two proteins [72].

Graph-Level Tasks.
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• Graph Classification: This task involves assigning a label to an entire graph [78]. It is com-

monly used in chemistry and biology, where graphs represent molecular structures, and the task

is to predict properties such as toxicity or activity. For example, predicting whether a molecule

can act as a drug based on its graph representation [79, 80].

• Graph Regression: Similar to graph classification, but instead of predicting a categorical label,

the task involves predicting a continuous value. This is useful in applications such as predicting

the solubility of molecules or the strength of materials [72, 81, 82].

• Graph Property Prediction: This involves predicting properties that are intrinsic to the entire

graph, such as the average clustering coefficient, graph diameter, or growth trends [17]. This is

useful for understanding the overall structure and characteristics of the graph [83, 84].

Learning Paradigms and Task Settings in Graph Learning

Graph learning tasks can be categorized based on the prediction target, such as nodes, edges, or

entire graphs, and the learning paradigms employed, namely supervised, semi-supervised, or un-

supervised learning. Additionally, these tasks can be approached through inductive or transductive

learning frameworks, which affect how models generalize to new data.

In supervised learning, models are trained on labeled data to predict specific outcomes. A

key task in this paradigm is node classification, where the goal is to assign labels to nodes based

on their features and the graph structure. This task can be performed in a transductive setting,

where all nodes are known during training, or an inductive setting, where the model generalizes to

unseen nodes or entirely new graphs. Another important task is edge prediction, also known as link

prediction, which involves predicting the existence or attributes of edges between nodes. Graph

classification and regression focus on predicting labels or continuous values for entire graphs.

An example of this is molecular property prediction in cheminformatics, where models predict

chemical properties of molecules to aid in drug discovery and materials research [84].

Semi-supervised learning leverages both labeled and unlabeled data, making it particularly ef-
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fective in graph contexts due to the relational information inherent in graph structures. In node clas-

sification, for instance, the graph’s connectivity can be utilized to propagate label information from

labeled to unlabeled nodes, enhancing prediction accuracy even with limited labeled data [85].

This approach can significantly improve performance by capturing the underlying patterns in both

labeled and unlabeled data. Edge and graph-level tasks also benefit from semi-supervised learning

by incorporating unlabeled edges or graphs during training, which helps in refining the model’s

predictions and generalization capabilities.

In unsupervised graph learning, models aim to learn meaningful representations of the graph

structure and node features without relying on manual labels. One fundamental method in this

paradigm is graph representation learning, which focuses on learning low-dimensional embed-

dings for nodes, edges, or entire graphs that capture both structural and feature information. Tradi-

tional techniques like DeepWalk [86], node2vec [87], and Graph Autoencoders [88] generate these

embeddings by exploiting random walks or reconstructing adjacency information, effectively cap-

turing the essence of the graph’s topology.

Another approach is contrastive learning, which employs contrastive objectives to maximize

the agreement between different views or augmentations of the graph data. This method enables

the model to learn invariant and discriminative features that are robust to changes in the input data

[89]. Self-supervised learning creates surrogate tasks using the graph’s inherent properties, such as

predicting masked nodes or edges, context prediction, and clustering assignments [90]. By training

models end-to-end on these proxy tasks, meaningful representations that are useful for downstream

applications are learned without the need for manual labeling.

Graph clustering is another important task in unsupervised learning, where nodes or subgraphs

are grouped based on similarity in their learned representations. This helps in uncovering com-

munity structures and functional modules within the graph, providing insights into the underlying

organization of the data [91]. Anomaly detection involves identifying nodes, edges, or patterns

that deviate significantly from the norm by modeling the typical structure and feature distributions

within the graph. This is particularly important in applications such as fraud detection and network
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security, where unusual patterns may indicate malicious activity.

Regarding learning frameworks, transductive learning involves training and evaluating the

model on the same graph. The model learns embeddings specific to the nodes present during

training and cannot directly generalize to new nodes or graphs without retraining. In contrast, in-

ductive learning allows the model to learn transferable patterns from training graphs that can be

applied to unseen nodes or entirely new graphs, enabling generalization without the need for re-

training. This distinction is important for developing models that are robust and adaptable to new

data.

Understanding these paradigms and task settings is crucial for developing graph foundation

models that can capture universal patterns across diverse graph-structured data. By leveraging the

strengths of each learning paradigm and selecting the appropriate framework between inductive

and transductive approaches, researchers can develop powerful models that advance the field of

graph learning.

2.2.3 Evaluation Metrics

The evaluation of temporal graph models in this thesis follows two complementary perspectives.

The first examines the predictive performance of individual models on single temporal networks,

while the second evaluates cross-network generalization and relative ranking when models are

trained on multiple networks. Together, these evaluation schemes provide a consistent understand-

ing of model accuracy, robustness, and transferability across both classification and regression

tasks.

Single-Network Performance Metrics

In temporal graph learning, individual network performance is typically assessed using well-

established classification and regression metrics that measure how effectively a model captures

the evolving dynamics within a single temporal network. These measures are also widely used in

traditional machine learning models for classification and regression tasks.
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Area Under the ROC Curve (AUC). The AUC quantifies the ability of a classifier to distinguish

between positive and negative samples [92]. It is widely adopted for evaluating classification

models in both static and temporal settings. Formally,

AUC = Pr
(
ŷi > ŷj

∣∣∣ yi = 1, yj = 0
)
,

where ŷi denotes the predicted score and yi ∈ {0, 1} represents the ground truth label. A higher

AUC value indicates a stronger discriminative capability of the model.

Mean Absolute Error (MAE). For regression-based prediction tasks, the MAE measures the

average magnitude of prediction errors [92]:

MAE = 1
N

N∑
i=1
|ŷi − yi|,

where ŷi and yi denote the predicted and true values, respectively, and N is the total number of

samples. Lower MAE values indicate higher regression accuracy and better model fit.

Average AUC and Average MAE. To summarize model behavior across several datasets, results

are averaged over the set of temporal graphs D:

AvgAUC(m) = 1
|D|

∑
d∈D

AUC(m, d), AvgMAE(m) = 1
|D|

∑
d∈D

MAE(m, d).

These aggregate values provide a holistic view of how well a model performs across multiple

independent temporal graph datasets.

Multi-Network and Ranking-Based Metrics

When temporal graph models are pre-trained or jointly trained on multiple networks, performance

must be evaluated beyond individual predictive accuracy. In this context, ranking-based and com-

parative metrics are used to assess how consistently and effectively a model generalizes across
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diverse networks.

First-Place Count. The first-place count measures how often a model achieves the top perfor-

mance across all datasets. Let D denote the datasets and M the set of competing models. For

dataset d, define

m∗(d) = arg max
m∈M

Perf(m, d),

where Perf(m, d) is the task-specific performance metric (AUC for classification, MAE for regres-

sion). The first-place count of model m is then

First(m) =
∑
d∈D

1[m = m∗(d)].

This metric indicates how frequently a given method dominates others across datasets.

Average Rank. Each model is ranked by its performance per dataset, and the mean rank is com-

puted as

AvgRank(m) = 1
|D|

∑
d∈D

rank(m, d),

where smaller values correspond to more consistent high-ranking performance across multiple

networks.

Relative Gain Across Tasks. Relative gain measures the improvement achieved by a multi-

network model, such as Hydra, compared to the strongest baseline methods B. It quantifies gener-

alization strength across multiple unseen temporal networks.

For classification tasks (where higher is better):

Gaint = AUCHydra(t)−maxm∈B AUCm(t)
maxm∈B AUCm(t)

× 100%.
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For regression tasks (where lower is better):

Gaint = minm∈BMAEm(t)−MAEHydra(t)
minm∈BMAEm(t)

× 100%.

Finally, the average gain across a set of tasks T is computed as

GainT = 1
|T |

∑
t∈T

Gaint.

This measure provides a quantitative assessment of cross-network transferability and improvement,

capturing how well a temporal graph model benefits from large-scale multi-network training.

These evaluation metrics are used throughout this thesis to compare temporal graph learning mod-

els and traditional classification-based machine learning models under both single-network and

multi-network experimental settings.

2.2.4 Graph Neural Networks

Graph neural networks have emerged as powerful tools for addressing challenges associated with

graph-structured data. GNNs offer scalable solutions that traditional neural networks, designed

for grid-like data, could not. The pioneering work on GNNs introduced a method to view nodes

as feature vectors (embeddings), a feature aggregation method, and an update function [93]. The

development of GNNs revolutionized data analysis, expanding the applicability of neural networks

to complex, real-world graph data.

Geometric Priors for GNNs

Graph Neural Networks are guided by several geometric priors that allow them to capture the struc-

tural properties of graphs effectively. First, permutation invariance/equivariance ensures that the

node ordering in a graph does not affect the model’s output, treating all nodes symmetrically. This

is critical for respecting the arbitrary node orderings in graph data. Second, locality plays a cen-

tral role, as GNNs are built on the assumption that nodes are primarily influenced by their local
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neighbors, reflecting real-world structures such as social networks and molecular graphs. Another

important prior is homophily, which assumes that connected nodes tend to share similar features

or labels. This allows GNNs to aggregate information more effectively, leveraging the similarity

between neighboring nodes. Additionally, positional/structural encoding is employed to capture

the relative positions or roles of nodes within a graph, addressing the lack of a natural coordinate

system in graph data. Techniques like Laplacian eigenvectors or shortest-path distances can be

used for this purpose. Moreover, many graphs have multi-scale/hierarchical structures, where

information exists at different levels of granularity. GNNs that respect this prior can aggregate

information from local to global scales, capturing relationships across clusters or communities.

Substructure awareness or motif recognition is also important, as many graphs contain repeat-

ing patterns or subgraphs, such as triangles or cliques. GNNs that can detect and leverage these

motifs can capture higher-order relationships in the graph. Lastly, the continuity prior ensures

that the embeddings of nodes vary smoothly across the graph, promoting consistency within clus-

ters or communities. Regularization techniques are often used to enforce this smoothness, leading

to more coherent node embeddings. Together, these geometric priors enable GNNs to generalize

across different graph structures and tasks, making them a powerful tool for graph representation

learning.

As GNNs have developed, more use cases have emerged, proving them as powerful tools in

fields including social networks [72, 94], communication networks [72], traffic [95], and biol-

ogy [96]. Their profound ability to predict various graph learning tasks has led to further develop-

ment of GNNs. The advent of Temporal GNNs has expanded their capabilities, establishing GNNs

as essential tools for analyzing dynamic data [10].

Types of Graph Neural Networks

Graph Neural Networks can be categorized into two main types: spectral and spatial methods.

• Spectral-Based GNNs: Spectral-Based GNNs perform convolutions in the spectral domain by

utilizing the graph Laplacian matrix and Fourier transforms, making them well-suited for tasks
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such as graph classification. They leverage the spectral properties of graphs, often through eigen-

decomposition techniques, but face challenges with high computational complexity and scalabil-

ity, especially for large graphs. They predominantly apply to undirected graphs, reducing their

uses in real-world graph datasets that often include directed edges. Prominent spectral-based

GNNs include Spectral Convolutional Neural Networks and ChebNet [97, 98].

• Spatial-Based GNNs: Spatial-Based GNNs define convolutions based on nodes’ neighbor-

hoods, operating on graphs in the spatial domain using message-passing mechanisms. This ap-

proach makes them particularly adept at handling large-scale graphs. These networks iteratively

gather and update information from neighboring nodes, resulting in richer node representations

that effectively capture relational and structural information, proving particularly useful in so-

cial network analysis. Popular spatial-based GNN architectures include Graph Convolutional

Networks, GraphSAGE, and Graph Isomorphism Networks [97, 99].

• Message Passing GNNs (MPNNs): Message Passing Neural Networks (MPNNs) are a foun-

dational subset of spatial-based GNNs. They propagate node features through iterative infor-

mation exchanges between neighboring nodes, known as the message-passing mechanism (see

Figure 2.2). Each node updates its state throughout the message-passing process based on ag-

gregated features from its local neighborhood, leveraging aggregation functions such as sum

or average to capture the local graph structure [100, 101]. Through this iterative process, GNNs

can achieve lower computational complexities than spectral approaches and the ability to process

directed graphs [102].

Prominent Graph Neural Network Architectures

• Graph Convolutional Networks (GCN): GCNs are one of the pioneering architectures in graph

neural networks. Introduced by Kipf and Welling in 2017 [104], GCNs extend convolutional

neural networks to graph-structured data by aggregating node features through convolutional

layers, capturing both node attributes and the graph’s topology. Originally derived from spectral
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Figure 2.2: An illustration of the message-passing mechanism in Graph Neural Networks. In this
process, node A aggregates information from its neighboring nodes by receiving messages that
contain their features and structural information. These messages are combined using an aggre-
gation function (e.g., sum, mean, or max), allowing node A to update its representation based on
its local neighborhood. This mechanism enables node A to capture the influence of its immediate
surroundings, effectively learning a representation that reflects its own attributes and the context
of connected nodes. Source: Hamilton et al. [103].

graph convolutions, GCNs define convolution operations in the spectral domain using the eigen-

values and eigenvectors of the graph Laplacian. To make GCNs computationally efficient and

scalable to large graphs, the authors approximated the spectral convolution using a first-order

approximation. This simplification led to a convolution operation that aggregates information

from a node’s immediate neighbors. Despite their spectral origins, GCNs are often implemented

as spatial methods due to this local aggregation. GCNs are known to be computationally effi-

cient and scalable to large graph datasets but can suffer from over-smoothing and do not handle

multidimensional edge features well [104].

• Graph Attention Networks (GAT): The GAT architecture uses attention mechanisms to assign

importance values to nodes within a neighborhood, employing multi-head attention for more

complex data patterns. Although adaptable and highly efficient, GATs may struggle with noisy

data and require careful hyperparameter tuning [105].
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• Graph Isomorphism Network (GIN): GINs employ a sum-based aggregation function for node

and graph information, followed by a multi-layer perceptron (MLP) to capture structural infor-

mation. GINs effectively differentiate between graph structures, being at most as powerful as the

Weisfeiler-Lehman graph isomorphism test. [106] However, despite being a spatial-based GNN,

they suffer from high computational complexities and low scalability to large graphs [107].

2.2.5 Temporal Graph Learning

Temporal graph learning focuses on modeling and understanding graphs whose structures, nodes,

and edges change over time. Unlike static graph learning, which assumes a fixed network topol-

ogy, temporal graph learning captures both the spatial relationships among connected entities and

the temporal dynamics that describe how these connections appear, disappear, or evolve. This

approach enables the analysis and prediction of real-world systems such as social interactions, fi-

nancial transactions, biological processes, and communication networks, where relationships are

inherently time-dependent. Temporal graphs are generally categorized into two main types, Dis-

crete Time Dynamic Graphs (DTDGs) and Continuous Time Dynamic Graphs (CTDGs), which

differ in how they represent and process temporal information, as explained in the following sec-

tion.

Discrete Time Dynamic Graphs

Discrete time dynamic graphs represent temporal networks as a sequence of discrete graph snap-

shots observed at fixed time intervals. Formally, a DTDG is defined as

G = {G1, G2, . . . , GT},

where T denotes the total number of discrete time steps. Each snapshot Gt = (V, Et, Xt) represents

the state of the graph at time t, where V is the set of nodes (assumed fixed or slowly varying),

Et ⊆ V × V is the set of edges observed at time t, and Xt denotes the node and edge attributes at
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that time step. As time evolves, edges (and occasionally nodes) may appear or disappear, reflecting

changes in the underlying system [108, 109, 110, 111, 112].

This discrete formulation models temporal evolution as a sequence of transitions between con-

secutive snapshots. Each Gt captures the structural and attribute information for a given period,

and the transition from Gt to Gt+1 encodes the temporal dependency between successive states.

DTDGs are particularly effective in domains where data are naturally collected or aggregated at

regular intervals, such as social interaction graphs, financial transaction networks, transportation

systems, or sensor-based infrastructures. By treating time as a series of ordered steps, DTDGs

provide a structured and computationally efficient framework for capturing temporal regularities

while maintaining compatibility with conventional graph representation learning approaches.

Continuous Time Dynamic Graphs

Continuous time dynamic graphs extend the temporal graph framework to settings where inter-

actions occur asynchronously in continuous time. Instead of discrete snapshots, a CTDG models

graph evolution as a sequence of time-stamped events that update the network state. Formally, a

CTDG is defined as

G = (V, E, T ),

where V is the set of nodes, E ⊆ V × V is the set of possible edges, and T denotes the set of

observed temporal events. Each event is represented as a tuple (u, v, t, xuv, xu, xv), where u, v ∈ V

are interacting nodes, t ∈ R+ is the timestamp of the interaction, xuv represents the event or edge

features, and xu, xv denote the features of nodes u and v, respectively [113, 114, 115, 116, 117,

118].

In this continuous formulation, the graph evolves through event-driven updates, where new in-

teractions modify the topology or attributes of the network. This representation allows the model-

ing of fine-grained temporal dynamics and irregular interaction patterns that cannot be captured by

fixed time intervals. CTDGs are well suited to systems where relationships emerge asynchronously,

such as communication networks, online social platforms, streaming financial markets, and bio-
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logical interaction systems. By maintaining temporal continuity, CTDGs enable precise reasoning

about the timing, duration, and frequency of events, offering a high-resolution perspective on the

evolution of dynamic graphs.

2.2.6 Temporal Graph Neural Network

Temporal Graph Neural Networks (TGNNs) extend traditional graph neural networks to model

systems in which the graph structure, node attributes, or edge features evolve over time. Unlike

static GNNs that process a fixed topology, TGNNs incorporate temporal dependencies into their

message-passing mechanisms, allowing them to capture both spatial and temporal dynamics within

a unified framework [114, 116, 110, 108, 119]. This temporal modeling ability makes TGNNs suit-

able for a wide variety of tasks, including link prediction, node classification, dynamic representa-

tion learning, and event forecasting in evolving networks. Early TGNN architectures were inspired

by the success of recurrent and convolutional neural models. Recurrent-based approaches integrate

time through recurrent units such as GRUs or LSTMs, enabling temporal memory while preserving

structural context at each timestamp [111, 112]. Examples include Temporal Graph Convolutional

Networks (T-GCNs) [120] and EvolveGCN [110], which update node embeddings over time by

learning temporal transitions of graph convolutional parameters. Convolutional variants extend

spatial convolutions with temporal filters to jointly model local dependencies in both space and

time. Attention-based TGNNs further improve expressiveness by dynamically weighting histori-

cal interactions. Models such as Temporal Graph Attention Networks and HTGNs [119] leverage

attention mechanisms to focus on relevant temporal neighbors, enabling the network to adaptively

capture long-range dependencies in both topology and sequence. Continuous-time approaches

incorporate temporal point processes or time-aware message passing to handle asynchronous in-

teractions [113, 114, 115, 117, 118], while discrete-time methods rely on ordered graph snapshots

to model sequential transitions [108, 109]. TGNNs have been successfully applied across diverse

domains where relational structures evolve in time. In finance, they are used for live fraud de-

tection and temporal anomaly monitoring [121]; in transportation, they enable real-time traffic
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forecasting and flow optimization [120]; and in recommender systems, they support adaptive user-

item interaction modeling [122]. Beyond applications, theoretical analyses have also examined

the expressive power of TGNNs. Several studies extend the classical Weisfeiler–Lehman frame-

work [107, 123, 124] to temporal settings [109, 116], revealing relationships between temporal

message passing and graph isomorphism tests. These analyses highlight both the strengths and

limitations of TGNNs in capturing dynamic structures and emphasize the need for architectures

capable of reasoning over evolving temporal and structural patterns. TGNNs represent a critical

step toward modeling real-world dynamic networks by unifying temporal reasoning and graph rep-

resentation learning. Through recurrent, convolutional, and attention-based mechanisms, they pro-

vide the foundational machinery for understanding temporal dependencies in complex relational

data.

Prominent Temporal Graph Neural Network Models

TGCN [125] is a combination of GCN and GRU. In particular, GCN is used to learn complex

topological structures, while GRU is used to model embedding dynamically to capture temporal

dependence.

HTGN [126] leverages the power of hyperbolic geometry, which is well-suited for capturing

hierarchical structures and complex relationships in temporal networks. HTGN maps the temporal

graph into hyperbolic space and utilizes hyperbolic graph neural networks and hyperbolic gated

recurrent neural networks to model the evolving dynamics. It incorporates two key modules that are

hyperbolic temporal contextual self-attention (HTA) and hyperbolic temporal consistency (HTC)-

to ensure that temporal dependencies are effectively captured and that the model is both stable and

generalizable across various tasks.

GraphPulse [17] addresses the challenge of learning from nodes and edges with different

timestamps, which many existing models struggle with. It combines two key techniques: the

Mapper method from topological data analysis to extract clustering information from graph nodes

and Recurrent Neural Networks (RNNs) for temporal reasoning. This principled approach helps
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capture both the structure and dynamics of evolving graphs.

GCLSTM [127] combines a graph convolutional network and Long Short-Term Memory

(LSTM) units to handle both the structural and temporal aspects of evolving networks. The GCN

is used to capture the local structural properties of the network at each snapshot, while the LSTM

learns the temporal evolution of these snapshots over time.

EvolveGCN [128] is designed to capture the temporal dynamics of graph-structured data. In-

stead of relying on static node embeddings, EvolveGCN evolves the parameters of a graph convo-

lutional network over time. By using a recurrent neural network to adapt the GCN parameters, this

model is capable of dynamically adjusting during both training and testing, allowing it to handle

evolving graphs, even when node sets vary significantly across different time steps.

ROLAND [108] is a dynamic graph learning framework that models node representations as

hierarchical states, updated recurrently to capture temporal dependencies in evolving graphs. It

supports scalable training using techniques like truncated backpropagation through time and meta-

learning. In our DTDG setting, we use ROLAND to benchmark its performance and adaptability

across diverse temporal networks.

WinGNN [129] uses a simple GNN to model topological information from the graph as other

models existing in the literature. However, to model temporal dependencies, WinGNN proposes

a novel mechanism of random gradient aggregation and meta learning strategy. In particular,

WinGNN computes the frame-wise loss of the current snapshot and passes the loss gradient to

the next to model graph dynamics without using RNN-based modules. Then it introduces the ran-

domized sliding-window to acquire the windowaware gradienton consecutive snapshots, and the

calculated two types of gradient are aggregated to update the GNN modules.

2.3 Graph Foundation Models

Graph Foundation Models (GFMs) represent an emerging direction that applies the foundation

model paradigm to graph-structured data [130]. GFMs aim to pre-train on extensive graph datasets
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and adapt to various graph-related tasks. Similar to foundation models in NLP and CV, Graph

Foundation Models are characterized by a unified architecture, transferable representations, pre-

training and adaptation, homogenization, and emergent abilities. Like other foundation models,

GFMs are expected to exhibit emergence and homogenization capabilities [130].

Definition. A graph foundation model is a unified neural network architecture designed to

learn and process graph-structured data in a generalizable and transferable manner to any new,

previously unseen graph [131].

Challenges: Graph Foundation Models face several unique challenges that are not as prominent

in foundation models for natural language processing or computer vision. One of the key chal-

lenges is the non-Euclidean nature of graph data, which lacks the regular structure of text or

images, making it difficult to apply traditional deep learning techniques. Additionally, GFMs must

deal with the variety of graph types, such as homogeneous, heterogeneous, dynamic, and hyper-

graphs, requiring the model to generalize across diverse structures. Unlike NLP and CV, graphs do

not come with a natural positional encoding, forcing GFMs to generate or infer positional infor-

mation using techniques like shortest-path distances. Moreover, many graphs exhibit multi-scale

and hierarchical structures, necessitating models that can capture both local and global patterns

simultaneously. GFMs must also account for higher-order relationships and motifs, which are

prevalent in graphs but less so in NLP or CV, requiring the model to capture complex substruc-

tures like triangles or cliques. Another challenge is heterophily, where connected nodes may be

dissimilar, making aggregation of neighboring information more difficult. Additionally, the size

variability of graphs, ranging from small molecular graphs to massive social networks, demands

models that can scale efficiently. Unlike NLP and CV, there are fewer standardized benchmarks

and evaluation metrics for graphs, complicating the assessment of model performance.

Emergence

Emergence refers to the spontaneous appearance of novel capabilities in a model as its scale in-

creases, either in terms of the number of parameters or the amount of training data. These capa-
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bilities are not explicitly programmed into the model but rather arise from the complexity of the

system. In the context of artificial intelligence models, such as large language models or graph

foundation models, emergence occurs when certain behaviors or properties become evident only

after the model surpasses a critical scale.

Formally, emergence can be characterized by the following conditions:

• Model Size: Emergent behavior becomes apparent when the model contains a large number of

parameters, allowing for deeper layers of abstraction.

• Training Data: The model must be trained on an extensive and diverse dataset to capture the

complexity required for emergent properties.

• Scale Effects: Emergence typically manifests when the model’s parameters or training data

surpass a threshold, leading to qualitatively different behaviors. For instance, zero-shot learning,

where a model performs tasks without explicit training, is an example of emergent behavior.

In the context of GFMs, examples of emergent abilities might include graph reasoning or zero-

shot graph generation, which only become feasible when the model is sufficiently large and com-

plex [131, 132]. These capabilities highlight the model’s ability to generalize and adapt across

various downstream tasks, exhibiting properties that were not explicitly engineered.

2.3.1 Model Families in Graph Foundation Learning

There are three main approaches to implementing GFMs. GNN-based models use graph neu-

ral networks as the backbone architecture (see section 2.2.4), leveraging their ability to process

graph-structured data [130, 133, 88]. They typically employ contrastive or generative pre-training

strategies. On the other hand, LLM-based models transform graph data into a format suitable for

large language models, either through tokenization or natural language descriptions [134, 135].

It leverages the powerful text-processing capabilities of LLMs. Lastly, Hybrid-based models

combine graph neural networks and language models to leverage the strengths of both architec-
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tures [136, 137]. They aim to capture both structural information from graphs and semantic infor-

mation from associated text. GFMs hold significant promise for enhancing the expressive power,

transferability, and applicability of graph models to more complex data and tasks [130]. However,

significant research challenges remain in designing effective architectures, pre-training strategies,

and adaptation methods for graph foundation models. GFMs hold significant promise for en-

hancing the expressive power, transferability, and applicability of graph models to more complex

data and tasks [130]. By moving beyond single-network supervised training toward large-scale

pretraining and cross-domain adaptation, these model families attempt to bring the paradigm of

foundation models to graph learning. However, significant research challenges remain in the pre-

training strategies, and adaptation methods for graph foundation models.

Pre-Training Phase

Pre-training GNNs is an essential phase in building models capable of excelling across diverse

graph-based tasks. The fundamental concept of pre-training is to leverage unlabeled data to de-

velop a model that learns comprehensive representations of graph structures and relationships.

This involves training the GNN to discern and encode the underlying patterns and semantics of

the graph data, leading to the creation of embeddings that effectively capture key properties of

nodes and graphs. By establishing a solid foundation through pre-training, these models can be

fine-tuned for specific tasks or applied to new, unseen graphs with improved performance. This

approach minimizes the need for extensive retraining and allows for more efficient adaptation to

various tasks and datasets. In general, there are two main approaches for pre-training graph-based

models to enable their adaptation for various tasks: supervised learning and self-supervised learn-

ing.

Supervised pre-traning In the supervised method of pre-training foundation models, a large

amount of graph data, along with associated labels, is used to train a model on specific tasks such

as graph-level, link-level, or node-level tasks. This approach helps the model learn to perform

inferences on new, unseen network structures within the same task domain. One key benefit of
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this method is its potential for task transferability, which allows the trained model to be adapted

for similar tasks or new tasks that are closely related to the original ones. This adaptability can

significantly streamline the fine-tuning process. However, effective task transfer requires careful

alignment of the task formulations. For example, Jin et al. [138] showed that using link prediction

directly as a pretext task could result in negative transfer when applied to node classification.

On the other hand, positive transfer was achieved by reconfiguring node classification as a link

prediction problem, where the class membership of a node is interpreted as the probability of a

link between the node and label nodes. Also, further advancement has been made by proposing a

sub-graph view that reformulates node classification into an ego graph classification format, thus

improving transferability across tasks. [139, 140]

Self-supervised pre-traning Self-supervised learning offers powerful methods for pre-training

Graph Neural Networks without relying on labeled data. Among these methods, contrastive pre-

training and generative pre-training stand out for their ability to extract meaningful graph repre-

sentations.

Contrastive Pre-Training focuses on learning invariant features by maximizing mutual in-

formation between different views of the same graph. This approach encourages the model to

distinguish between varied representations of a graph while ensuring that the underlying seman-

tic information remains consistent across these variations. By training the model to recognize

and preserve essential features despite different perspectives, contrastive learning helps the GNN

generalize effectively to new, unseen tasks. This invariance is crucial for transferring the learned

knowledge to diverse applications without the need for task-specific labels [89, 141].

Generative Pre-Training, on the other hand, involves teaching the GNN to understand and

reconstruct the overall structure and attributes of graphs. This approach includes methods like

graph reconstruction, where the model learns to rebuild graphs from encoded data. By doing so, it

captures both the structural and attribute-based semantics of the graphs, creating a robust founda-

tion for various downstream tasks. Generative pre-training supports task versatility by equipping

the model with comprehensive graph representations that can be fine-tuned for specific applica-
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tions [88]. These self-supervised methods enhance the adaptability of GNNs, making them well-

suited for a range of tasks by providing a strong, generalized understanding of graph data.

Adaptation Strategies

Once a GFM is pre-trained, adapting it to new tasks or data involves several strategies that leverage

its learned representations. These adaptation methods ensure that the model can efficiently handle

diverse and evolving graph-related tasks. Key strategies for adapting foundation models include

fine-tuning, zero-shot learning, few-shot learning, and prompt-based methods.

Task-specific fine-tuning is a widely used adaptation strategy where a pre-trained GFM is fur-

ther trained on a task-specific dataset. This process involves adjusting the model’s parameters to

optimize performance for the new task while retaining the knowledge gained during pre-training.

Fine-tuning allows the model to specialize in the nuances of the new task, leveraging the founda-

tional knowledge acquired previously. This approach is highly effective when there is sufficient

labeled data available for the target task. It is particularly useful for tasks that are closely related

to the original tasks the model was trained on [131].

Domain-Specific fine-Tuning is another strategy where the pre-trained model is further refined

using domain-specific data. This involves tailoring the model to specific applications or industries,

such as social networks, biological data, or financial systems. By incorporating domain-specific

knowledge into the fine-tuning process, the model can better understand and respond to the unique

characteristics of the target domain, improving performance on specialized tasks [131]

Zero-shot learning enables the model to perform tasks without any additional training on

task-specific data. This approach relies on the model’s ability to generalize from its pre-trained

knowledge to new, unseen tasks. In zero-shot settings, the model applies its learned representa-

tions to make predictions or infer patterns in new contexts based on descriptions or semantic cues

provided during inference. This method is valuable when labeled data for the new task is scarce or

unavailable, allowing the model to leverage its broad understanding of graph structures to address

novel problems [142].
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Few-shot learning involves adapting the pre-trained model with only a small number of la-

beled examples from the new task. The model leverages its pre-existing knowledge to make ac-

curate predictions despite limited data. Few-shot learning methods often use techniques such as

meta-learning or transfer learning, where the model quickly adapts to new tasks by fine-tuning on

a few examples. This strategy is effective when acquiring labeled data is costly or impractical,

providing a way to efficiently adapt the model with minimal additional training [143].

Prompt-based methods involve using textual or structured prompts to guide the model’s be-

havior for specific tasks. In the context of graph models, prompts can be formulated as queries

or instructions that direct the model to perform certain operations or provide specific types of in-

sights. This approach capitalizes on the model’s pre-trained knowledge to interpret and respond

to prompts in a task-relevant manner. Prompt-based methods are particularly useful for quickly

adapting the model to new tasks by leveraging natural language or structured prompts to specify

desired outcomes [144].

These adaptation strategies enhance the versatility of foundation models, allowing them to

effectively address a wide range of graph-related tasks and applications.

Effectiveness of the GNN Backbone

GNN-based graph foundation models have demonstrated effectiveness across a wide range of

graph-learning tasks due to their inherent ability to efficiently process graph-structured data. This

efficiency stems from GNNs’ capacity to capture complex relationships between nodes with rel-

atively low computational costs, making them strong candidates for developing graph foundation

models.

Despite their promise, the GNN backbone faces limitations, particularly in processing textual

data. In Text-Attributed Graphs (TAGs), natural language attributes provide critical context for

understanding a graph’s structure and functionality. GNNs typically struggle with integrating this

crucial information, leading to a loss of valuable context in graph understanding tasks. Moreover,

GNN-based models are often trained in narrow domains, limiting their ability to generalize across

43



different typse of graphs, reducing their performance in graphs that require a broader contextual

understanding. To address these shortcomings, LLM-based models can improve performance in

many graph-learning tasks by enabling models to handle textual attributes and improving general-

ization across domains.

LLM Models

Large language models have gained much traction due to their natural language processing prowess.

Researchers have explored leveraging LLMs for graph data by expressing graph-structured data

through natural language descriptions. This approach promotes flexibility, scalability, and com-

patibility in various graph-learning tasks. [145] However, LLMs pose unique challenges in repre-

senting graph information and modifying existing LLMs for accurate predictions. Additionally,

LLMs’ input length limitation can result in loss of graph information. Although it has little analy-

sis on graph-learning tasks, the NLGraph benchmark [146] provides a comprehensive analysis of

LLMs in graph-reasoning tasks such as shortest path and maximum flow. Recent models such as

GPT4Graph [147], InstructGLM [145] and GIMLET [148] have proven the potential that LLMs

have in various graph-learning tasks.

Preparing Graph Data

Given that LLMs are not designed to process graph-structured data, it poses a unique challenge of

how to provide graph-structured information to the model. Two main approaches address this:

• Graph-to-token: Graph-to-token converts graph information into tokens to fit the traditional

transformer model input format. This approach was first proposed in GIMLET [148] with gen-

eralized position embeddings for molecule prediction tasks. InstructGLM [145] creates a unique

token for each node, setting the feature vector as the embedding. These approaches typically

use the LLM’s pre-trained word token embeddings to handle connectivity. Although structural

information is preserved, conveying underlying graph structures remains a challenge.

44



• Graph-to-text: Graph-to-text describes graphs using exclusively natural language. Graph-

Text [149] proposes the "graph-syntax tree" as a method to describe graph attributes and structure

using natural language. Other approaches have utilized edge lists to describe graph structures,

such as in LLMtoGraph. [135] TextForGraph [150] designed full text and reduced text prompts

to describe graph information while reducing prompt length effectively. Despite their promise,

graph-to-text methods are not wholly effective and struggle to capture underlying graph struc-

tures.

Figure 2.3: Diagram illustrating the pipeline to prepare graph-structured data for LLM processing.
Graph-to-token transforms data to unique node tokens (seen as blue tokens) with text tokens (seen
as green tokens) used to represent connectivity. Graph-to-text transforms graph data to only natural
language using text tokens only (seen as green tokens).

Pre-Training Phase

To improve LLMs’ capabilities in graph-learning tasks, they are pre-trained on vast amounts of

data using either Language Modeling or Masked Language Modeling.

• Language Modeling (LM): This common self-supervised task in natural language processing

is widely employed by many state-of-the-art LLMs, such as GPT-3. LM typically refers to auto-

regressive LM or unidirectional LM, which involves estimating probability distributions of the

next word. A drawback of unidirectional language modeling is that the contextual information

of each token is based solely on the preceding tokens and the token itself. Many models, such as

LLMtoGraph [135], TextForGraph [150], and GraphText. [149]
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• Masked Language Modeling (MLM): MLM was designed to address limitations in unidirec-

tional language modeling. After randomly masking tokens in a given input, the model predicts

the masked tokens by analyzing contextual information in surrounding text. Subtypes of MLM

include Sequence-to-Sequence MLM (Seq2Seq MLM), which uses masked sequences as input

for a neural encoder, and Enhanced MLM (E-MLM), which integrates external knowledge into

MLM or extends the mask prediction task to language modeling tasks. [131]

Adaptation Strategies

To increase LLMs’ ability to understand graph data, graph-to-token and graph-to-text methods are

accompanied by adaptation techniques to improve prompts.

• Manual Prompting: To form a comprehensive prompt, manual prompting methods utilize

graph representations to prompt a LLM for desired outputs. The Graph Description Language

(GDL) syntax provides a way to define graph structures and perform queries and operations on

graphs. [147] This approach, among others such as change-of-thoughts prompting [151] promote

more rich representations of graph information.

• Automatic Prompting: For graphs with complex structures and relationships, automatic prompt-

ing generates more context or eliminates irrelevant information from the input. GPT4Graph

employs prompts generated by the LLM through graph summarization, exploration, and com-

pletion. [147] This approach enhances efficiency by providing more detailed and relevant infor-

mation to the LLM for graph-learning tasks.

Effectiveness of the LLM Backbone

Employing LLMs as independent predictors has shown they can perform graph-learning tasks.

However, they still require further development to match the predictive power of GNN models.

Despite demonstrating strong preliminary effectiveness, data loss and inaccurate predictions still

need to be addressed. [152] Over time, as more experiments are conducted, new approaches to uti-
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lizing LLMs as backbone architectures for graph-learning tasks are likely to become more efficient,

effective, and accurate.

Hybrid Models

GNN-based models excel at processing graph-structured data but often struggle with text-attributed

graphs and cannot effectively interpret natural language instructions. Meanwhile, LLM-based

models show promise in graph-reasoning tasks using natural language but have difficulties with

higher-level reasoning and mathematical computations. Therefore, to address limitations from

both approaches, researchers have been prompted to integrate GNNs and LLMs, aiming to create

more accurate and robust models.

Integrating GNN and LLM

To successfully combine the strengths of GNNs and LLMs, a framework is needed to determine

how information moves and how each part is utilized.

• GNN-centric Methods: GNN-centric models allow the GNN to be the forefront, using LLMs to

process textual information. Some models such as GraD [153] utilize LLMs that provide usable

node embeddings, creating a GNN model that utilizes node embeddings from the LLM as input.

Other GNN-centric approaches [154, 140] utilize LLMs to augment, enhance, or describe graph

data, enriching the inputs for the GNN and allowing it to leverage TAGs effectively.

• LLM-centric Methods: LLM-centric models primarily depend on an LLM to process infor-

mation and use a GNN to enhance their performance. This poses some limitations in that they

struggle to process mathematical computations and advanced graph reasoning tasks. Models

take different approaches as to how they use a GNN to support their LLM, but most [155, 156]

use the GNN to provide context for underlying graph structure.

• Symmetric Methods: These models treat GNNs and LLMs equally important, unifying them

to create a model that learns from graph structures and textual information. For example,
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Text2Mol [157] uses an LLM to process molecule descriptions, while a GNN learns the molec-

ular structure. Similarly, CLAMP [158] uses Graph-Text Contrastive Learning (GTCL) to align

embeddings in a shared latent space. These approaches create a model with a richer understand-

ing of both graph and text data.

Figure 2.4: Diagrams illustrating the general flow of GNN-centric, LLM-centric, and Symmetric
hybrid methods

.

Pre-Training Phase

To effectively handle both graph and text-based information, the model must be pre-trained on large

datasets that include both graph and text data. Pre-training strategies are generally categorized into

GNN or LLM-based and alignment-based methods.

• GNN or LLM-based: In this approach, the GNN and LLM components are trained separately

before being integrated. GNNs are typically pre-trained on graph-learning tasks to learn graph

structures. For example, GALM [159] performs graph reconstruction to learn graph information.

Meanwhile, LLMs use techniques such as masked language modeling, as seen in models like

GraD [153] and GraphFormers [160], to learn textual information. Other models may use lan-

guage modeling, as in GLEM [161] and ReLM [155] or Text-Text Contrastive Learning (TTCL),

such as SimTeG [162].

• Alignment-based: Symmetric pre-training methods balance the role of GNNs and LLMs to

provide an equal representation of data. Some models, like Text2Mol[157] and CLAMP[158],
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employ Graph-Text Contrastive Learning (GTCL) to align graph and text embeddings in a

shared latent space, facilitating richer comprehension of both data types. Other models such

as GIANT[163] and TextGT[164] generate multimodal embeddings that unify the embedding

spaces, capturing relationships and information from graph and text data.

Adaptation Strategies

To optimize GNN+LLM-based models for graph-learning tasks, different adaptation strategies can

be employed:

• Fine-tuning: There are various approaches to fine-tuning; each aims to adjust the model to be

as efficient and accurate as possible. Vanilla fine-tuning methods adjust many parameters at

a time, a computationally intensive process for many models [165, 166, 167]. More efficient

approaches such as Text2Mol [157] and CLIP [168], choose to align the embedding space of

GNNs and LLMs, while others, like PATTON [169] and GraphTranslator [170], utilize TAGs

with classification tasks or generate text captions.

• Prompt-tuning: Prompt-tuning leverages pre-trained LLMs for graph-learning tasks by fine-

tuning the set of parameters associated with the LLM’s prompts. This highly efficient approach

is employed by many works, as seen in models like GraphPrompt [140] and GraphGPT [154].

Another approach sometimes employed is Tuning-Free Prompting, also known as zero-shot or

few-shot prompting. Instead of fine-tuning the model’s parameters, prompts are modified to

receive accurate outputs from the model. It requires no additional computational resources and

relies on the quality of prompts used, making it a good choice for some, but not all, models, as

demonstrated in Text2Mol [157] and SimTeG [162].

Effectiveness of GNN+LLM

By combining GNNs and LLMs, models can achieve more robust performance. Models using

GNNs and LLMs leverage the ability of GNNs to learn graph structures and LLMs’ ability for
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graph reasoning. This approach allows developers to overcome previous shortcomings in the sep-

arate models but can have challenges.

One of the primary challenges lies in aligning the representational spaces of GNNs and LLMs.

These two types of models are designed to process fundamentally different types of data - GNNs

excel at handling structured graph data, while LLMs are optimized for processing sequential text

data. Bridging this gap requires developing sophisticated techniques to ensure that the graph struc-

ture and node features are accurately represented in a format that LLMs can effectively process.

Another significant challenge is maintaining the structural integrity of graph data when con-

verting it into a format suitable for LLMs. Graph data inherently contains complex relationships

and topological information that may not be easily captured in a linear text format. There’s a risk of

losing critical structural information during this conversion process, which could negatively impact

the model’s performance on graph-specific tasks.

The computational complexity of combining these two powerful model types is also a con-

siderable challenge. Both GNNs and LLMs can be computationally intensive on their own, and

integrating them may lead to models that are prohibitively expensive to train and deploy, especially

for large-scale graphs or in resource-constrained environments.

Furthermore, there’s the challenge of balancing the contributions of the GNN and LLM com-

ponents. It’s crucial to design architectures and training procedures that allow both components

to contribute meaningfully to the final output, rather than having one dominate the other. This

balance is essential for leveraging the strengths of both model types - the GNN’s ability to capture

graph structure and the LLM’s proficiency in processing textual information and leveraging world

knowledge.

There’s also the issue of interpretability. While GNNs offer some level of interpretability

through their message-passing mechanisms, LLMs are often considered "black boxes" due to their

complexity. Combining these models may further complicate the interpretation of results, making

it challenging to understand how the model arrives at its predictions or decisions.

Lastly, the challenge of data efficiency and transfer learning needs to be addressed. While
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LLMs are typically pre-trained on vast amounts of textual data, obtaining large-scale, high-quality

graph data for pre-training can be more challenging. Developing effective strategies for transfer

learning and few-shot learning in this combined setting is crucial for the practical application of

GNN+LLM models.

In conclusion, while the combination of GNNs and LLMs holds great promise for advancing

graph foundation models, it also presents significant technical and conceptual challenges. Address-

ing these challenges will require innovative approaches in model architecture, training techniques,

and data representation.

2.3.2 Levels of Generalization in Graph Foundation Models

Now that we’ve discussed various implementations for graph foundation models, this chapter fo-

cuses on graph-based models that can be generalized and used as GFMs. One of the key challenges

in this area is the diversity of graph structures, as graphs can vary widely in their connectivity, fea-

ture structure, and scale. Standard graph neural networks fall short of being truly "foundational"

because they typically perform well only on graphs with the same type and dimension of features.

Meanwhile, graph heuristics like Label Propagation [171] or Personalized PageRank [172], which

can operate on any graph, do not qualify as Graph FMs since they lack a learning component.

As much as LLMs have advanced, the idea of parsing graphs into sequences for LLM pro-

cessing, as seen in approaches like GraphText [173] or Talk Like A Graph [174], still raises con-

cerns about whether this method effectively retains graph symmetries and can scale beyond small

datasets. We leave the exploration of LLMs in graph contexts for a separate discussion.

The most critical aspect of designing Graph FMs is the creation of transferable graph represen-

tations. In the case of LLMs, any text in any language can be reduced to tokens from a fixed-size

vocabulary [175]. Similarly, Video-Language FMs rely on patches that can be consistently ex-

tracted from images (since every image or video has RGB channels). However, finding a universal

featurization scheme for graphs is less straightforward, given the diverse nature of graphs. For

instance:
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A large graph with node features and some node labels is typical in node classification tasks.

A large graph without node features or classes, but with meaningful edge types, as seen in link

prediction and knowledge graph reasoning. Many small graphs, with or without node or edge fea-

tures, and with graph-level labels, as in graph classification and regression tasks. These examples

illustrate the complexity of developing a foundational approach that can be generalized across such

varied graph structures and tasks.

As shown in 2.5, an ideal graph foundation model would be capable of handling any graph,

regardless of its node, edge, or graph features, and performing any task at the node, edge, or graph

level.

Figure 2.5: In an ideal graph foundation model, the model is pre-trained on a specific task and can
then be applied to different datasets across various domains for inference, making it adaptable to a
wide range of downstream tasks. We call these models as general foundation models.

Given the vast array of domains and downstream tasks, developing a model that functions as

an ideal GFM is extremely challenging. Such a model would need to effectively operate across

various domains and be adaptable to all new tasks. Despite this, domain-specific and single-task

models remain highly valuable as they can generalize to unseen networks within their specific

domains.

Three types of graph models show potential for generalizing to unseen data. The first type is

domain-specific models focused on specific tasks. These models can be applied to new, unseen

graphs within the same domain without additional training, as long as the target task remains

consistent with the training setting. We refer to these as domain-specific, task-targeted models.

The second type consists of models trained on graphs from various domains but designed to
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perform a single foundational task. These models have been trained on diverse domain datasets

but are specialized in one graph downstream task. They can be adapted to unseen datasets for that

particular task.

The third and most ambitious category is models that are both domain- and task-independent.

Although models with strong performance across multiple tasks can be highly beneficial, it’s im-

portant to recognize that all types of such models are still in their early stages of development.

While a general model that can be applied to all downstream tasks is certainly valuable, general-

ized models within each segment are extremely important as well. These models can generalize to

unseen data, paving the way for more complex, universal models in the future.

Moreover, within each category, generalizable models significantly reduce the need for exten-

sive training. Since domain-specific models are typically optimized for particular tasks, they often

deliver superior performance. These models are particularly useful in scenarios where precision

and performance are critical, and the outcomes must be reliable.

Currently, all three categories are actively being explored by the research community, but they

remain in their early stages. In this section, we will review the existing graph foundation models

and those that can be considered as such within each segment. 2.6 shows the roadmap of the GFM

evaluation.

Specific GFMs

These models are built for specific purposes within a particular domain, where the aim is to answer

a well-defined question using similar types of input graphs. The model is trained to perform

exceptionally well on that specific task, and it’s typically used for the same task during testing.

These models aren’t meant to be applied to other tasks or domains. They’re particularly useful

when the task is critical and demands high accuracy and performance. Such models are used in

fields like knowledge graphs, geometry, finance, and medicine. Once trained on a large amount of

domain-specific data, they can be applied to new, unseen networks within the same domain, which

helps reduce the need for additional training. The following section highlights some models in this
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category developed within the graph foundation model literature.

Reasoning in Knowledge Graph

Knowledge graphs (KGs) organize interconnected information across diverse entities and relation-

ships. The specific meanings of these relationships often differ between KGs, making it difficult

for traditional reasoning models to adapt to new or unseen KGs with different entities and relations.

ULTRA [176] is a pioneering foundation model for KG reasoning, capable of performing zero-

shot inference on any multi-relational graph, regardless of size or vocabulary. ULTRA works by

first taking a query, such as asking about the genre of a specific artist and then constructing a

smaller graph that focuses on the relationships relevant to that query. This smaller graph captures

the interactions between different relations in the original, larger knowledge graph. The model then

uses the information from this focused graph to enhance the relational features in the larger graph,

which helps it to accurately answer the query. ULTRA has shown superior performance across 57

different graphs, surpassing models fine-tuned for individual KGs. The model has also evolved

into UltraQuery [177], which handles complex logical queries like conjunctions, disjunctions, and

negations on unseen graphs, further showcasing its adaptability. ULTRA’s key innovation lies in its
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ability to model relational interactions that transcend specific relation identities. This allows it to

generalize and apply its learned representations effectively across various domains, from general

encyclopedic knowledge to specialized biomedical applications.

Neural algorithmic reasoning

Neural Algorithmic Reasoning (NAR) [178] aims to replicate the behavior of standard algorithms—such

as sorting, searching, or dynamic programming—within a neural network’s latent space. The cen-

tral idea is to represent these algorithms as processes that can be generalized to inputs of varying

sizes and complexities. In this context, the input to NAR is typically a graph G, where nodes

and edges carry features that represent the elements and relationships involved in the algorithm.

For example, nodes might represent elements in a list to be sorted, or vertices in a shortest path

problem, while edges could represent connections or relationships between these elements.

The output of NAR corresponds to the correct solution for the algorithmic task, such as a

sorted list, the shortest path between nodes, or the convex hull of a set of points. The NAR model

processes this graph-based input through a graph neural network, which serves as a "processor."

Inside the GNN, the network updates the latent representations of the nodes and edges iteratively,

simulating the steps of the algorithm. The GNN leverages message passing, where information is

exchanged between connected nodes, to mimic the control flow of the original algorithm.

The key to NAR’s transferability lies in the homogeneous feature space and the shared control

flow among similar algorithms. The Triplet-GMPNN [179] is a universal processor neural net

that exemplifies this approach. the model processes triples of nodes and their features, akin to

mechanisms like Edge Transformers. The GNN learns to generalize across similar algorithms by

recognizing patterns in how algorithms share structural similarities, despite minor differences in

execution steps. The network’s ability to handle multiple tasks in a shared latent space allows it

to improve performance across a range of algorithmic challenges, outperforming specialist models

trained on individual tasks.
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Geometric and scientific deep learning

Graph foundation models are gaining prominence in Geometric Deep Learning and various sci-

entific disciplines because they effectively address complex problems. These models excel when

there is a common framework, such as the names of atoms in small molecules or the types of amino

acids in proteins. This shared terminology simplifies the organization and representation of rela-

tionships in the data. Despite their effectiveness, these models face challenges due to the intricate

nature of the entities they study. Atoms and molecules have detailed three-dimensional structures

and physical properties like energy, which are governed by principles from chemistry, physics, and

quantum mechanics. In graph terms, atoms are represented as nodes, and their interactions, such

as chemical bonds, are shown as edges. This creates a comprehensive framework for understand-

ing interactions and properties. Nonetheless, graph foundation models have proven to be valuable

tools. The following section will explore the graph foundation models that have emerged in this

area of research.

• Machine learning potentials: are predictive models used to estimate the potential energy and

forces within chemical compounds based on their three-dimensional structures. These models

take the 3D coordinates of atoms as input and output the total potential energy and per-atom

forces, enabling applications in fields like molecular dynamics, drug discovery, and materials

science. They are highly versatile, generalizing across a wide range of atomistic structures using

atomic information from the Periodic Table. Recent advancements include models like JMP-

1 [180] and DPA-2 [181], which excel in tasks involving both organic molecules and inorganic

crystals. These models have shown outstanding performance in various benchmarks and are de-

signed to match or exceed the accuracy of traditional specialized models. State-of-the-art mod-

els like MACE-MP-0 [182] and MatterSim [183] focus on inorganic crystals, handling complex

tasks such as multicomponent alloys and combustion processes. These ML potentials lever-

age equivariant graph neural networks, which effectively process spatially varying features like

Cartesian coordinates alongside invariant features like atom types. This architecture allows the
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models to accurately predict energy and forces by capturing the intricate relationships between

atoms, enhancing the understanding and representation of complex chemical systems.

• Molecular property prediction: In the molecular property prediction task, the objective is to

predict various molecular properties based on a molecule’s 2D graph structure, where nodes rep-

resent atoms and edges represent bonds. A key advantage in this domain is the transferability

of atom types from the periodic table and bond types across different tasks. Unlike traditional

molecular fingerprints, which were used primarily to assess molecular similarity, modern ap-

proaches use graph neural networks or Transformer encoders to learn representations that can

predict physical properties. Recent advancements in graph foundation models, such as Min-

iMol [184] and MolGPS [185], have been pivotal in this area. These models are trained on

extensive datasets of molecular graphs, learning universal molecular representations that can

be fine-tuned for a variety of downstream tasks. While a single pre-trained model from these

approaches may not perform zero-shot inference on every possible task, they offer a robust foun-

dation for task-specific fine-tuning. This makes them both efficient and versatile in molecular

property prediction, significantly reducing computational costs.

Partially Specific GFMs

Partially specific foundation models are those that are not fully adaptable to new tasks and domains

but still offer some flexibility in their use. Partially specific foundation models offer a significant

advantage over completely specific models by providing a balance between adaptability and spe-

cialization. While they may not be fully flexible across all tasks and domains, they are designed

to perform efficiently in their targeted areas. This focused approach allows them to generalize

well within certain constraints, either across multiple tasks in a single domain or across multiple

domains for a specific task. These models fall into two main categories: domain-specific models

and task-specific models.
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Domain Specific GFMs

Domain-specific GFMs are designed to generalize across a variety of downstream tasks within a

specific domain, such as finance, biology, or social networks. These models focus on capturing

the unique structural and dynamic properties of the data within a single domain, allowing them to

perform efficiently on tasks like node classification, link prediction, and graph-level predictions.

For example, a domain-specific GFM trained on financial data could be applied to tasks like stock

market forecasting (node-level prediction), detecting transaction fraud (link prediction), or assess-

ing the risk profile of entire financial systems (graph-level task). By honing in on domain-specific

characteristics, these models can adapt to multiple tasks within their field without needing to be

retrained for each new dataset. The strength of domain-specific GFMs lies in their ability to exploit

specialized knowledge from a given domain, leading to better task performance compared to more

general models. However, to the best of our knowledge, no work has yet successfully created a

domain-specific GFM that fully generalizes various tasks within one domain without retraining.

While GNNs exist for specific tasks in particular domains, a GFM that can seamlessly perform

multiple node, link, and graph-level tasks within a single domain remains an open research chal-

lenge. The development of such models would have a profound impact on areas like healthcare,

finance, and transportation, where domain-specific data structures and patterns are critical to solv-

ing a wide array of complex tasks.

Task Specific GFMs

task-specific foundation models involve training graph foundation models on a diverse range of

datasets across various domains but with a focus on solving specific downstream tasks. These

models are designed to handle different types of input data, leveraging their extensive training to

adapt and apply their knowledge in various contexts. Although they are exposed to a wide array

of data during training, their primary goal remains to excel at particular tasks. The strength of

these models lies in their ability to generalize and perform consistently on these specialized tasks,

even when encountering new and unseen graphs, demonstrating their adaptability and efficiency in
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meeting specific objectives. In this section, we will explore graph foundation model advancements

that have been developed within these categories.

Node level tasks Node classification is a machine learning task applied to graph-structured

data, where the goal is to assign labels or categories to nodes based on their attributes and the over-

all graph structure. This task is crucial in various applications, such as identifying user types in so-

cial networks or predicting protein functions in biological networks. Traditionally, node classifica-

tion required specialized models tailored to specific datasets, meaning each new graph necessitated

a unique model configuration, which could be time-consuming and computationally expensive. In

traditional GNNs, models had to be trained specifically for each dataset, like the Cora dataset,

requiring significant computational resources to adapt to each graph’s unique features and label

dimensions. This process was both labor-intensive and limited the scalability of GNNs, making

it challenging to apply these models to new, unseen graphs. The need for dataset-specific models

hindered the widespread use of GNNs across diverse graph structures.

To the best of our knowledge, GraphAny [186] is the first GFM introduced to overcome these

limitations by providing a single pre-trained model capable of performing node classification

across any graph without additional training or adaptation, regardless of differing feature dimen-

sions or class numbers. GraphAny generalizes across various graphs, outperforming standard mod-

els like GCN and GAT by eliminating the need for fixed prediction heads tailored to specific class

counts. This flexibility marks a significant advancement in handling diverse datasets efficiently.

GraphAny employs semi-supervised node classification without being constrained by feature di-

mensions or class counts. Instead of relying on a universal latent space, GraphAny uses spec-

tral filter predictions, applying high-pass and low-pass filters similar to those in Simplified Graph

Convolutions. The model optimizes predictor weights through a least squares method, enabling

robust predictions for unknown node labels. Additionally, GraphAny refines its predictions using

an inductive attention matrix, which adjusts prediction weighting based on the specific graph’s

structure. This parametric attention mechanism, parameterized through a Multi-Layer Perceptron,

reduces dependency on predefined class numbers, allowing GraphAny to perform rapid inference
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across various graph-related tasks efficiently, demonstrating its adaptability and efficiency.

Link level tasks Link prediction is a fundamental task in graph analysis that involves predict-

ing whether a connection exists between two nodes in a graph. This task is essential in various

applications, such as recommending friendships in social networks, identifying interactions in bi-

ological networks, or uncovering missing links in knowledge graphs. Traditionally, models for

link prediction had to be trained separately for each graph, which was both time-consuming and

computationally intensive due to the unique structures and features of each graph.

To the best of our knowledge, the Universal Link Predictor (UNILP) [187] is the first GFM

designed for universal link prediction. UNILP overcomes the limitations of traditional models

by providing a single pre-trained model capable of performing link prediction across any graph

without additional training or adaptation, regardless of whether node features are present. This

universality marks a significant advancement, as it allows for efficient and scalable application of

link prediction to new and unseen graphs.

UNILP works by leveraging structural patterns within the graph using advanced labeling tech-

niques to distinguish between nodes, even in the absence of node features. It addresses the chal-

lenge of automorphic nodes—nodes that occupy identical structural positions and are thus in-

distinguishable by standard graph neural networks. UNILP employs labeling tricks like Double

Radius Node Labeling to break these symmetries. The model processes a query link alongside

sampled positive and negative in-context links from the target graph through a shared subgraph

GNN encoder. An attention mechanism then computes the similarity between the query link and

the in-context links, resulting in a contextualized representation of the query link based on the

graph’s structure.

By capturing transferable structural patterns and utilizing an attention-based mechanism, UNILP

generalizes learned relational patterns to effectively predict links in various graph types. Its abil-

ity to function without reliance on specific node features and to generalize across different graphs

makes UNILP an ideal Graph Foundation Model for universal link prediction. This approach sig-

nificantly reduces the need for retraining models for each new graph, enhancing scalability and
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efficiency compared to traditional link prediction models.

Graph Level tasks Graph-level tasks focus on analyzing and predicting based on an entire

graph rather than individual nodes or edges. These tasks include graph classification [78], which

aims to categorize a graph into predefined classes based on its overall structure and features, and

graph property prediction [17], which involves forecasting specific properties of the entire network.

In both cases, understanding the global characteristics of the graph is essential, as it surpasses the

importance of examining individual components.

Graph-level foundation models extend the capabilities of GNNs to learn graph representations

that are versatile and applicable across various domains. These models aim to generalize across

different types of graph data, enabling seamless application to graph-level tasks like classification

or property prediction, even in unseen networks. Their ability to adapt without retraining facilitates

efficient processing and analysis in diverse fields, potentially improving predictions and insights

across complex datasets. However, to the best of our knowledge, the development of graph-level

foundation models for broad, cross-domain application remains an emerging field, with limited

work and exploration in this specific area so far.

General GFMs

Graph Foundation Models designed for general domains and multiple tasks are developed to work

with any graph, regardless of its structure or features. These models are not limited by specific

input graphs and can handle a variety of downstream tasks, such as node classification, link predic-

tion, and graph-level tasks, across different domains. The adaptability of these models makes them

highly valuable, as they allow users to perform inference on a wide range of tasks with minimal

computational resources. This flexibility and efficiency are critical in real-world scenarios where

multiple tasks may need to be executed without training separate models for each graph or domain.

One of the key benefits of these generalist models is their ability to transfer learning across

tasks and domains, significantly reducing the need for retraining. AnyGraph [188], the first work

in this area, has shown the potential of these models. AnyGraph has been designed to handle node,
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edge, and graph-level tasks, making it one of the first models to be evaluated across all three task

types. This capability allows it to seamlessly adapt to new tasks and datasets while maintaining

high performance. AnyGraph’s methodology centers on a Mixture-of-Experts (MoE) architecture.

This architecture uses a collection of graph expert models, each responsible for handling specific

structural or feature-based challenges in graph data. When presented with a new graph, Any-

Graph’s lightweight routing mechanism quickly identifies the most relevant expert model, which

is then applied to the task. This design allows for efficient adaptation to new datasets without

requiring extensive retraining, as demonstrated by its impressive performance across 38 diverse

graph datasets.

While models like AnyGraph show great potential, they still face some challenges. These

models need to handle the differences in structure and features across various domains and ensure

they can scale as data complexity grows. Despite these hurdles, GFMs’ ability to adapt to different

tasks could revolutionize graph learning, opening up exciting possibilities in areas like biology,

finance, and social networks.

2.3.3 Homogenization as a Challenge in Foundation Models

One of the fundamental challenges in building foundation models is achieving homogenization.

Homogenization refers to a model’s ability to generalize and be applied uniformly across different

tasks and data formats. In the context of artificial intelligence, and particularly in large-scale archi-

tectures such as language, vision, and graph foundation models, homogenization describes the goal

of learning a common representation space that can flexibly adapt to heterogeneous downstream

applications.

In temporal and graph foundation models, achieving homogenization is particularly demand-

ing due to the wide variability of graph structures, temporal resolutions, and learning objectives.

Unlike static models that operate on fixed feature spaces, temporal graph models must reconcile

differences in node and edge semantics, time dynamics, and topological sparsity while preserving

a consistent model design.
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Formally, the challenge of homogenization in foundation models can be described along three

dimensions:

• Task Generalization: Developing a single model that can support diverse tasks—such as node

classification, link prediction, and graph-level regression—without structural modification or

retraining for each task.

• Cross-Domain Adaptation: Ensuring that the same pre-trained model can operate across dis-

tinct domains (for example, social, financial, or molecular graphs) while maintaining perfor-

mance stability and representation fidelity.

• Architectural Uniformity: Preserving a consistent architectural backbone and training pipeline

that allows task-specific fine-tuning through minor adaptations rather than full reconfiguration.

In graph foundation models, this challenge manifests as the tension between specialization and

universality. Traditional graph neural networks are typically optimized for narrow objectives and

domains, whereas GFMs aim to encode universal graph principles that transfer across datasets

and learning tasks [131]. Homogenization thus represents both a design aspiration and an open

research problem—balancing the need for a unified, domain-agnostic model structure with the

flexibility required to handle diverse temporal behaviors and topological variations.

2.4 Temporal Graph Foundation Models

Temporal graph foundation models are a novel category of graph deep learning techniques that aim

at modeling the development of the various graphs that exist over time. Static graphs are structures

that display relationships among entities at a particular instant of time. Graphs that change over

time and become more complex with the addition of new nodes and edges and their interactions

are termed temporal graphs. Temporal GFMs would still be composed in a way that they will be

able to transfer learning between multiple temporal graphs and tasks rather than having one graph
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to one task as in the case of static GFMs. However, as of today, there are no comprehensive works

or models that can be considered temporal GFM.

2.4.1 The Challenge of Temporal Graphs

Despite the growth of static graph foundation models, where GFM is exceptionally powerful, it

is still a challenge to construct Temporal GFMs due to the complications involving the aspect of

time. Each of these challenges becomes particularly difficult when dealing with different datasets

and domains:

• Dynamic Structures: This is particularly important for a temporal graph where the specification

of the graph changes with time and thus the model has to learn not only the connections that the

nodes have but also how these connections vary with time [114]. The difference between a

static GFM and a temporal model is that temporal models do not learn within a time frame but

rather capture changes within a time frame through patterns or sequences. This is particularly

problematic for datasets where there is constant presence of structural changes, as the frequency

and type of changes vary across domains, for instance, social domains tend to change at a fast

pace while the biological domain changes slowly.

• Memory and Computation: The requirements of the graph go even further as it also includes

management of past activities, which therefore calls for quite a lot of memory space as well as

computation power [114]. New data points are being generated on a continuous basis and so it

becomes necessary to restrict inference to a smaller but discrete number of data points to sustain

performance and bandwidth. Putting this into practice across different datasets becomes even

more difficult as some domains will accommodate live changes in the information such as in

financial markets while others will accommodate changes after a certain period.

• Temporal Dependencies: Such dependency exists over time among the temporal vertices in

temporal graphs. That is, some events leading to the interaction of two nodes may happen at

different time frames [189]. A GFM with a temporal constraint must manage quick as well as
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deferred dependencies. This becomes a significant challenge when applied to different domains,

as the nature of these dependencies may differ drastically—for example, recent interactions in

a communication network may be more important for this thinking whereas old interactions in

biological systems may be more influential in this regard.

• Transferability Across Domains: In static GFMs, transferability arises from the ability to gen-

eralize over the graph structures. For temporal graphs, however, such a generalization is not

clear as their relationships are more complex and temporal which is very much different across

domains. A Temporal GFM that has been trained using social data might not perform well on a

biological system because biological interactions are modeled completely differently.

• Modeling Temporal Features: To learn efficiently, temporal graph models must rely on both

time and structures of the graph, including timestamps and the duration of interactions. Such

temporal information must be well-fitted into the graph model if the intention is to improve the

representations produced. The problem of achieving this becomes quite complicated especially

when dealing with different datasets where temporal features may assume different levels of

significance. For instance, some interactions might be very essential in social networks whereas

less important in some scientific datasets.

Each of these challenges suggests why it is more complicated to develop Temporal GFMs in

comparison to static GFMs. Especially when such Temporal GFMs are extended to real datasets

and domains which have very unpredictable temporal dynamics and relationships.

2.4.2 Applications of Temporal GFMs

TGFMs can be useful for a variety of tasks and domains much like static GFMs have demonstrated.

These models can be designed to be specific, partially specific, or general-purpose for handling

time-evolving data. An advantage of TGFMs is they can both i) handle unseen data for a new

inference without any retraining and ii) operate in environments where training new models is

impractical or infeasible. For these reasons, TGFMs will be indispensable for real-time modeling
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where there is demand for forecasts of new data over arbitrarily long timescales which are not near

what the model has been trained on.

• Specific TGFMs: Specific TGFMs are trained for a particular domain and task, offering high-

performance predictions on completely unseen networks in a zero-shot setting without any addi-

tional training. These models serve as an important first step in advancing the understanding of

TGFMs by providing insights into how to train models that generalize across both the temporal

and spatial aspects of a network. They are particularly valuable in real-world scenarios where

multiple datasets exist within the same domain, and training a separate model for each network

is impractical or impossible. Specific TGFMs offer a streamlined solution, making them highly

applicable in such contexts.

• Partially specific TGFMs: Similar to static GFMs, partially specific TGFMs are models that

can be adapted to new tasks or domains without full retraining. These models are divided into

two categories: task-specific and domain-specific. Each type has significant impact and prac-

tical applications in real-world predictions. Task-specific TGFMs are highly optimized for a

particular function, such as temporal node classification, link prediction, or anomaly detection.

These models can generalize across unseen graphs in the same task category without the need

for retraining. For instance, a TGFM designed for real-time stock price forecasting could predict

future trends in various financial markets without needing to be retrained on each new dataset.

Similarly, task-specific TGFMs can be deployed in fraud detection in banking networks, where

the rapid adaptation to new transaction patterns is critical to catching fraudulent activities as

they occur. The ability of task-specific TGFMs to handle such problems without retraining saves

valuable computational resources and speeds up decision-making. Domain-specific TGFMs go

beyond a single task and are designed to generalize across multiple tasks within a particular

domain. For instance, in the financial sector, a TGFM could be trained to handle tasks such as

stock market prediction, transaction analysis, and risk management across various datasets from

different markets and institutions. The TGFM’s ability to learn generalized patterns within the

financial domain allows it to be applied across different companies, markets, or time periods
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without retraining. This capability is particularly valuable for sectors like logistics or transporta-

tion, where models can track the evolution of traffic patterns, supply chains, and deliveries over

time, adapting to new networks and timelines on the fly.

• General TGFMs: The most ambitious and far-reaching type of TGFM is a general model that

can be applied to any domain or task. Such models would operate similarly to large language

models in the realm of natural language processing but for graphs. A general TGFM could ana-

lyze any form of temporal graph data—social networks, biological systems, financial networks,

or knowledge graphs—without needing domain-specific adaptation or retraining. This univer-

sality makes them extremely powerful, as they can scale to handle a wide range of applications,

from forecasting economic trends in different countries to predicting disease outbreaks or ana-

lyzing the evolution of global transportation systems. The ability of a general-purpose TGFM

to adapt to any domain and task without further learning ensures high scalability and efficiency.

For example, in a real-time financial forecasting scenario, the model could predict stock mar-

ket movements or detect irregularities across multiple financial systems simultaneously, without

requiring separate models for each market. The model’s zero-shot learning capabilities make

it invaluable in domains where data scarcity or time constraints prevent the training of special-

ized models, such as during the early stages of a crisis or disaster management scenario, where

real-time decisions must be made based on incomplete data.

The importance of TGFMs becomes apparent in temporal and real-time forecasting, especially

in situations where data gathering and model retraining are not feasible. In many real-world appli-

cations, graphs evolve, and it is often impractical to continuously collect data or re-train models

with each new sequence of events. TGFMs are adept at analyzing sequences of graphs and under-

standing the dynamics inherent in the changing data, allowing for accurate predictions based on

historical trends. Their ability to function effectively without constant retraining makes TGFMs

indispensable for applications such as recommendation systems, fraud detection, and social net-

work analysis, where real-time insights can significantly impact decision-making. By capturing the

temporal dependencies in graph data, TGFMs provide valuable tools for understanding complex
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interactions and making informed predictions in rapidly changing environments.

2.5 Graph Learning Dataset and Benchmarks

Benchmark datasets have become fundamental for advancing graph machine learning, providing

a common ground to evaluate models and facilitate the development of graph foundation models.

Early graph ML studies often relied on a handful of small, static benchmark graphs (e.g., citation

networks like Cora/Citeseer and molecular graphs from the TU collection [190]). Repositories

such as the Stanford SNAP dataset collection and the Network Repository cataloged many graphs

for research use, but without standardized tasks or unified evaluation protocols [191, 192]. The

lack of consistency in tasks and splits made it difficult to compare algorithms fairly. This mo-

tivated community efforts to create dedicated benchmark suites that are large-scale, diverse, and

standardized.

2.5.1 Static Graph Benchmarks

Static graph benchmarks focus on time-agnostic graph tasks (node classification, link prediction,

graph classification) on fixed networks or sets of graphs. A seminal effort in this direction is the

Open Graph Benchmark (OGB) [193], introduced at NeurIPS 2021. OGB provides a diverse col-

lection of realistic graph datasets spanning domains such as social networks, citation networks,

molecular graphs, knowledge graphs, and more. Importantly, OGB defines consistent evaluation

protocols with meaningful train/validation/test splits (e.g., avoiding overly easy random splits) and

unified metrics, addressing issues of reproducibility and out-of-distribution evaluation. The OGB

suite includes challenging datasets like a citation network with hundreds of thousands of nodes

(OGBN-Arxiv), a protein interface graph (OGBL-PPA) for link prediction, and molecule datasets

for graph property prediction [193]. By benchmarking various GNN models on these datasets,

Hu et al. showed that OGB tasks remain far from solved and identified key challenges such as

scalability to large graphs and generalization under realistic splits. Following OGB’s release, it
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has become a standard evaluation framework in graph ML research, with a public leaderboard

tracking state-of-the-art results on each task. Building on OGB, the community pushed toward

even larger-scale benchmarks to catalyze foundation model-level advances. Hu et al. organized

the OGB Large-Scale Challenge (OGB-LSC) in 2021, as part of KDD Cup and later reported at

NeurIPS 2021 [194]. OGB-LSC introduced three exceedingly large graph datasets, each targeting

a core task at unprecedented scale: (1) a node classification task on a heterogeneous academic

graph with over 240 million nodes and 1.2 billion edges (MAG240M), (2) a link prediction task

on a massive knowledge graph with 90 million entities (WikiKG90M), and (3) a graph regression

task on a molecular dataset with 4 million molecular graphs (PCQM4M) [194]. These datasets

are orders of magnitude larger than prior benchmarks. The challenge drew 500+ teams, yielding

innovative, scalable GNN approaches and significant performance improvements. Notably, the

best-performing models in OGB-LSC employed techniques like deep transformer-based GNNs

and aggressive neighbor sampling to handle scale (e.g., the Graphormer model, a Transformer tai-

lored to graphs, won the molecular track) [195]. The OGB-LSC findings highlighted that expres-

sive models can significantly outperform simpler, scalable baselines on large graphs, but also that

many standard GNNs fail to even run at this scale without specialized training algorithms [194].

The annual OGB-LSC benchmark (continued in 2022) serves as a graph analog to ImageNet chal-

lenges, steering the community towards scalable graph learning techniques and pretraining strate-

gies suited for extremely large data. Another notable effort for static graphs is the Benchmarking

Graph Neural Networks study by Dwivedi et al. [196]. Rather than introducing new data, the work

systematically evaluated popular GNN architectures on a curated set of existing graph datasets (in-

cluding both classical node/graph classification benchmarks and synthetic graph tasks). It revealed

inconsistencies in prior evaluations and underscored the need for standard benchmarks like OGB.

Overall, these static benchmark initiatives (OGB and others) have greatly improved the rigor and

comparability of graph model evaluation. They also supply the data foundation for graph repre-

sentation learning, for instance, OGB datasets are commonly used to pre-train GNNs or evaluate

graph foundation models via fine-tuning.
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2.5.2 Temporal Graph Benchmarks

While static benchmarks assume a fixed graph structure, many real-world graphs are dynamic,

evolving over time with new nodes or edges (e.g., social interactions, transaction networks, com-

munication networks). Until recently, research on temporal graph neural networks relied on in-

dividually curated datasets and inconsistent protocols. For example, Kumar et al. (KDD 2019)

introduced dynamic interaction graphs for Reddit and Wikipedia to evaluate embedding trajectory

prediction [2], and various works used their own splits of social network data (e.g., user-item inter-

action logs, citation dynamics) to benchmark temporal GNN models. This fragmented landscape

made it hard to gauge progress in learning on temporal graphs. Recognizing this gap, Huang et

al. proposed the Temporal Graph Benchmark (TGB), first released in 2023 [14]. TGB (accepted

at NeurIPS 2023) is a unified collection of large-scale temporal graph datasets with standardized

tasks and evaluation pipelines. It covers diverse domains, including social networks, commu-

nication, trade, finance, and transportation, reflecting the broad applicability of temporal graph

learning. TGB defines two primary task categories: dynamic link prediction (predicting the fu-

ture existence or properties of edges) and dynamic node property prediction (predicting future

attributes or labels of nodes). Each dataset consists of a sequence of graph snapshots or time-

stamped edge events spanning multiple years. For example, TGB includes a Wikipedia co-editing

network (users editing pages over time), an E-commerce review network (Amazon user–product

interactions over 20+ years), a Reddit reply network (users replying to each other over time),

and an air traffic network (temporal flights between airports), among others. Crucially, TGB pro-

vides consistent train/validation/test splits along the timeline and an automatic evaluation pipeline,

enabling reproducible benchmarking of temporal graph models. In their extensive experiments,

Huang et al. found that the performance of popular temporal GNN architectures varies wildly

across different TGB datasets, and intriguingly, on certain dynamic node prediction tasks, simple

time-series models can outperform complex temporal GNNs [14]. These insights point to open

challenges and the need for better inductive biases in temporal models. TGB is an actively main-
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tained project with a public leaderboard, poised to drive research in temporal graph representation

learning. Recently, TGB 2.0 was introduced at NeurIPS 2024 to extend this benchmark to multi-

relational dynamic graphs, i.e., temporal knowledge graphs and heterogeneous graphs with various

edge types [197]. TGB 2.0 contributed eight new datasets spanning domains like social media,

biomedicine, and communications, with up to tens of millions of time-stamped edges [197]. The

inclusion of temporal knowledge graphs (e.g., evolving knowledge bases of events) bridges graph

ML with temporal reasoning tasks from the knowledge graph community. Experiments in TGB

2.0 underscored that leveraging edge type (relation) information is crucial for high performance

on multi-relational tasks, and again noted that simple heuristic methods can sometimes rival more

sophisticated models [197]. However, most existing methods struggled to scale to the largest TGB

2.0 graphs, reinforcing the necessity for new scalable temporal GNN techniques. Together, TGB

and its extension provide a comprehensive platform to evaluate how well algorithms handle the

evolving, temporal aspect of graphs, complementing the static benchmarks like OGB.

2.5.3 Blockchain Graph Benchmarks

One emerging application domain for graph learning is blockchain networks, which pose unique

challenges and opportunities for benchmarks. Blockchains (like Bitcoin and Ethereum) can be

represented as graphs (e.g., transaction networks where addresses are nodes and transactions are

edges), often large-scale, dynamic, and multi-layered. For instance, the Bitcoin network contin-

uously grows with each block of transactions, and Ethereum’s smart contract calls form complex

interaction graphs. Traditionally, machine learning on blockchain graphs was limited by data ac-

cessibility and labeling: researchers relied on isolated datasets curated for specific tasks, with no

unified benchmark. A notable example is the Elliptic illicit transaction dataset [198], introduced

in 2019, which consists of a Bitcoin transaction graph with ∼200K nodes labeled as licit or illicit.

This dataset has been widely used to evaluate graph-based fraud detection and anti-money launder-

ing models, and it established a baseline task of classifying illicit transactions on a large transaction

graph. Other works have compiled datasets for tasks like Ethereum phishing address detection or
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DeFi fraud, but each dataset was used in a siloed manner in its respective paper [199]. To advance

graph ML for blockchain data, Shamsi et al. introduced Chartalist [16], the first comprehensive

repository of labeled blockchain graph datasets, which was published in the NeurIPS 2022 Datasets

and Benchmarks track. Chartalist organizes blockchain data (from both UTXO-based blockchains

like Bitcoin and account-based blockchains like Ethereum) into ML-ready graph datasets, com-

plete with labels and task definitions. Importantly, it addresses the considerable preprocessing

burden: raw blockchain ledgers are massive and require domain expertise to convert into meaning-

ful graph features and labels. Chartalist provides cleaned and annotated graphs, including dynamic

multi-layer networks extracted from blockchains. For example, it curates the evolving transaction

graph of Bitcoin with ground-truth labels for certain known illicit events (like ransomware ad-

dresses), and similarly for Ethereum, it tracks address interaction networks with identified scams

or anomalies [16]. By incorporating major blockchain events and annotating addresses (e.g., hacks,

frauds), Chartalist enables supervised learning tasks such as address classification, transaction link

prediction, temporal anomaly detection, and forecasting on blockchain graphs. This was a sig-

nificant step, as previously no public benchmark existed for graph ML on blockchain data [16].

Chartalist’s datasets are large-scale (the Bitcoin network graph in 2025 exceeds 400 million edges)

and dynamic by nature, reflecting months or years of blockchain activity rather than static snap-

shots. Recent benchmark efforts have further expanded blockchain graph datasets and tasks. One

example is the "Multi-Chain Graphs of Graphs" dataset proposed by Luo et al. [200]. This work

goes beyond single-chain analysis by constructing a hierarchical Graph-of-Graphs: local transac-

tion graphs for multiple cryptocurrencies are connected via a higher-level graph that captures in-

teractions between those cryptocurrencies (for instance, if one token is used to purchase another).

Their dataset includes detailed labels at the token level and links across blockchains, supporting

novel tasks like cross-chain link prediction and anomaly detection. This approach recognizes that

modern blockchain ecosystems are interconnected (e.g., users swapping assets across chains), and

analyzing them requires considering a network-of-networks structure. Another notable dataset is

EX-Graph by Wang et al. [201], introduced at ICLR 2024, which bridges blockchain data with
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social networks. EX-Graph links the Ethereum transaction graph with the Twitter (X) social graph

by identifying accounts that are active in both networks. It contains 2 million Ethereum addresses

(nodes) and 30 million transaction edges, alongside 1 million Twitter user nodes and their fol-

lowing relationships, with over 30,000 address–social account linkages. By combining on-chain

and off-chain (social) information, this benchmark allows researchers to study how incorporating

external social features can improve blockchain analytics, for example, using Twitter interactions

to predict cryptocurrency address behavior or to detect coordinated illicit activities. The intro-

duction of EX-Graph underscores a trend of creating hybrid benchmarks that connect blockchain

graphs with other data modalities to enrich learning signals. It is worth noting that blockchain

graphs also appear in the aforementioned broad benchmarks: for instance, the Temporal Graph

Benchmark includes a cryptocurrency transaction dataset derived from Ethereum token transfers

(a stablecoin transaction network during the 2022 Terra collapse) as one of its dynamic link pre-

diction tasks [14, 16]. Similarly, TGB’s dynamic node prediction tasks include a user–token inter-

action graph where the goal is to predict users’ future activity with various cryptocurrencies [14].

The inclusion of these in TGB indicates a convergence where domain-specific efforts (like Char-

talist) feed into general benchmark frameworks (like TGB). Going forward, we anticipate more

blockchain-specific benchmarks to emerge, potentially covering areas like smart contract vulnera-

bility graphs or transaction network simulations, given the growing interest in applying GNNs to

cryptocurrency ecosystems. For now, Chartalist and its derivatives represent the state-of-the-art in

providing public, labeled blockchain graph benchmarks for machine learning research.

2.5.4 Benchmarks and Graph Foundation Models

The development of these benchmarks has been closely intertwined with progress on graph foun-

dation models and training algorithms. By graph foundation models, we refer to large, general-

purpose graph neural networks (or related architectures) that are trained on broad graph data (often

via self-supervised learning) and can be adapted to a wide range of downstream tasks, analo-

gous to NLP’s pre-trained language models. High-quality benchmark datasets are a prerequisite
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for training and evaluating such models. For example, the massive node classification graph in

OGB-LSC (MAG240M) and the huge molecular graph set in OGB have spurred research into

pre-training GNNs on unlabeled graph data at scale [194]. Likewise, the diverse tasks in OGB

(node, link, graph prediction across domains) provide natural downstream evaluations for a foun-

dation model’s versatility. We have started to see the emergence of self-supervised GNN training

frameworks leveraging these benchmarks. Notably, Hu et al. proposed GPT-GNN [202], a gen-

erative pre-training method for GNNs using an attribute-masked graph generation task, which

they demonstrated on the billion-edge Open Academic Graph (a subset of MAG) and an Amazon

reviews graph. Their pre-trained model achieved significant gains on downstream node classifica-

tion, showing the promise of foundation models on large graphs. Similarly, contrastive learning

approaches like GraphCL [203] and graph autoencoders like GraphMAE [204] have been applied

to OGB datasets to learn transferable representations. These algorithms create task-agnostic em-

beddings by maximizing agreement between differently perturbed versions of the same graph or

by reconstructing masked features, enabling the model to capture generic graph structure and se-

mantics.

Finally, benchmarks like TGB are driving advances in temporal graph learning algorithms that

will feed into foundation models capable of handling dynamic data. The surprising observation

that simple models sometimes beat complex temporal GNNs on TGB [14] suggests current ar-

chitectures are not fully capturing temporal information; this has led researchers to rethink model

designs (e.g., incorporating memory modules or temporal attention mechanisms) and training pro-

cedures for dynamic graphs. A foundation model that can jointly understand structure and tem-

poral evolution might be trained by self-supervision on large temporal graphs (many of which are

now available through TGB and related efforts). The multi-relational focus of TGB 2.0 [197] also

pushes the development of models that can handle richly attributed graphs (multiple edge types,

dynamic attributes), which is relevant for heterogeneous graph foundation models.

The ecosystem of graph and blockchain benchmarks, from static collections like OGB, to dy-

namic suites like TGB, and domain-specific data like Chartalist, provides the critical testbed and
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training ground for graph foundation models. These benchmarks cover a broad spectrum of graph

scenarios that a foundation model should excel in: large-scale static networks, evolving temporal

graphs, and complex multi-relational or cross-domain graphs (as in blockchains). By benchmark-

ing new algorithms on these datasets, researchers can identify generalization gaps and scalability

issues, guiding the design of more powerful graph neural network architectures. The continued

expansion of benchmark datasets (especially at top venues like NeurIPS) ensures that, as graph

ML enters the foundation model era, it does so on a firm, well-evaluated base.

Table 2.2: Comparison of temporal graph bench-
marks.

Dataset # temporal graphs included # newly introduced graphs

EdgeBank [205] 13 6

ROLAND [108] 8 0

TGB [14] 9 8

GraphPulse [17] 9 7

MiNT 92 84

Our MiNT benchmark introduces a novel

scale and structure for temporal graph learn-

ing by assembling 84 real-world ERC20 to-

ken transaction networks and 8 social interac-

tion graphs, enabling both within- and cross-

domain transfer studies. Unlike prior bench-

marks such as TGB [14] and OGB [193, 206], which offer diverse but isolated dynamic or static

graph tasks, MiNT focuses specifically on the challenge of learning transferable temporal repre-

sentations across independent dynamic graphs.

Each token network in MiNT is temporally disjoint, semantically distinct, and characterized

by varying lifespan, novelty, and transactional behavior, making it unsuitable for naive aggrega-

tion or multi-label classification. This independence supports rigorous investigation of zero-shot

generalization and pre-training on long-range temporal structures. Moreover, MiNT introduces

network-level property prediction tasks, shifting the focus from local node- or edge-level tasks to

macro-scale graph dynamics forecasting. It is the first benchmark to reveal neural scaling trends in

temporal graph learning, demonstrating how increasing the number of training networks improves

performance on unseen graphs. These properties position MiNT as the first foundation-model-

oriented benchmark for temporal graph learning, complementing prior efforts by enabling system-

atic pre-training, ablation, and transfer evaluations across a controlled, large, and heterogeneous

collection of temporal graphs.
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In machine learning, ensemble methods have become a cornerstone for building robust and

accurate predictive models by combining the outputs of multiple base learners. Among these

methods, the Random Forest [207] stands out as one of the most influential ensemble techniques,

widely used for both classification and regression tasks. A Random Forest constructs a set of de-

cision trees, each trained on a random subset of data and features, and aggregates their predictions

using simple policies such as majority voting, mean, or median, depending on the task type. This

aggregation enhances model stability and reduces overfitting, making Random Forests a reliable

choice for a broad range of machine learning applications.

Due to their simplicity, interpretability, and efficiency, Random Forests have been success-

fully employed across various domains, including patient health prediction, image classification,

emotion recognition, malware detection, user response prediction, travel analytics, and cyberse-

curity [208, 209, 210, 211, 212, 213]. Unlike more complex models such as gradient-boosted

trees [214] or deep neural networks [215], Random Forests are straightforward to parallelize: in-

dividual trees can be trained and evaluated independently, allowing training and inference to scale

effectively across multiple machines [216, 217]. This property makes them well-suited for large-

scale applications that require efficient processing of big data [218, 219, 220, 221].

Another important characteristic of Random Forests is their interpretability [222, 223], which

has motivated extensive research on explainable ensemble models [224, 225, 226]. Each deci-

sion tree provides a transparent, rule-based structure that can be converted into human-readable

formats [227], helping to clarify the relationship between features and predictions. This level of

interpretability has contributed to the widespread adoption of Random Forests in domains where

transparency and accountability are essential, such as healthcare and finance.

Despite these advantages, Random Forests are not without limitations. The ensemble may

include a large number of trees, some of which contribute little to predictive performance while

increasing inference time and memory usage. Previous studies have investigated the optimal num-

ber of decision trees and their collective effect on ensemble performance [228, 229, 230, 231],

aiming to balance efficiency and accuracy. However, most of these approaches focus on adjusting

77



ensemble size rather than analyzing the individual quality or similarity of decision trees to improve

model diversity and reduce redundancy. Topological forest propose a training process that takes

into account the similarity and quality of decision trees in a random forest. By carefully selecting

decision trees in this way, we achieve similar performance on prediction tasks with a smaller en-

semble size. This would reduce the size of the model and improve computational efficiency during

inference.

Figure 3.1: The building blocks of the Topological Forest.

We propose the Topological Forest model, which uses a smaller ensemble of decision trees

to perform regression and classification tasks. The Topological Forest model has a multi-step

training process that begins by training a vanilla random forest. Next, we transform each tree in

the random forest into a feature graph and extract key features from the graphs as high-dimensional

vectors. We then use TDA Mapper [32] to transform these high-dimensional feature vectors into

a topological cluster network. This allows us to identify representative decision trees that can

be used to construct a smaller, more efficient random forest. By using this approach, we aim to

achieve similar performance on prediction tasks with a smaller ensemble size, reducing the model

size and improving computational efficiency.

TDA Mapper is a technique that allows for the soft clustering of high-dimensional data points

while constructing a network view where similar clusters are connected by short paths. TDA

Mapper transforms the high-dimensional input features into a low-dimensional space (in this case,

2D) using a lens or filter function. Common choices for the filter function include projection onto

one or more axes using techniques like TSNE [232] or density-based methods. Once the filter
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function is applied, the data in the original feature space is transformed into 2D space. TDA

Mapper then constructs a set cover of the projected space in the form of a set of overlapping

intervals with constant length.

Next, TDA Mapper constructs a mapper graph with clustered trees as vertices that represent

each set in the cover of the projected space. An edge exists between two vertices if the two sets

(due to the overlapping intervals) share some trees in common. Finally, we use different strategies

to select decision trees from each cluster to discover a more representative tree ensemble with

fewer trees. Our experimental results show that trees in a cluster make similar predictions on

out-of-bag samples, which makes TDA Mapper well-suited to our tree selection problem. We use

topological data analysis to analyze our decision trees and make the random forest more efficient in

computational costs of inference with a small compromise on prediction accuracy. Our proposed

approach is unique because topological random forests can reduce the ensemble size and improve

the speed of predictions compared to vanilla Random Forest at the cost of reducing at most 2%

in the AUC metric. Topological Forest also keeps the diversity of decision trees by selecting

individual decision trees that belong to different similarity classes.

In particular, we list the contributions of this work as follows:

• We propose a new machine learning model called Topological Forest, which uses a significantly

smaller number of decision trees than traditional random forest models while achieving similar

prediction quality (within 2%). This reduction in the number of decision trees allows for a

smaller model size and improved computational efficiency.

• We introduce a novel graph representation of decision trees that can be used in various applica-

tions to take advantage of tree features and decision tree similarities. This graph representation

allows for more effective analysis and interpretation of decision trees and can be used in a variety

of contexts.

• We use TDA Mapper to map similar decision trees into the same clusters, allowing us to construct

a more effective random forest by applying various ensemble selection strategies.
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• From our experiments on several binary classification tasks, we find that the Topological Forest

model significantly improves computational efficiency during inference, with minimal compro-

mise on prediction quality.

3.1 Topological Random Forest

In this section, we’ll explain the details of the Topological Forest: We present a high-level overview

of the training process for the Topological Forest. After that, we briefly describe a vanilla Random

Forest and introduce the notation we use throughout the chapter. Next, we explain the graph encod-

ing of decision trees and discuss how a Random Forest ensemble is constructed from a topological

clustering of encoded decision tree representations.

3.1.1 Overview of the Training Process

Building a Topological Forest from the training data is a multi-step process, as shown in Figure

1. In the first step, we train a vanilla random forest by using the original dataset with all its

features. After that, each decision tree in vanilla random forest is transformed into the graph

representation by using relationships between features. In the next step, we extract features from

the graph representation of decision trees as N-dimensional vectors. These vectors have topological

features like the number of edges or the average degree of vertexes.

Once feature extraction is completed, we use TDA Mapper to transform and cluster N-dimensional

feature vectors into a topological network that has a cluster of nodes (each node represents a deci-

sion tree). TDA mapper step first invokes a feature embedding task by leveraging TSNE as a filter

function to transform N-dimensional feature vectors in 2D. Once compressed features in 2D space

are computed, TDA mapper generates a mapper graph with clustered trees as vertices by leveraging

a set cover of the projected space in the form of overlapping intervals with fixed lengths.

As Figure 3.1 shows, we employ two types of graphs to build Topological Forest: a graph rep-

resentation of a decision tree and a TDA Mapper produced graph (aka mapper graph) to cluster
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decision trees. The first graph is relatively smaller than the mapper graph and it contains parent and

child relationships of features. On the other hand, the mapper graph is a topological network of

soft decision tree clusters, and an edge between two clusters exists if they share common decision

trees. In the final step of the entire process, we employ an ensemble selection task to build a topo-

logical forest from the mapper graph. In the ensemble selection task, we used different selection

algorithms to pick decision trees to construct a topological forest from the cluster of decision trees

in the mapper graph. In the following sections, we give details of each step.

3.1.2 Training Vanilla Random Forest

We consider a binary classification scheme for ease of exposition, but our approach can be trivially

generalized to multi-label classification. Let {xn}n∈Z+ be a set of data points, and let each point

xn be associated with a pair (x⃗n, yn), where x⃗n ∈ RD is a feature vector and yn ∈ {0, 1} is a label.

There are D features for each data point xn, and a total of N data points in the training set.

Definition 1 (Random Forest) A Random Forest is an ensemble classifier composed of a collec-

tion of decision tree classifiers:

{h(X, Y,Θk) | k = 1, . . . , N }, (3.1)

where each Θk is an independent and identically distributed random vector [207].

Each tree in Random Forest is trained on a randomly selected subset of data through data

bagging. Once the Random Forest is constructed, each tree casts a unit vote for a class of a given

input x⃗n ∈ X . Here, Y = {yn}Nn=1 denotes the set of class labels corresponding to the feature

vectors X = {x⃗n}Nn=1.

3.1.3 Graph Encoding and Feature Extraction

In this step, we convert each decision tree into a graph structure. Our decision to convert a tree into

a graph is motivated by two reasons:
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• First, creating a graph from a decision tree allows us to generalize parent-child relations as

weighted feature-feature edges, which create summary, interpretable representations of large

decision trees (see Figure 3.5).

• Second, although extracting features of a decision tree is under-studied in the machine learning

community, graph feature extraction is a well-studied problem. To illustrate; graph ML offers

features for vertices (e.g., eccentricity [233]), edges (e.g., edge centrality [234]), subgraphs (e.g.,

modularity [235]) and graphs (e.g., clustering coefficient [236]) which can encode the trees of a

random forest from various aspect. The encoding brings us closer to measuring the performance

of tree ensembles in a principled way.

Figure 3.2: An example decision tree built on 100
data points and 3 features of the adult dataset.
The tree utilizes features x1, x2, and x3 and cre-
ates five feature splits (10 children nodes, where
6 of them are leaf nodes). In six of these splits,
a further split is not required (shown as the gray
leaf vertices). In four splits, additional feature
splits are required.

In the graph representation of each decision

tree T = V × E, each vertex v ∈ V corre-

sponds to a feature d ∈ D, and a directed edge

between two vertices e = ⟨vi, vj⟩ ∈ E denotes

a parent-child split of di → dj in the decision

tree. A decision tree can split the same fea-

ture multiple times into different levels; how-

ever, we do not create a duplicate vertex for

each new split. Instead, we add duplicate edges

from the parent vertex to the child vertex for

new parent-child splits. As a result, the en-

coded graph may contain duplicate edges be-

tween vertex pairs. We also ignore feature val-

ues in splits during the entire encoding process

because traditional graph features do not utilize attributes of vertexes.

Consider example in Figure 3.3 to understand how the decision tree is transformed into a graph

representation. Since our goal here is to show the mapping between the decision tree and graph

representation, we omit the example data set and hyperparameters that are used to construct deci-
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sion tree in Figure 3.2. In the decision tree, let’s assume that the feature x1 of the root node has a

split value of 25 in Figure 3.2. However, we do not retain this information in the graph represen-

tation of this decision tree in Figure 3.3. The reader should notice that there is only one node for

each feature in the graph representation in Figure 3.3. However, there are two edges between x1

and x2 in Figure 3.3 since there are two child nodes that split on x2 of the root node, which splits

on x1.

The graph kernel [237] or graph neural network [103] approaches can incorporate the multi-set

of split values as vertex features in the learning process. However, such approaches may create

high computational costs in the training process. For this reason, we leave the kernel and graph

neural network approaches as future work.

Figure 3.3: A graph representation
of the decision tree shown in Fig-
ure 3.2. The four parent-child fea-
ture relationships are represented
as directed edges. Feature x2 in-
cludes a self-loop, indicating that
it is used in two consecutive splits.

We detail the process for encoding a graph from a decision

tree in Algorithm 1 where we employ a breadth-first traversal

to discover the parent-child relations in feature splits. The

algorithm takes a decision tree as an input and outputs a di-

rected graph structure such as the one shown in Figure 3.3.

In the edge case where the decision tree has only a root node

without any split, the algorithm would create a graph that con-

sists of one vertex with special empty feature label without

any edges. In all other cases, the algorithm creates at least

one feature vertex since there must be at least one split at root

node. In cases where tree depth is more than 1, the algorithm

creates at least one edge.

We outline three approaches to graph encoding: traditional features, graph kernel [237], or

graph neural network [103]. Traditional features and graph kernel approach are considered shallow

graph encodings because the output is a low-dimensional feature vector. Graph neural networks

create deep encodings that are high-dimensional feature matrices. Deep encoders frequently out-

perform shallow encoders in ML tasks (see Tables 3 and 4 in [78]); however, the performance
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Algorithm 1 Graph creation from a decision tree.
Require: Decision tree T
Ensure: Directed multi-graph G(V, E)

1: Initialize G as a directed multi-graph
2: Initialize S as a multiset
3: r ← the root of T ▷ Insert root into multiset S
4: S ← S ∪ {r}
5: while S is not empty do
6: rx ← first element in S
7: S ← S \ {rx}
8: if rx is not a leaf then
9: if rx /∈ G.V then

10: G.V ← G.V ∪ {rx}
11: end if
12: if rx.left is not a leaf then
13: if rx.left /∈ G.V then
14: G.V ← G.V ∪ {rx.left}
15: S ← S ∪ {rx.left}
16: end if
17: G.E ← G.E ∪ ⟨rx, rx.left⟩
18: end if
19: if rx.right is not a leaf then
20: if rx.right /∈ G.V then
21: G.V ← G.V ∪ {rx.right}
22: S ← S ∪ {rx.right}
23: end if
24: G.E ← G.E ∪ ⟨rx, rx.right⟩
25: end if
26: end if
27: end while
28: return G

comes at a great computational cost which we want to avoid for this task.

We used two main approaches to encode a graph in traditional graph features. We extract in-

dividual vertex features, such as vertex degree, in the first approach. Next, we design a readout

function, which can be as simple as averaging values to pool vertex features. In the second ap-

proach, we ignore vertex features and directly extract graph-level features such as graph diameter

and the number of strongly connected components. We follow a combination of both approaches

and extract the following features on both vertex and graph levels:
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• Vertex-level metrics:

– In-degree, out-degree, and total degree of a vertex

– Path distance to all vertices

– Betweenness centrality

• Graph-level metrics:

– Diameter of the graph

– Number of vertices and edges

– Directed three-vertex motif counts (16 types) [238]

– Clustering coefficient

Additionally, we have tested several vertexes and graph features such as numbers of strongly

and weakly connected components and hub/authority scores [239]. For reporting purposes, we

only provide features that improve the performance of Topological Forest on out-of-bag test data.

Computational cost: Extracting graph encodings of an individual decision tree is a non-trivial

operation. Features like betweenness centrality requires a time complexity of O(|V | × |E|) [240]

and motif counting requiresO(|E|) [238]. We use the vanilla clustering coefficient implementation

of the Jung library [241] whose time complexity is O(|V |3). Most datasets on the UCI repository

have less than 50 features. As a result, the graphs that we extract from decision trees are quite

small, with less than 50 vertices. Furthermore, decision tree depth is bounded by the number

of training data points. As a result, there are less than 200 parent-child relationships recorded

as edges in these graphs. For these reasons, the graph representation creates quite small graphs

(Figure 3.5) (i.e., |V | < 50 and |E| < 200 for most datasets). As a result, computational costs of

graph representation and encoding in Topological Forest are negligible.

We average vertex features to find the corresponding graph feature (e.g., average vertex degree

in the graph). Combining five averaged vertex features and 20 graph features, we create a decision

tree representation e⃗ ∈ RD′ where D′ = 25. This representation allows us to compare and contrast

decision trees which may use different features, split values, and tree depth.
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3.1.4 Topological Clustering

We employ the highly customizable TDA tool Mapper [242] to analyze and cluster decision trees

in the original vanilla random forest. Mapper was formally described in Section 2.1.2, where we

introduced its construction in detail. Here, we briefly summarize only the components necessary

for clustering decision tree encodings. The key idea behind TDA Mapper is as follows: Let T be

a total number of observed trees and {e⃗t}Tt=1 ∈ RD′ be a data cloud of tree encodings. For our

dataset, D′ = 25. We employ the t-distributed stochastic neighbor embedding (t-SNE) [232] as

a lens to reduce the data into a two-dimensional space. The t-SNE converts similarities between

data points to joint probabilities and minimize the Kullback-Leibler divergence between the joint

probabilities of the low-dimensional embedding and the high-dimensional data. Next, we select a

function ξ : {e⃗t}Tt=1 → R that filters data in one of the two dimensions.

Figure 3.4: Mapper network of the Adult dataset with
cls = 5, ncubes = 10, and overlap = 0.6. Each
node represents a soft cluster of decision trees from
the Vanilla Forest (a tree can belong to multiple clus-
ters). Edges indicate shared decision trees between
clusters.

Let I be the range of ξ, that is, I =

[m, M ] ∈ R, where m = min ξ(e⃗t) and

M = max ξ(e⃗t) in the dimension d′. We

place data into overlapping bins by divid-

ing the range I into a set S of smaller over-

lapping intervals of uniform length and let

uj = {t : ξ(e⃗t) ∈ Ij} be trees correspond-

ing to features in the interval Ij ∈ S. For

each uj we perform a k-means clustering

to form clusters {tjk}.

We analyze the empirical distribution

of edge lengths where each cluster is

merged to find the number of clusters. The

merging criteria are based on the rationale

that internal distances (i.e., within a cluster) are expected to be lower than external distances (i.e.,
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in-between clusters), and distributions of internal and external distances are disjoint. Let {tjk}

denote the k-th cluster of the j-th interval. We construct a cluster graph by transforming each clus-

ter into a node and adding an edge between two nodes k and p if clusters {tjk} and {tlp} contain

overlapping data points, i.e., {tjk} ∩ {tlp} ̸= ∅. Formally, the graph is called a TDA Mapper graph

or a topological network.

Figure 3.5: A sample graph representation
of a single decision tree from the Adult
dataset. Edge labels indicate the number of
parent–child splits within the tree. Higher
edge values represent more frequent splits
from the source feature to the destination
feature.

After the graph transformation of decision tree

clusters, TDA Mapper produces a low dimensional

representation of the underlying data structure in the

form of “cluster tree” graph CT where each “clus-

ter” is a branch of some single connected component

rather than a disconnected component on its own as

in conventional clustering analysis. In Fig. 3.4, we

show an example of “cluster tree” graph that is con-

structed from Adult Dataset [243].

In the underlying mapper library, we can control

the bin count with the ncubes, and interval overlap

with the overlap parameters. A high overlap value creates more edges between vertices, whereas

higher ncubes and k values create more vertices in the graph. As explained in Section 3.1.5, Topo-

logical Forest allows fine-tuning the inference process on the mapper network with various se-

lection strategies that consider vertex sizes and edges. We consistently report good performance

results across various datasets in our experiments with appropriate mapper parameters.

3.1.5 Ensemble Selection

As the previous section 3.1.4 explained, the TDA mapper network contains vertices that are clusters

of decision trees and edges that show the relationship between neighbor clusters. This type of

mapper network encodes topological insights into the trained decision trees. In particular, the

network shape and the positions of vertices on the network convey helpful information about the
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diversity and quality of decision trees. For example, consider the disconnected components of the

mapper graph in Figure 3.4. Although we use a high overlap value of 0.6, which increases the

probability of establishing an edge between two clusters, three groups of vertices (i.e., clusters)

at the bottom right have no edges to the rest of the network; they form disconnected components.

This phenomenon is inherently due to the dissimilarity of some decision trees and their encodings

with respect to the rest of the decision trees. However, this observation of dissimilarity does not

tell us anything about the utility of such isolated clusters and their decision trees. In one (and

most likely) scenario, trees of the isolated vertices may have been built on useless features or noisy

data points that add no predictive power to the forest. In a second scenario, the isolated trees may

have been built on the most predictive features and data points. We design topological cluster

selection strategies to test such hypotheses and evaluate the predictive power of clusters. We will

use Figure 3.6 to explain three selection strategies: random, greedy mapper, and quality. In all

three strategies, we first compute a cluster graph CT with a set of clusters defined as vertices on

the graph. For simplicity, we will use graph notation and refer to a cluster k as vk ∈ CT .

Figure 3.6: An inset of the Mapper network shown in
Figure 3.4 (bottom right). Vertex size is proportional
to the number of decision trees in each cluster: v2, v3,
and v4 each contain a single tree, while v1 contains 13
trees. Vertex colors are artifacts of the Mapper library
(binned mean IDs of the decision trees).

Random: We randomly select n clusters

and build a Random Forest from the union

of the trees of the chosen clusters.

Greedy Mapper: We select n clusters

that yield the highest AUC individually

and create an ensemble from the union of

the decision trees. We build an ensemble

from the trees of each cluster and test the

predictive power of the ensemble on vali-

dation data. Next, we test the ensemble on

out-of-bag test data.

Quality: The Quality Strategy uses a homogeneity metric-based selection which we define as the

average tree agreements over correct and incorrect predictions for all validation data points. If most
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trees agree on a label, homogeneity will be high. However, the trees may agree on true (correctly

predicted) and false (incorrectly predicted) labels. Clusters whose trees are homogeneous on true

labels are preferable to those of false labels. In both cases, we hypothesize that if decision trees of

a cluster contradict each other in classification (i.e., low homogeneity), the cluster must have been

formed out of “bad trees”.

Figure 3.7: Decision tree votes of two clusters for two
data points. Green circles indicate correct classifica-
tions, while red crosses represent incorrect ones.

We split the set of data points in X =

{Xi ∪ Xf ∪ Xt} w.r.t. the random forest

classification. Xt comprises data points

classified correctly by the random forest

by majority voting, whereas Xf comprises

data points that are misclassified by ran-

dom forest by majority voting. Lastly, Xi

includes points where the decision trees

vote equally for true and false labels. For-

mally, we define true homogeneity as fol-

lows:

Definition 2 (True homogeneity of cluster vk) Let h denote the number of decision trees in clus-

ter vk that correctly classify data point x. Then, the true homogeneity of vk is defined as:

HTrue = 1
|Xt|

∑
x∈Xt

|{h ∈ vk | h(x,Θ) = y}|
|vk|

(3.2)

Similarly, we define false homogeneity as follows:

Definition 3 (False homogeneity of cluster vk) Let h denote the number of decision trees in clus-

ter vk that misclassify data point x. Then, the false homogeneity of vk is defined as:

HFalse = 1
|Xf |

∑
x∈Xf

|{h ∈ vk | h(x,Θ) ̸= y}|
|vk|

(3.3)
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We calculate a cluster quality score for all existing clusters based on the true and false homo-

geneity scores as follows:

Definition 4 (Cluster Quality Index) The Cluster Quality Index (CQI) measures the overall con-

sistency of a cluster by combining its true and false homogeneity scores. It is defined as:

CQI = wTrue ×HTrue − wFalse ×HFalse, (3.4)

where

wTrue = |Xt|
|X|

, wFalse = |Xf |
|X|

. (3.5)

Example 1 (Homogeneity) Consider the two topological clusters shown in Figure 3.7. Cluster 1

contains six decision trees, where four of them correctly classify data point 1. Cluster 2 contains

four decision trees, and only one of them misclassifies data point 1. Similarly, only one decision

tree of cluster 1 misclassifies data point 2, whereas three decision trees of cluster 2 misclassify

data point 2.

In true homogeneity computations, we will use data points 1 and 2 for cluster 1, but only

datapoint 1 for cluster 2. Datapoint 2 is misclassified by the majority of cluster 2 decision trees.

As a result, datapoint 2 will be used to compute the false homogeneity of cluster 2.

For cluster 1, HFalse = 0 and HTrue = 1
2(4/6 + 5/6) = 3/4.

For cluster 2, HFalse = 1
1(3/4) = 3/4 and HTrue = 1

1(3/4) = 3/4.

We compute the cluster quality index for cluster 1 as CQI1 = (2/2)× 3/4− (0/2)× 0 = 0.75

whereas CQI2 = (1/2)× 3/4− (1/2)× 3/4 = 0.0.

As a result, our quality metric favors cluster 1 in its ensemble selection.

Homogeneity does not punish nor reward Tie cases where decision trees vote equally for correct

and incorrect labels. In Tie cases the number of miss-classifying decision trees is equal to number

of correctly classifying decision trees in a cluster. After indexing all clusters, we select the highest

quality clusters and create an ensemble out of their trees.
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Dataset Instances Attributes Majority Class

Diabetes [244] 100K 21 78%
Binary Connect-4 [244] 68K 42 65%
Adult [243] 33K 14 76%
Binary Poker [245] 25K 10 99%
Binary Letter Recognition [246] 20K 16 80%
Nursery [247] 13K 6 50%

Table 3.1: Dataset characteristics.

Quality Top-x: Differing from the Quality approach, after selecting Top-K clusters based on the

index score, we limit tree selection to Top-1, Top-2, or Top-5 best trees based on the tree score

index in each cluster. For calculating the tree score index inside each cluster, we count the number

of positive and negative collaborations of each tree. If a tree contributes to true homogeneity, it is

rewarded with +1, and if it contributes to false homogeneity, it is penalized with −1. The top 1, 2,

and 5 trees with the highest rewards are selected for an ensemble.

3.2 Experimental Results

We have released our source code at https://github.com/cakcora/MultiverseJwhere

we have developed a complete classification Random Forest in Java.

3.2.1 Datasets

For the experiments, we selected six classification datasets from the UCI Machine Learning Repos-

itory with two selection criteria to ensure robust classification results: the number of data points in

a dataset must be more than 10K, and the dataset should have six or more features. As Table 3.1

shows, the selected datasets have diversified population sizes, attributes, and majority-class per-

centages. Diabetes, Adult, and Nursery data sets have binary labels while other datasets have more

than two classes.
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Figure 3.8: Hierarchical clustering of the
25 features used in graph encodings on the
Adult dataset. The y-axis shows distances
between features. Triad 16 co-clusters with
edge count, while other triads mostly cluster
together. Distances are relatively small (e.g.,
between triads 12 and 13) compared to those
between edge count and triad 16.

Since our focus in this work is binary classifica-

tion tasks, we reduce the number of classes for non-

binary datasets in the following way. For the Poker

dataset nothing in hand, one pair, two pair and three

of a kind classes were re-labeled as low probability

to win. Other classes were classified as high proba-

bility to win. In the Connect-4 dataset, draw and loss

were merged in not-win class along with the exist-

ing win class. In the Letter Recognition dataset, the

first 13 letters were merged in a 0 class, and the last

13 letters were merged in a 1 class.

3.2.2 Features and Graph Encodings

Dataset Greedy Mapper Quality Q-Top1 Q-Top2 Q-Top5 Random Vanilla Forest

Diabetes 0.63±0.008 0.56±0.010 0.56±0.010 0.56±0.010 0.56±0.010 0.59±0.020 0.65±0.006
Binary Connect-4 0.81±0.010 0.79±0.010 0.78±0.010 0.80±0.010 0.79±0.010 0.77±0.020 0.85±0.005
Adult 0.89±0.005 0.88±0.005 0.88±0.005 0.88±0.006 0.88±0.005 0.87±0.010 0.90±0.004
Binary Poker 0.76±0.100 0.54±0.150 0.53±0.130 0.53±0.160 0.52±0.150 0.41±0.170 0.77±0.099
Binary Letter Recog. 0.94±0.008 0.94±0.009 0.95±0.009 0.95±0.008 0.94±0.010 0.92±0.020 0.95±0.006
Nursery 0.53±0.010 0.52±0.010 0.54±0.010 0.53±0.010 0.52±0.010 0.47±0.010 0.48±0.015

Table 3.2: AUC of different methods using 10% of trees. Greedy Mapper AUC is, on average,
98% of the Vanilla Forest AUC.

During the training phase (See Section 3.1.3), we extract a graph from each decision tree of

the vanilla Random Forest for all data sets. Next, we extract features from each graph and use the

TDA Mapper to create a topological network.

We use hierarchical clustering to show the similarity of features over trees. Although hierar-

chical clustering is not used by proposed approach in the topological forest, we use graph features

extracted from each decision tree and pass them to the TDA mapper. If these features are very cor-

related and clustered together in the feature space, this will reduce the efficiency of TDA mapper

step as it process these features as an input. Therefore, visualization of this clustering information
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is very critical from experimental results perspective.

In Figure 3.8 we show the relationship between the features where we hierarchically cluster the

extracted features from graphs. Triads are the directed 3-vertex motifs [238], and they co-cluster

well, except for triad 16, which is the strongest (closed) triangle motif. Unsurprisingly the median,

average in (avgIn), and average out-degree (avgOut) co-cluster with the triads 12 and 13, which

are closed triangle motifs. However, these degree-statistics-based features do not co-cluster with

betweenness or edge count. This behavior arises because we one-hot encode categorical features

of the data, creating many vertices (i.e., new features) in the graph. Such graphs have many edges,

but they exhibit low clustering coefficients and few connected triads.

3.2.3 Tuning for TDA Mapper

Figure 3.9: Homogeneity in the Adult dataset with
varying cluster overlap percentages (perc_overlap).

We have experimented with a set of TDA

Mapper parameters for each dataset and

reached the best overall AUC performance

for n_cubes = 10, perc_overlap =

0.6 and number_of_clusters = 5.

The performance is not sensitive to the

number_of_clusters within a cube or

num_cubes. However, perc_overlap de-

termines how connected the topological

network will be. A more connected net-

work implies more shared decision trees between clusters. As a result, clusters include less sim-

ilar decision trees that create lower classification homogeneity (i.e., trees vote differently on data

points).

Figure 3.9 shows that our methods are robust against the overlap percentage. An increasing

overlap percentage lowers homogeneity, but the decrease is not drastic (from 0.99 to 0.89), which

shows that features of decision trees are diversified enough to create separate clusters even when
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we allow for a higher overlap. As a result, trees in a cluster are similar and vote similarly. The

high homogeneity is a significant result because, as we show in Section 3.2.4 it will enable us to

use fewer decision trees from a cluster but reach similar performance in classification.

3.2.4 Classification Results

Our experiments partition each dataset into 80% training, 10% validation, and 10% out-of-bag test

subsets. We ran each experiment 30 times, where we used random seeds to select the partitions in

each replica. A vanilla forest has been created on the training subset in each replica. The vanilla

forest has been tested for any possible overfitting by comparing the overall accuracy of the train

and test set, which were close to each other.

In the next step, we employ the Kepler Mapper [33], a Python implementation of TDA Mapper,

with built-in visualization, dimensionality reduction, and clustering options on the vanilla forest

decision trees to create and visualize our TDA results.

We report our results in terms of ROC AUC and run-time performance. We compared six en-

semble selection strategies with vanilla random forest. The definition of each strategy is explained

in Section 3.1.5. Table 3.2 shows the mean and standard deviation of AUC results over the 30

replicas. As Table 3.2 shows, we find that Greedy Mapper has the best AUC on four datasets among

all ensemble selection strategies. Greedy Mapper also loses only 2% of AUC with significantly

smaller (10x, 30 trees) Topological Forest size compared to the vanilla Random Forest, which has

300 decision trees. In the Poker and Letter Recognition datasets, where we have substantial class

imbalances (99% and 80%, respectively), Greedy Mapper and Q Top5 AUC are close to the Vanilla

Forest in terms of AUC, which offers evidence that selecting the best clusters can also help with

class imbalance.

We also reported the prediction quality of three random forest policies that have 5%, 10% and

100% of decision trees as proxy for all approaches that tune the number of decision trees. Table

3.3 shows the results for randomly picking up decision trees. Since topological forest has 10%

of decision trees, comparing these three policies gives an idea of the upper and lower bound on
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prediction quality when number of trees is purely tuned. From these new experimental results, we

find that the quality and diversity of decision trees are very important factors in further improving

the prediction quality of random forest. As shown in Table 3.3, the Greedy Mapper approach

produces random forest with 10% of decision trees, which is better than random policy that uses

10% of decision trees.

Dataset 5% trees 10% trees 100% trees

Diabetes 0.58±0.007 0.60±0.005 0.65±0.006

Binary Connect-4 0.76±0.005 0.79±0.007 0.85±0.005

Adult 0.87±0.005 0.88±0.006 0.90±0.004

Binary Poker 0.40±0.14 0.55±0.16 0.77±0.10

Binary Letter Recog. 0.91±0.006 0.93±0.009 0.95±0.006

Nursery 0.45±0.014 0.46±0.015 0.48±0.015

Table 3.3: AUC for random tree selection policies.

Table 3.4 shows the computational

cost of the inference task from our best

approach, Greedy Mapper, and the Vanilla

Random Forest when deployed on the test

data. Here, the computational cost during

the inference task is defined as the total

CPU time spent for all computations, in-

cluding the cost of inference from individ-

ual decision trees. In the best case, Greedy Mapper improves computational cost 217 times com-

pared to Vanilla Forest in the Adult dataset, whereas the improvement is around 22 times for the

Binary Poker dataset. On average, Greedy Mapper reduces the inferring time on the test data with

such high values for two reasons. First, the number of decision trees in the ensemble is reduced

by 90% or more after applying ensemble selection strategies. Second, trees that are built on low

quality features grow too complex to fit the training data better. However, such deeper trees are

unlikely to appear in the best-performing clusters. As a result, such trees are excluded in Greedy

Mapper, contributing to better run-time results.

We also compared the computational cost of all approaches for the training task in Table 3.5.

Here, the computational cost during the training task is defined as the total CPU time spent for

all computations, including training individual decision trees and any other downstream steps like

graph encoding of decisions trees or running the TDA Mapper. While, on average, Greedy Mapper

is 4.1 times slower than Vanilla Forest for the training task, it is 113 times faster than Vanilla

Forest in the inference task. Thus, the trade-off between the cost of training and the computational
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performance in the inference task significantly justifies the use of Topological Forest.

Dataset Vanilla Greedy Speed
Forest Mapper Up Ratio

Diabetes 842.16±146.34 4.76±3.85 177×
Binary Connect-4 382.33±63.60 2.53±1.07 112×
Adult 294.53±56.38 1.36±2.98 217×
Binary Poker 36.76±2.16 1.68±0.47 22×
Binary Letter Recog. 145.10±7.00 1.14±0.69 127×
Nursery 44.03±9.27 1.73±0.63 25×

Table 3.4: Inference cost (milliseconds).

Dataset Vanilla Greedy Slow
Forest Mapper Ratio

Diabetes 7.51±0.41 18.49±0.39 2.46×
Binary Connect-4 1.61±0.08 7.37±0.22 4.57×
Adult 5.04±0.53 14.01±0.45 2.77×
Binary Poker 1.38±0.13 6.11±0.22 4.42×
Binary Letter Recog. 4.40±1.11 11.73±0.88 2.66×
Nursery 0.58±0.09 4.48±0.11 7.72×

Table 3.5: Training cost (seconds).

The efficiency of the Topological Forest is mainly related to the computational time savings in

inferral. Topological Forest uses 10% of the trees and yields comparable performance to Vanilla

Forest. Furthermore, Topological Forest performs better than the Vanilla forest in Nursery and

Letter Recognition datasets (Table 3.2). In this sense, our method has better AUC performance for

some datasets as well.

3.3 Conclusion

We have developed an open-source implementation of our novel ML method Topological Forest.

Our approach builds on a Vanilla Random Forest implementation but uses topological methods

to create a refined ensemble that has a smaller number of decision trees and better trees in the

forest. On average, Topological Forest speeds up inference time by more than 100x for a cost of

at most 2% reduction in AUC. The results of our experiments suggest that the topological forest is

considerably faster than random forest. Moreover it needs less resources and efforts compared to

neural networks.
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Blockchain is an emerging technology that has already enabled a wide range of applications,

from cryptocurrencies (e.g., Bitcoin and Ethereum) and digital asset management to accountable

data sharing. Most of the blockchain information can be represented as single and multilayer

graphs composed of different types of nodes or edges. For example, for the Ethereum blockchain,

the transactions that trade a digital token or asset can be seen to create a unique layer between the

involved addresses (i.e., nodes of the transaction graph). Due to the increased popularity, analyz-

ing the graph data stored on blockchains has emerged as an essential data science and machine

learning (ML) problem. For example, building ML models (e.g., graph neural networks) using

cryptocurrency blockchain graphs has direct applications for ransomware payment tracking, price

manipulation analysis, and money laundering detection.

Analyzing the massive blockchain data today requires significant efforts to extract the underly-

ing graph by running a Bitcoin client or paying for commercial APIs (e.g., etherscan.io) to down-

load transaction data. Even when we extract transaction data by any means, we must allocate con-

siderable resources to construct blockchain graphs. For example, a leading open-source Bitcoin

parser BlockSci [248] requires 60GB of memory to build the Bitcoin transaction graph. Ethereum

poses even greater challenges as its data is bigger and requires smart contract analysis to discover

internal transactions. Combined with data size and complexity issues, blockchain research also

lacks labeled data for many significant problems – these issues plague ML on blockchains and

force researchers to develop their pipelines to work with blockchain data.

To enable broader ML research in this emerging area, we created a dataset repository named

Chartalist, containing cleaned and labeled data (e.g., known ransomware payment addresses) com-

bined with open-source data loaders and graph extractors for easy analysis and model building

using the provided data. To the best of our knowledge, Chartalist is the first attempt to system-

atically organize blockchain data for the broader ML community and provide a set of ML tasks

defined for appropriate blockchain datasets.

In addition to facilitating ML applications on blockchains, our dataset further enables ML

model development for dynamic multilayer graphs. In particular, although there are many publicly
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available multilayer graph datasets, the existing graphs are either small, static, focus on a specific

case when the set of nodes is fixed across layers (i.e., multiplex networks), or lack ground truth

information. To our knowledge, no dynamic multilayer graphs with ground truth for anomaly de-

tection are publicly available. In contrast, our dataset provides large-scale, dynamic multilayer

networks where nodes, edges, and edge weights evolve. Furthermore, adopting and curating major

blockchain events allow us to complement such multilayer graphs with the ground truth infor-

mation on event anomalies. The graph data given in Chartalist can be used for a broad range of

ML tasks, such as forecasting, link prediction, and node classification with graph neural networks

(GNNs).

Sustainability of Chartalist. Data Security and Privacy Lab of UT Dallas and Future Data Lab

of the UManitoba are committed to hosting, managing, and updating the Chartalist Data Repository

at least quarterly.

Chartalist contributes to graph ML research in the multifold ways:

• Chartalist removes the burden of downloading, parsing, and cleaning blockchain data, the key

bottleneck for analysis of blockchain data by the broader ML community. Chartalist aims to be

a reliable supplier of Bitcoin and Ethereum blockchain graphs and plays a vital role in emerging

graph machine learning.

• Chartalist intends to be the focal point for curated address and edge labels that are collected from

the community.

• Chartalist provides transaction and block extraction and graph creation tools to facilitate graph

machine learning on blockchains.

4.1 Overview of Chartalist Data Commons

Chartalist has three main components: 1) A holistic view of blockchains and formulations of

graph machine learning tasks. 2) A comprehensive ecosystem of tools and community resources
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Figure 4.1: In the UTXO model, transactions (i.e. t1, t2) between addresses (ai) can consist of
multiple inputs and outputs. In the account model, every transaction has only one source and
target address.

to support blockchain data analytics. 3) A set of boards to support performance comparison and

benchmark for the tasks. As a first step, we now provide an overview of blockchain types that

shape our approach in ML model building using the blockchain transaction network.

4.1.1 Blockchain Data Types

Due to the numerous advantages of blockchain technology, blockchain-based platforms are grow-

ing very fast. Although the fundamental concepts behind all these networks are very similar, They

may use various architectures with different data types to implement their network. For instance,

Bitcoin (2008) [249] is the first implementation of blockchain technology where coin transaction

are the primary data to be stored; However more recent platforms such as Ethereum has been

created to store more complicated structures like software code, called smart contracts.

Blockchains can be categorized into two broad lines in terms of transaction type: unspent

transaction output (UTXO)-based (e.g., Bitcoin, Litecoin) and account-based (e.g., Ethereum)

blockchains [250]. The difference between UTXO and account-based models profoundly impacts

blockchain networks [251]. Figure 4.1 illustrates UTXO and account model transaction networks.

An analogy to account-based blockchains is bank accounts that can be used to make payments and

keep a remaining balance. In these blockchains, a transaction has exactly one input and one out-

put address (an address is a unique account identifier on the blockchain transaction network). An

address may be used to receive and send coins multiple times. The resulting network is similar to

traditional social networks, which implies that social network analysis tools can be directly applied
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to account networks. Smart contracts are a more recent concept mainly available on account-based

platforms [252]. These contacts have their own account addresses which can be called to enable

certain actions such as buying/selling digital tokens [253]. An account-based smart contract plat-

form employs code accounts to manage application-specific states, such as asset balances. These

state changes can result in a diverse set of asset networks. The networks may share the same set

of account addresses, allowing us to link activity, observe asset flows in the network, and create

multilayer networks (i.e., flows associated with each asset result in a different layer).

In turn, the second type (i.e., UTXO-based blockchains), such as Bitcoin, have made design

choices to blur the association between input and output addresses of a transaction [254]. First,

transactions may involve more than two addresses. Users often use many addresses, and it is not

straightforward to establish which input addresses of a transaction sent coins to a specific output

address. Consequently, the ways of processing data are entirely different across networks. Thus,

knowing the data types and network interactions is essential for implementing ML models on top

of these networks.

4.1.2 Machine Learning Datasets and Learning Tasks

Chartalist is structured around blockchain types and currently serves UTXO and account-based

blockchains. In the following, we describe a set of problems that can be addressed based on the

datasets we provide and framed as blockchain graph ML tasks.

1. Address Clustering: This task aims to identify which addresses are co-owned by an en-

tity [255]. To approach this task, protocol design choices and application-specific user be-

haviors may be exploited.

2. Address and Transaction Type Classification: This task aims to determine whether ad-

dresses and transactions belong to a specific class type. For example, certain addresses

behave like cryptocurrency exchanges or certain transactions exhibit a malicious charac-

ter [256, 257, 7, 258].
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3. Anomalous Transaction Pattern Detection: This task aims to identify anomalous trans-

actions so that, i.e., their distinct temporal patterns can be summarized. For example, ran-

somware payments typically involve similar, and the receiving addresses use certain trans-

action types [259, 260, 261, 262, 263].

4. Multilayer Network Analysis: This task aims to predict events and phenomena that emerge

through the simultaneous use of multiple assets, which can be studied as multilayer net-

works [264].

5. Coin Tracking Across Blockchains: This task aims to uncover transaction flows between

blockchains. For example, Bitcoins can be temporarily exchanged for privacy coins such as

Monero or Zcash for obfuscation purposes.

6. Price Analytics: The goal of this task is to use observable blockchain activity, such as within

the transaction network, to predict asset or coin prices [265, 266, 267, 268, 269, 270, 271,

272, 273] and the associated analysis of volatility [274, 275].

4.1.3 Tools and Frameworks for Blockchain Data Analytics

We curate our transaction network data by installing a blockchain node and connecting it to the P2P

network. Afterward, we use a tool such as Bitcoin4J or Blockchain-ETL (https://github.

com/blockchain-etl) to parse Bitcoin, Dash, and Ethereum. Although blockchain data can

be accessed publicly, creating the transaction network is arduous. First, blockchain sizes have be-

come prohibitively large to run data analytics in a single machine. Second, linking transactions

to develop a blockchain network requires domain expertise, which many ML practitioners lack.

Third, as BlockSci warns “cryptocurrencies continue to update their protocols, they may lose com-

patibility with BlockSci parsers”. Chartalist aims to be a reliable supplier of blockchain graphs

and meet a vital role in graph machine learning to combat this. Many blockchain analytics compa-

nies offer REST APIs to access blockchain data and networks. Examples are etherscan.io, block-

cypher.com, and infura.io. However, APIs are costly or allow limited access to the API through a
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rate limit. For example, etherscan.io allows only five queries per second for the Ethereum network.

We provide datasets for the aforementioned tasks on Bitcoin, Dash, and Ethereum. With the

community’s help, we aim to provide a labeled dataset for each task on Bitcoin, Ethereum

(and its asset networks), Monero, Zcash, Dash, and Ripple and continuously expand the number

of blockchains covered. All datasets contain transaction time, metadata, provenance information,

and curated labels. Chartalist datasets vary in size between 50 thousand and 40 million edges.

In addition to transaction graphs, we have curated address labels for the tasks. They originate

from the domains of ransomware attacks, asset networks, and decentralized finance. In particular,

we have used the label cloud of etherscan.io to curate Ethereum address labels (see [257]).

We have curated our Bitcoin ransomware address labels from Montreal [276], Princeton [277]

and Padua [278] studies. We have provided our code and data under a CC BY-NC (Attribution-

NonCommercial) license.

Limitations. New Blockchain addresses are created daily. Hence new address labels may be

missing from our labeled Ethereum dataset. On Bitcoin, many entities pay the ransom without

disclosing the payment [279]. As such, our ransomware dataset cannot be complete. Our goal in

sharing the dataset is to encourage detecting such undisclosed payments.

Ethics and Privacy. We must stress that all transaction data is theoretically already available

to users with the resources (fast SSDs, large RAM, and disk space) to synchronize blockchain

clients with the respective networks and manually extract information. An individual user’s privacy

depends on whether personally identifiable information (PII) exists about any of their blockchain

addresses, which serve as account handles and are understood to be pseudonymous. Our data does

not contain any PII. However, it is possible that if such PII were to be obtained from other sources,

the datasets we are proposing here could lead to further privacy-related implications. This scenario

cannot be prevented because all raw data is already accessible to users controlling significant

hardware resources. Real-life identities may be discovered by using IP tracking information, which

we do not have nor share. Furthermore, we curate all labels from public information or publicly

available models (e.g., etherscan.io tags for Ethereum). The data does not contain individually
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identifiable information or personal attributes. Hence, there is no need for any anonymization of

the data.

Most of our labels are published by Blockchain entities themselves. For example, exchanges

publish their Ethereum addresses. Ransomed entities publish Bitcoin ransom addresses. Note

that our Bitcoin label dataset consists of solely such disclosed addresses. We, for example, have

not released a set of suspicious (potentially ransomware) addresses that we found in our previous

work [256] for privacy reasons. Furthermore, we provide an online tool to appeal for the exclusion

of an address from our dataset with a promise of responding to such requests promptly.

4.2 Tasks and Baseline Experiments

This section describes the first three tasks in more detail and provides baselines for them. We refer

the reader to our website for more details on the other tasks.

4.2.1 Ransomware Address Classification on Bitcoin

Blockchain transactions can be created anonymously, and participation in the network does not

require identity verification. Hackers can demand a ransomware payment by delivering a public

blockchain address (i.e., a short string) to a sender using anonymity networks such as Tor [280].

Why is the task important? Malicious actors have noticed blockchain technology’s ease of usage

and worldwide transaction availability. The pseudo-anonymity of users in cryptocurrencies such

as Bitcoin has attracted the interest of a diverse body of criminals, transnational terrorist groups,

and illicit users. Cryptocurrency-related crime and criminal abuse of blockchain technologies are

nowadays recognized as the fastest-growing type of cyber-crime. Ransomware has emerged as

a critical threat to infrastructure in many countries. Using cryptocurrencies for ransomware pay-

ments appears to be substantially more prevalent than has been previously realized. As noted by

Hernendex-Castro et al. [279], among the respondents to their survey, “the prevalence of the Cryp-

toLocker ransomware seems much higher than expected”. Detecting undisclosed payments and
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discovering ransoming actors have become critical tasks in blockchain data analytics.

Ransomware analysis has two sub-problems: identifying undisclosed payment addresses of a

known ransomware family and detecting the emergence of a new ransomware family. We formu-

late and include the second problem as a particular case of the first one and formalize the problem

as node label prediction in a directed weighted graph.

Experimental Setup. This task uses the Bitcoin transaction graph in Chartalist. Using a time

interval of 24 hours, we extracted daily transactions on the network and formed the Bitcoin graph.

We have filtered out the network edges that transfer less than BTC 0.3 for computational efficiency

since ransom amounts are rarely below this threshold. We have labeled 24,486 addresses from 26

ransomware families (see [256]).

Let f1, . . . , fn be labels of known ransomware families observed until time point t. We set f0

as the label of addresses that are not known to belong to any ransomware family, and we assume

them to be white addresses. Let rs be a known ransomware family of interest. Let Ỹt ⊆ Yt be

such that ∀yj ∈ Ỹt, yj ∈ {f0, frs}. Let {al+1, . . . , al+z} be a set of addresses whose set of labels

Yt′ = {yl+1, . . . , yl+z} is unknown. Let t′ > t, and t < min{tal+1 , . . . , tal+z
}. The problem is to

predict all addresses am ∈ {al+1, . . . , al+z} such that ym = frs, using the transaction graph and

history (Xt, Yt).

Baseline. We approach the baseline detection task by extracting six features [256] from the daily

Bitcoin transaction network for each address. We have designed the graph features to quantify

ransomware operators’ specific obfuscation patterns. Afterward, we employ tree bases methods,

clustering, and naive similarity search on the feature matrix of all Bitcoin addresses.

Address clustering identifies which blockchain addresses are controlled by the same real-life

entity/person. A popular method involves finding input and output address associations in a trans-

action. For example, on Bitcoin, two heuristics are widely used as baselines [281]. Co-spending

heuristic: “If two addresses are inputs to the same transaction, the same user controls them”.

Transition heuristic: “If we observe one transaction with addresses A and B as inputs and an-

other with addresses B and C as inputs, then we conclude that A, B, and C all belong to the same
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user”. Using co-spending and transition heuristics with all history, we discover only 40 unique ad-

dresses from CryptoLocker, CryptoWall, CryptoTorLocker2015, CryptoTorLocker2015 families.

Figure 4.2: Ransomware detection with exact feature
matches.

Naive similarity search: An interest-

ing benchmark for detecting undisclosed

payments from existing families is to com-

pute the similarity of Xt′ addresses to the

past addresses in Xt. If existing families

exhibit repeating patterns over time, the

similarity search can match new addresses

to known ransom addresses. Figure 4.2 shows that this strategy may be effective. Using exact

matches to known ransom patterns of the past, a six-day similarity search reveals more than 50

addresses each day while predicting a maximum of 73 false positives on 2013, day 336. These

results offer supporting evidence of the utility of our features. However, this naive approach cre-

ates 21,371 FP addresses for the period we considered, making it unfeasible for operational use by

security analysts.

Results.
Table 4.1: Detecting undisclosed ransomware pay-
ment addresses.

RS Method TP FP FN TN Prec Rec

Locky TDA 451 2350 50 8221 0.161 0.900

COSINE 2395 41681 3990 146369 0.054 0.375

Crypto Wall TDA 217 3087 155 11200 0.066 0.583

DBSCAN 728 18960 794 16913 0.037 0.478

Crypto Locker TDA 439 9686 212 22129 0.043 0.674

DBSCAN 935 42771 295 11316 0.021 0.760

Cerber TDA 187 5174 459 23027 0.035 0.289

XGBOOST 1606 47307 7279 374169 0.033 0.181

Crypt XXX TDA 77 2460 271 11057 0.030 0.221

COSINE 589 20872 610 42952 0.027 0.491

As Table 4.1 shows, baseline models

yield better recall than precision. Similar

to our (proposed) topological data anal-

ysis method (TDA), which performs the

best, the DBSCAN clustering algorithm

can ignore data points in its model build-

ing; two of the best non-TDA results are

delivered by DBSCAN models. In the best

TDA models for each ransomware fam-

ily, we predict 16.59 false positives for

each true positive. In turn, this number is
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27.44 for the best non-TDA models.

4.2.2 Address Classification on Ethereum

The Ethereum project [282] was created in July 2015 to provide smart contract functionality on

a blockchain. Smart contracts are Turing-complete software codes that are replicated across a

blockchain network. Some smart contracts implement mechanisms to allow the trading of digital

assets, known as tokens [283], on the blockchain. We refer to such a smart contract as an asset

contract and use the term asset interchangeably. Like cryptocurrencies, an asset is transferred

publicly between accounts (addresses). It may have an associated value in fiat currency which is

arbitrated by asset demand and supply in the real world. These asset transfers create a directed,

weighted multigraph between Ethereum addresses.

Why is the task important? Blockchains have enabled a new class of decentralized services,

such as lending protocols, data oracles, stablecoins, and decentralized exchanges. The entities can

employ regular accounts or smart contracts to facilitate information exchange or asset trades among

blockchain addresses, lend coins, and provide a forum for financial decision-making. Although

blockchain user addresses are pseudonymous, some entities publish or confirm their addresses to

foster trust and security in their communities. Furthermore, analytics companies curate addresses

of blockchain entities to analyze blockchain dynamics in real-time. However, manual curation is

time-consuming, costly, and error-prone in the decentralized finance ecosystem that trades billions

of US dollars worth of assets.

By modeling transaction behavior, we automate address identification and address type (e.g.,

proxy address of an exchange). Here we have formulated this task as identifying the most central

nodes in Ethereum token networks (see [257]). Token networks offer more; we have also cre-

ated a multilayer network out of token networks to detect global temporal anomalies (e.g., when

blockchain technology is banned in a country). However, due to space limitations, the anomaly

task is not explained here (see [264]).

Experimental Setup. This task uses the token networks dataset in Chartalist. Our address labels
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are taken from Etherscan,1 a prominent Ethereum block explorer. Covering 149 centralized and

decentralized exchanges, we have manually collected 296 account addresses that were listed pub-

lically in May 2020. Labeled data is scarce; not all the top token networks have multiple exchange

nodes taking part in them. For the following evaluation, we only consider those token networks

that contain at least ten such labeled exchange nodes, which reduces the number of networks con-

sidered to 28. We first evaluate the top 100 networks by the number of transfers.

We evaluate the task of finding top n labeled nodes in token networks, using precision and

recall measures (shown as P@n, R@n respectively), where AP@n and AR@n denote the averages

across multiple networks. Nodes are ranked by their core membership in descending order.

Baseline. We employ k-core and weighted k-core decomposition as the baseline and add our recent

AlphaCore [257] decomposition results for comparison.

Both k-core and weighted k-core are defined for undirected networks. As the token networks

are directed multigraphs, we use a node’s neighborhood size instead of their degree. For the other

networks, degree equals neighborhood size. Furthermore, we compare against modified variations

of k-core (rows 8 and 9 of Table 4.2) and weighted k-core (rows 11 – 13), using different input

features.

Traditional core decomposition algorithms propose little in alleviating data challenges. For

example, weighted k-core suggests using α = β = 0.5 for combining properties, but improving

over this arbitrary choice is left as future work. Most networks’ edge weights are skewed, and

long tails complicate scaling and normalization issues. For example, max edge weights in token

networks can reach 1013, whereas node degrees are typically less than 3. With such a difference in

scales, node property combination becomes a challenge in weighted k-core.

Results. The first insight is that data depth-based AlphaCore [257] performs best compared to the

other two core decomposition algorithms. The results indicate that addresses of centralized and

decentralized exchanges can be discovered by using in and out-degrees of addresses. This is a

promising result to automate address type discovery in Ethereum asset networks.

1https://etherscan.io/labelcloud
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Table 4.2: Performance comparison with a ranking task using 28 token networks. Performance is
indicated using (average) precision and recall at k. We compare core decomposition methods with
a variety of input features. Feature Nin refers to the number of neighbors with incoming edges,
and Sin to the sum of weights (strength) of these edges.

Algorithm Input features

A
P@

10

A
P@

20

A
P@

50

A
R

@
10

A
R

@
20

A
R

@
50

1 AlphaCore Nin, Nout 0.54 0.45 0.30 0.10 0.16 0.25
2 AlphaCore Nout 0.50 0.44 0.27 0.10 0.16 0.23
3 AlphaCore Nout, Sin, Sout 0.42 0.33 0.21 0.07 0.11 0.18
4 AlphaCore Nin, Nout, Sin, Sout 0.41 0.33 0.22 0.07 0.11 0.19
5 AlphaCore Nin 0.50 0.41 0.24 0.10 0.15 0.21
6 AlphaCore Nin, Sin 0.39 0.30 0.19 0.06 0.10 0.17
7 k-core N 0.36 0.26 0.14 0.06 0.08 0.11
8 k-core Nout 0.22 0.16 0.11 0.03 0.05 0.10
9 k-core Nin 0.13 0.09 0.06 0.03 0.04 0.06

10 w. k-core N,S 0.37 0.30 0.19 0.06 0.10 0.16
11 w. k-core Nin, Sin 0.33 0.23 0.15 0.06 0.07 0.13
12 w. k-core Nout, Sout 0.28 0.29 0.21 0.05 0.10 0.18
13 w. k-core Nin, Nout 0.04 0.03 0.02 0.01 0.01 0.02

4.2.3 Edge Classification for Wash Trade Detection on Decentralized Ex-

changes

Decentralized Finance applications have emerged as one of the critical use cases of smart contract

platforms like Ethereum. The complexity of the applications is increasing, and transactions are not

only used as a means of value transfer but also to execute smart contract functionality.

Why is the task important? While the hashed representation of executed smart contract function

signatures is observable, not all signatures can be translated to a human-readable form because

there is a lack of publicly available smart contract source codes. Furthermore, single edges, as

well as a collection of edges, may have a higher level of meaning that can range from simple

actions such as permission changes to a set of transactions designed to perform arbitrage trades or

malicious transactions designed to feign activity where there is none: for example by artificially

inflating trading volumes by what is commonly known as wash trading. The latter represents

an illegal activity in traditional markets where existing data is difficult to obtain. Stock exchanges

usually do not provide information on which accounts have traded with each other. These examples

illustrate the need for transaction or edge classification, especially in the Decentralized Finance
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setting. In the following, we focus on the wash trade detection example.

Experimental Setup. This task uses the anomalous transaction pattern detection dataset in Char-

talist. Decentralized Exchanges (DEX) have grown very popular in the past couple of years and are

usually implemented as smart contracts. There are several variants, but those most closely mim-

icking the centralized exchange model are Limit Order Book (LOB)-based exchanges. Users can

place limit orders, directly accept existing orders, and trade one crypto-asset for another. However,

as most DEXs do not implement Know Your Customer (KYC) procedures, users can easily wash

trade crypto-assets. The Commodity Futures Trading Commission (CFTC) defines it as "entering

into or purporting to enter into transactions to give the appearance that purchases and sales have

been made, without incurring market risk or changing the trader’s market position" [284]. This can

be achieved on a blockchain by controlling multiple accounts and trading back and forth between

them. The result is fake trading volume, which may draw the attention of unsuspecting investors.

Ground truth on wash trading activity on DEX does not exist. However, we have conservatively

found trading patterns conforming to the wash trade definition. To find them, we have extracted all

trades from blockchain transaction data of the first popular LOB DEX on Ethereum, namely IDEX

and EtherDelta, up until May 4th, 2020. Each trade exchanges one crypto-asset for another, with

information on participating accounts, amounts, and timestamps.

We have then constructed a directed, weighted trade graph, where the target node is always

the one buying the native asset Ether in exchange for another crypto-asset. We then identify sets

of edges that conform to the legal definition of wash trading, which is described in detail in our

work [285] and outlined in the following paragraph.

Baseline. The wash trade detection task is approached with a two-step process. First, a candidate

set of potential wash trades is determined by repeatedly identifying trade cycles in the form of

strongly connected components, which are identified in multiple time windows. In a second step,

the candidate set is evaluated on whether each participating account’s position (asset balances) has

not, or almost not, changed. Performing the second step can be used as an evaluation criterion

when a different candidate set generation mechanism is employed. For example, one could devise
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a random walk strategy [286] or use graph convolutional networks to identify wash trades. A ML-

based approach might learn the same type of patterns that we have manually devised in the original

work. To compare with the baseline, the results should additionally be checked for whether they

conform to the legal definition of no position change. The primary score is then the number of

identified wash trades.

Table 4.3: Wash trades summary for IDEX
and EtherDelta.

Metric IDEX EtherDelta

# Wash Trades 213,029 69,711

Total Wash Volume (USD) 83,531,254 75,846,518

# Wash Trader Accounts 659 5,533

Results. Table 4.3 displays baseline results obtained

through the repeated identification of strongly con-

nected components in multiple time windows. We

can determine the number of wash trades that meet

the legal definition. We can also resolve the total

wash trade volume and the number of involved trad-

ing accounts. These lower bound numbers can be improved with more advanced methods.

4.3 Conclusion

In the past ten years, blockchains have gathered a wide variety of data from all walks of life. How-

ever, ML and data science methods for analyzing blockchain data tend to be noticeably delayed

than the blockchain technology itself. Some domains of blockchain data analytics, such as ran-

somware payment detection in cryptocurrencies, have emerged as a fundamental societal problem,

demanding the development of novel machinery of ML tools. Chartalist makes blockchain data

more accessible to the broader ML community and, as such, stimulates the development of inno-

vative ML tools for blockchain data analytics. Chartalist is the first comprehensive platform for

blockchain graph datasets with ground truth suitable for a broad range of ML research tasks, from

node classification to time-series forecasting.
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Real-world interaction networks, such as financial and cryptocurrency networks, experience

continuous evolution due to the emergence of new transactions and users. Predicting the dy-

namic changes in the graph structure of these networks over time poses a significant challenge.

While Graph Neural Networks have proven effective for learning graph representations in static

graphs [107], temporal graphs differ significantly because nodes and edges continuously change

at various timestamps. Classical GNNs are not well-suited for temporal graphs as they do not ef-

fectively utilize crucial temporal information, such as alterations in the graph structure over time.

Hence, there is a pressing need for a novel approach to adapt GNNs successfully to temporal graph

settings, giving rise to a new field known as Temporal Graph Neural Networks (TGNNs).

In order to understand the evolution of a temporal graph, it is essential to capture the global

graph structure across time points and then quantify the changes and evolution that the graph has

undergone. For instance, in a subsequent time step, the graph might introduce a new node or estab-

lish an edge between two existing nodes to significantly shorten the graph diameter. While random

graph models such as the Erdos-Renyi graph [287] and the Stochastic Block Models (SBMs) [288]

have been studied extensively in the static graph literature [289], there is few theoretical work

studying the evolution of temporal graphs in the transition space of graph generative models.

We aim to close this gap and introduce GraphPulse to efficiently capture the evolving struc-

ture of a graph over time in an innovative temporal framework. Our principled approach posits

two hypotheses. First, we suggest that the evolution of a graph can be represented as a temporal

trajectory in a Newtonian phase space [290]. Second, we propose that a topological technique,

Mapper [31], can be effectively employed to model this trajectory. Mapper generates concise and

principled visual representations of data, as exemplified in Figure 5.1. As a third step, we utilize

the topological information in a Recurrent Neural Network to predict a graph feature in the future.

We demonstrate the effectiveness of our approach in two types of experiments. First, we em-

pirically prove that Mapper networks can capture temporal trajectories effectively by consider-

ing two common phase spaces for graphs: Erdos-Renyi graphs [287] and Stochastic Block Mod-

els (SBMs) [288, 289]. Subsequently, we introduce a unique task focused on predicting graph
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(a) Daily transaction graph of an Ethereum token (b) TDA Mapper network of the graph in 5.1a.

Figure 5.1: Illustration of TDA Mapper Network. The daily transaction graph of an Ethereum token (a) is
transformed into a concise Mapper network (b), where nodes represent clusters of token investors, and edges are
assigned weights based on the shared number of nodes between clusters. Node sizes indicate cluster sizes and node
colors are Disconnected components, highlight node groups with divergent graph characteristics compared to the rest
of the nodes.

properties in dynamic graphs and demonstrate that the GraphPulse outperforms existing Graph

Neural Network and Temporal Graph Neural Network models in social and cryptocurrency net-

works. In nine temporal network scenarios within these contexts, our model consistently surpasses

state-of-the-art approaches in eight instances.

Our Contributions:

• We present a novel framework, GraphPulse, for analyzing the evolution of temporal graphs,

grounded in phase space transition. We empirically show that the TDA Mapper algorithm is

highly effective at capturing the evolution of temporal graphs in the phase space.

• We introduce a unique and valuable task involving the prediction of temporal graph properties

in the future. GraphPulse takes advantage of sequential modeling to capture temporal variations,

and it effectively integrates node feature information into the model using the TDA Mapper

algorithm.

• We create seven original cryptoasset networks for the temporal graph property task and publish

them to serve as temporal benchmark datasets for future research.

• Empirically, GraphPulse significantly outperforms state-of-the-art temporal graph learning mod-
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els in eight out of nine networks from both social and transaction network domains.

• In experiments, we demonstrate that GraphPulse outperforms state-of-the-art temporal graph

learning models in the majority of networks from both social and transaction network domains.

5.1 Mapper and Topological Graph Representation

In this section, we describe the first component of GraphPulse, namely the Mapper construction,

and its application to a single graph. The formal definition of Mapper, including the notions

of lens functions, coverings, and the nerve construction, was presented earlier in Section 2.1.2.

Here, we focus on its role in representing graph-structured data within our framework. The core

principle underlying Topological Data Analysis revolves around uncovering latent data patterns

through systematic analysis of data shapes across multiple resolution scales [21, 57]. TDA pro-

vides coordinate-free structural summaries, enabling systematic comparison of patterns derived

from diverse data collection frameworks. This property is particularly valuable in temporal graph

settings, where graphs from different time periods must be compared in a consistent and geometry-

aware manner.

Mapper for graphs. Given a graph G = (V , E), we consider the node feature representations

Xi ∈ RN for vi ∈ V and construct the associated point cloud XG = {X1, . . . , Xn} ⊂ RN .

Following the Mapper construction described in Section 2.1.2, we compute the Mapper network

ΓG of this point cloud and use it as a topological summary of the feature geometry encoded in G.

The resulting Mapper network captures cluster structure and inter-cluster relationships induced by

the chosen lens and covering strategy. The hyperparameters of the Mapper construction, including

the lens function, clustering method, resolution, and gain, are discussed in detail in Section 5.4.
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Figure 5.2: Adex Network Trajectory Example. A seven day trajectory for the Adex network
within the phase space of α and |V |. We assume that the network follows a power law model [291],
and fit graph data to compute the α exponent of the model. For the network, the power law
exponent α moves from 2 to 16.

5.2 Trajectories of Temporal Graphs

In this section we explain the second component of the GraphPulse, where we represent graphs in a

space, enabling us to directly compare their Mapper representations. The concepts of phase space

and trajectory in this section will serve as the foundation on which we will build a new temporal

framework.

We propose a topological model for describing the progression of temporal graphs. Specifi-

cally, we posit the presence of a phase space about a family of temporal graphs, wherein the se-

quence of temporal graphs gives rise to a trajectory (path) within this phase space. Subsequently,

for each graph, we induce its topological summary through the Mapper algorithm, which enables

us to monitor the evolution of these Mapper networks over time.
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5.2.1 Trajectory in a Phase Space

The core idea for our temporal framework is inspired by Newton’s laws of motion [290] that

specifies how a system’s variables change over time in response to forces acting upon it. The idea

of phase space emerges from Newtonian mechanics as a natural extension of these principles [292].

A phase space P refers to a multi dimensional space where the state of a system is represented by

a set of coordinates corresponding to its variables. In our context, one can imagine this notion

as a correspondence map φ : P → S where S represents the space of graphs, where any point

x in the phase space P represents a graph φ(x) = Gx ∈ S. Hence, each point in the phase

space represents a graph instance: a specific configuration of the system’s variables, capturing

its instantaneous or momentary state (see Figure 5.2 for an example). In a dynamical system,

the trajectories of a system’s evolution over time can be visualized as paths in the phase space.

This concept is crucial for analyzing the behavior, stability, and evolution of complex systems by

observing how their states change in response to various influences or forces.

Formally, let SP denote a family of graphs parameterized by the parameter space P . To

simplify our notation, we will employ Erdős Rényi graphs as an illustrative example, where

P = N × [0, 1]. In this context, the generative parameters are (n, p) ∈ P , where n signifies

the number of nodes, and p signifies the probability of an edge. This notation can be straightfor-

wardly extended to encompass scenarios involving more than two parameters. Consequently, for

x ∈ P , Gx ∈ SP corresponds to the graph within SP associated with that parameter x. We assume

a one to one correspondence between the elements of P and the graphs within SP . Consider a dy-

namic graph family {Ĝi} whose instances Gitj are in SP , i.e., Ĝi = (Git1 ,Git2 , . . . ,Gitn) an ordered

sequence of graphs. By using one to one correspondence, we induce a set of trajectories {x̂i} with

x̂i = (xi1, xi2, . . . , xin), i.e., xij ∈ P is the the jth step of the ith trajectory which corresponds to the

graph Gitj ∈ S.

For any point xij ∈ P , we define a vector νij = xij+1 − xij where 1 ≤ j < n. The pair

(xij, νij) defines a discrete dynamical system in the parameter space P [293]. Our idea is to learn
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this induced discrete dynamical system in the parameter space and obtain some useful feature

vectors for future instances. In other words, by using the prediction of future trajectory points of

xi in parameter spaces, we extract useful feature vectors to predict the future instances of dynamic

network Ĝi.

Phase space for token networks. A token network on Ethereum can be conceptualized as a

dynamic graph based decentralized ecosystem. Nodes represent participants or entities within the

network, including users and smart contracts. Edges symbolize transactions involving tokens.

Table 5.1: α values for
the power-law degree dis-
tributions of seven tokens.

Dataset α

Adex 4.4387
Bancor 3.8886
Aragon 3.3336
Dgd 3.3696
Coindash 4.8846
Iconomi 3.3369
Centra 3.7404

We model token networks as power law graphs [291] where the

phase space is given with |V | and the exponent α. In power law

graphs, P (x) ∝ x−α where x is the node degree. Table 5.1 shows

the α values, as described by [294], for token networks. A high α in-

dicates that there are fewer nodes with very high degrees compared to

nodes with lower degrees. This leads to a more concentrated distribu-

tion, where a small number of nodes have extremely high degrees, and

the majority of nodes have relatively low degrees. Different systems

exhibit different α values, reflecting the diversity in the distribution of node degrees. For instance,

in the World Wide Web, α values typically range from 2 to 3 [291]. As the table shows, the token

networks exhibit significantly high α values.

5.2.2 Trajectory in the Topological Space

Consider a temporal trajectory x̂ = (x0, . . . , xn) with xi ∈ P , i.e., x̂ is an n-step trajectory with the

initial point x0 to the final point xn passing through intermediate points x1, x2, ..., xn−1. While we

move on the phase space P through x̂, the original graph family defines a corresponding trajectory

Ĝ = (G0, . . . ,Gn) in the space of graphs SP . Similarly, for the same trajectory x̂ ⊂ P , we induce

the corresponding TDA Mapper trajectory Γ̂ in the space of graphs where each Γi is the TDA

Mapper network of Gi by using the induced features (Section 5.1). We give an illustration of our
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(a) The graph G1 has four nodes and three edges. In
G2, the graph gains two more nodes and two edges.
However, only in G3 do two triangular edges emerge
in the graph.

(b) Induced TDA Mapper networks Γ1, Γ2 and Γ3
for G1, G2 and G3 by using degree as the node fea-
ture. Mapper node sizes (denoted by numbers) in-
dicate cluster sizes.

Figure 5.3: Evolution of Graph Complexity. Mapper representations (b) of snapshot graphs (a)
where the Mapper lens uses the number of neighbors.

TDA Mapper networks on a toy example using only one node feature (node degree) in Figure 5.3.

Mapper trajectories (theoretical view). Let G be a graph where a monotonically increasing

or decreasing function f , such as the number of unique neighbors, is defined over the nodes,

indicating changes by the addition of new nodes or edges. Assume that the addition of a new node

or edge pair creates a graphlet whose isomorphic copies exist in G. Furthermore, assume that the

function f remains unchanged over the nodes of G′, a modified graph where node features are

retained, and over N ′, the nodes of the new graphlet, which have features similar to those in the

existing nodes N (or the changes are for few nodes only and minimal, as in a star shaped graph with

new nodes added at the periphery). If Mapper is used to create a 2D representation that assigns

data points to specific cubes, the following holds:

Proposition 1. The addition of N ′ does not change the position of N within the Mapper

network. Specifically, the cluster that contains N can include N ′ without any modification.

Proof. By construction, Mapper identifies clusters based on similar function values. Since N ′

and N have similar function values, they fall into the same cluster within the Mapper network. The

addition of N ′ does not affect the existing cluster structure since it shares the same function values

as N .

Proposition 2. Consequently, the graphlet’s addition to G does not change the similarity of G

to G′.

Proof. Since N and N ′ fall into the same cluster within the Mapper network, this implies that
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their topological features are similar in G and G′. Therefore, the addition of the graphlet, which

did not change the features of N , does not alter the similarity between G and G′. In other words,

sim(G, G′) remains unchanged.

Proposition 3. The graphlet added to G changes sim(G, G′) only if it brings additional infor-

mation to the graph.

Proof. By definition, sim(G, G′) quantifies the amount of shared information between the

two graphs. If the graphlet introduced into G does not bring any new information or topological

changes, then sim(G, G′) remains the same. It changes only when the graphlet contributes distinct

features or structure to G.

Kolmogorov complexity [295] supports this interpretation. Kolmogorov complexity measures

the shortest possible program that can generate a given object. If the graphlet does not modify the

structure or features of G, then the minimal description for G and G′ remains identical, meaning no

additional information has been introduced. Any increase in complexity reflects structural novelty

within the evolving graph.

We hypothesize that trajectories can be captured and analyzed efficiently by using Mapper

networks of the snapshot graphs. To test our hypothesis, we run extensive experiments in two well

known phase space settings, i.e., Erdős Rényi and Barabási Albert. For a given trajectory x̂ =

(x0, . . . , xn) in the phase space P , we obtain the corresponding original graph trajectory {Gi} and

the corresponding TDA Mapper trajectory {Γi}. We compare the structural changes in the original

graph trajectory and changes in the TDA Mapper trajectory. In order to measure the structural

similarity of graphs, we use a similarity measure induced from graph Laplacian eigenvalues [296].

Specifically, our results in Figure 5.7 show that Mapper based trajectory encodes neighborhood

in the phase space more efficiently. Furthermore, as we show in Section 5.4, our experimental

findings demonstrate a significant enhancement in the predictive capacity of our model within real

world networks due to these topological summaries.
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5.2.3 Empirical Evaluation for Mapper Trajectories

To demonstrate the efficiency of TDA Mapper in capturing trajectory (see Figure 5.2) information

within the phase space, we implement the following experimental setup. Initially, we establish

a reference graph and construct a grid of neighboring points positioned within the phase space

around this reference graph (refer to Figure 5.5). Each data point within this grid represents a

graph instance generated using the specific parameters corresponding to its location in the phase

space.

Formally, we define nth-neighbourhood (or n-shell) of a graph G0 in the phase space P as the

set of all graphs in P whose distance to G0 is exactly equal to n with respect to supremum norm.

For example, in Figure 5.4, the red dot represents the reference graph G0, while all light blue graphs

represent 1st-neighbourhood of G0.

Figure 5.4: Erdős-Rényi Graph
neighbourhoods. The red dot in-
dicates the reference graph, with its
neighbourhood graphs in the phase
space. first neighbourhood indexed
from 1 to 8.

For instance, the reference graph can be an Erdős

Rényi graph characterized by p = 0.5 and n = 50. Its

phase space neighbors are produced by increasing and

decreasing the values of n and p, resulting in a graph with

the chosen parameter pair. Consider Figure 5.4 as an ex-

ample; an immediate neighbor, neighbor 7, is generated

with p = 0.5 and n = 51.

Within this grid, we establish two key criteria. Firstly,

reference graph should exhibit greater similarity to its 1 hop neighbors compared to those beyond 1

hop. Secondly, the 1 hop neighbors should possess similarity values that are nearly identical since

they are equidistant from the reference graph.

To this end, we choose Erdős Rényi graphs [287] for their widespread usage and Stochastic

Block Models [288] for their ability to capture community structures within networks. We experi-

mented on a sample of 250 reference graphs generated by the Erdős Rényi graph generator where

we varied the number of nodes n from 30 to 50 and p from 0.21 to 0.4 to make the phase space.
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... ... ... ...

... ... ... ...

Extract Node Features

Random Graph Generator TDA Mapper

...

Figure 5.5: Simulating Graph Similarity. We generate k graphs using a graph generator model (e.g., Erdős Rényi)
with parameters (p and n). Average similarity to neighbors in phase spaces is computed, revealing insights into graph
continuity across parameter values.

For the Barabási Albert model, the phase base is defined with the number of nodes n from 120 to

500 and the number of edges to attach from a new node to existing nodes m from 20 to 100. We

randomly choose the value for each parameter for each model 50 times and use that combination

of parameters to generate reference graphs five times.

Graph Similarity Measure. There are numerous graph similarity measures [297]. In our

experiments, we use the eigenvalue method for graph similarity measure [296], where graph simi-

larity is defined based on the eigenvalues of the graph Laplacian. We chose this method because it

allows us to compare networks of different sizes, which is ideal for temporal graphs where nodes

and edges vary across time snapshots. The eigenvalue method involves utilizing the eigenvalues of

the graph Laplacian, and it proves to be suitable for our specific scenario.

LetA1 andA2 be the adjacency matrices of graphs G1 and G2, respectively. Let L1 = D1−A1

and L2 = D2 − A2 be their Laplacians, where D1 and D2 are the corresponding diagonal degree

matrices. Considering that the eigenvalues of Lj are denoted as {λj1, λj2, . . .}, we define the

similarity between the graphs as follows:

sim(G1,G2) =
k∑
i=1

(λ1i − λ2i)2
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where k is the smallest value that satisfies the following condition:

min{
∑k
i=1 λ1i∑|V1|
i=1 λ1i

,

∑k
i=1 λ2i∑|V2|
i=1 λ2i

} > 0.9

It is understood as the top k eigenvalues containing 90% of the energy [296]. Please note that this

method yields unbounded similarity scores within the [0,∞] range. When the dissimilarity score

approaches 0, it indicates a high degree of dissimilarity between the graphs, whereas higher values

suggest greater dissimilarity [296].

Similarity Score Comparison. Having selected a similarity function, we now turn our atten-

tion to how we compare the Mapper trajectories with those of the snapshot graphs. Figure 5.6

illustrates the main idea in our experiments for comparing the similarity scores of original graphs

and their topological counterparts.

Figure 5.6: Similarity score compari-
son. Using original graphs and extracted
TDA Mapper graphs based on original
node features for similarity score com-
parison.

First, for any graph G, we use TDA Mapper to in-

duce a summary graph Γ (which is the Mapper net-

work of G) by using its node features. We consider

the following features to represent the nodes: PageR-

ank, Degree Centrality, Closeness Centrality, Between-

ness Centrality, clustering coefficient, and the number

of neighbors. We consider these features because they

can be computed from any graph without node or edge

labels, which is preferable in our setting where labels

might be difficult to collect. For each graph G, the nodes V are represented as a point cloud XG

in the feature space RN×d. Then, by applying TDA Mapper on the point cloud XG ⊂ RN×d, we

obtain its Mapper network ΓG .

Now, consider two neighboring graphs G1 and G2 in the phase space (e.g., Erdős Rényi, Barabási

Albert), and let their similarity score be s12, i.e. s12 = sim(G1,G2). Now, let Γ1 and Γ2 be their

induced Mapper networks. Let ζ12 be their similarity score, i.e., ζ12 = sim(Γ1, Γ2) By our defini-

tion, if ζ12 is smaller than s12, then the induced Mapper networks are more similar to the original
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Table 5.2: Dissimilarity scores with standard deviations: (a) Barabási–Albert, (b) Erdős–Rényi.

(a) Barabási–Albert

Neighborhood TDA (log10) Original (log10) σTDA σoriginal

1 0.9392 3.6165 0.33 0.20
2 0.9516 4.0612 0.31 0.19
3 0.9756 4.3289 0.32 0.20
4 0.9797 4.5013 0.30 0.20

(b) Erdős–Rényi

Neighborhood TDA (log10) Original (log10) σTDA σoriginal

1 0.9364 2.0726 0.15 0.25
2 0.9430 2.6166 0.11 0.23
3 0.9548 2.9734 0.09 0.22
4 0.9769 3.2091 0.08 0.22

graphs. This interprets that Mapper networks inherit the similarity information better than the

original graphs, hence they capture graph trajectory better.

Results. In Table 5.2, we report the median similarity scores for original graphs and TDA

Mapper networks in log10 base for both Erdős Rényi and Barabási Albert setting. Due to the un-

stable frequency of outliers, we use the median to calculate the average similarity score of four

neighbourhoods instead of the mean since the median is more robust to outliers than the mean.

However, both Mapper networks and original graphs become increasingly dissimilar to the refer-

ence graph as the distance (modeled with the k hop neighbourhood) in the phase space increases.

Considering this, we see a significant increase in the similarity score in the original graphs while

the induced TDA Mapper networks remains highly steady.

Figure 5.7 shows that TDA Mapper yields nearly identical dissimilarity values for the neighbors

of the reference graph. The result further offers evidence that TDA Mapper based trajectories

would better capture the graph’s moves in the phase space.

With the two criteria fulfilled by these empirical results, we conclude that the TDA Mapper can

efficiently capture and model graph trajectories in the phase space.

Stability of Mapper networks. We also want to underline the stability of Mapper networks with

respect to small changes, and in particular, their robustness against noise. As Figure 5.4 shows

every reference graph (red dot) has 8 neighbors (light blue dots) in their first neighbourhood in a 2

parameter phase space (e.g., Erdős Rényi, Barabási Albert). In Figures 5.7a and 5.7b, we consider

the first neighbourhoods of the reference graphs, and give the average similarity scores between

the reference graphs and these 8 graphs in their first neighbourhood for both Erdős Rényi, Barabási

Albert settings.
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(a) Erdős Rényi setting. (b) Barabási Albert setting.

Figure 5.7: Initial Neighbourhood Comparison. Comparison of similarity scores in the initial
neighbourhood for Erdős Rényi and Barabási Albert configurations. Refer to Figure 5.4 for neigh-
bor indices. Given the proximity of these neighbors to the reference graph in phase space, we
expect their dissimilarity to exhibit both low variability and similarity among themselves. Notably,
TDA Mapper scores demonstrate greater stability and lower values than the dissimilarity scores of
the original graphs.

Table 5.3: Similarity scores in the Erdős–Rényi set-
ting with "rough" Mapper parameters, representing
an imposed failure scenario.

Neighborhood TDA (log10) Original (log10) σTDA σOriginal

1 0.0 2.0743 0.0 0.28
2 0.0 2.5988 0.0 0.25
3 0.0 2.9810 0.0 0.24
4 0.0 3.2105 0.0 0.25

Changes in the Erdős Rényi and Barabási

Albert parameters result in fluctuating the

dissimilarity score between the original and

reference graphs. Each time a new neighbor

graph is created, the number of nodes n and

probability p increases or decreases by 2 and

0.05, respectively. These small changes are considered as noise to the graph’s trajectory. While

there is a fluctuation in dissimilarity scores between the original graph, dissimilarity scores be-

tween TDA graphs are stable. Therefore, it is concluded that the TDA method is robust to the

noise of graph trajectory.

5.2.4 Features for TDA Mapper

To induce our TDA Mapper networks for a given graph G, we use the following node features to

induce a point cloud XG in the feature space RN and follow the method described in Section 5.1.
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The node features we use are as follows:

1. Outgoing Edge Weight Sum: For each node in the snapshot graph, this feature calculates

the sum of the weights of all outgoing edges connected to that node. It provides information

about the total influence or importance of the node in sending information to its neighbors.

2. Incoming Edge Weight Sum: Similar to the previous feature, this one calculates the sum of

the weights of all incoming edges connected to each node in the snapshot graph. It represents

the total influence or importance of the node in receiving information from its neighbors.

3. Outgoing Edge Count: This feature keeps track of how many edges leave each node in the

snapshot graph. The number of other nodes the node is directly connected to as well as its

level of connectedness are reflected by this.

4. Incoming Edge Count: The number of incoming edges to each node in the snapshot graph

is counted by this feature. It gives details on how many nodes are connected to a single node

directly.

5.2.5 Advantages of TDA Mapper networks

Our approach introduces a novel perspective to representing and visualizing the evolution of dy-

namic systems in parameter space. By doing so, we can gain several advantages over using tradi-

tional snapshot graphs for trajectory analysis, as follows.

Topological Features. Mapper networks focus on essential topological features, providing a

nuanced view of graph evolution under changing parameters. Consider Figure 5.3a that shows

three graphs of increasing node counts and connectivity. As we transition from G1 to G2, the sole

modification involves introducing two nodes while retaining the pattern of satellite nodes linking

to a crucial central node. Such a scenario is common on blockchain networks where addresses

of blockchain exchanges distribute tokens in airdrops [298]. The Mapper encapsulates that G1

and G2 are similar by creating a network of size two with a connecting edge for both Γ1 and
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Γ2. Retaining such essential aspects in networks becomes particularly significant when addressing

complex interactions that might not be evident through simple node attributes (e.g., degree) alone.

Compressed Representation. Mapper networks compress complex data into compact yet

meaningful representations, enhancing visualization and robustness against data fluctuations. In

Figure 5.3a, we can add another triangle △ to G3 centered on the existing center graph node, but

Mapper would just include the two new graph nodes to the bottom Mapper node (i.e., cluster) of

Γ3 without adding a new mapper node.

Multi-Resolution. Mapper’s multi-resolution capability enables a detailed exploration of tra-

jectories, revealing fine details and broader trends. As the trajectory moves through parameter

space, we can identify clusters (i.e., network nodes) and connections, unveiling significant re-

gions and transitions often hidden in raw snapshot graphs. With clear node and edge features,

the resulting visualizations offer valuable insights into dynamic system behavior across parameter

trajectories.

We report a comparative analysis of snapshot graphs and their Mapper networks in the Sec-

tion 5.2.3. In particular, we demonstrate that Mapper networks exhibit greater stability than the

original snapshot graphs when subjected to minor perturbations within the phase space. This ob-

servation underscores the considerable utility of Mapper summaries in predicting trajectories. We

further validate our hypothesis regarding Mapper efficiency through an empirical evaluation of a

novel task of predicting graph properties as we discuss in Section 5.4.

5.3 GraphPulse

So far, we have explained how the Mapper-based topological representations can help us track

graph trajectories in the phase space. In this section, we describe the overall flow of GraphPulse

and detail the third step: sequential modeling.

Our methodology comprises a sequence of three distinct phases, illustrated in the visual rep-

resentation provided in Figure 5.8: partitioning, topological learning, and sequential modeling.

The partitioning step involves the conversion of input data into snapshot graphs denoted as Ĝ =
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{Gt1 ,Gt2 , . . . ,Gtn}. In this work, we adopt 24-hour snapshots, although our model remains ap-

plicable to snapshots of varying durations. We construct TDA Mapper representations for graphs

CT 1, . . . , CT n, each corresponding to a graph within {Ĝ}. To achieve this, we first extract graph

node features X ∈ RN×d from the snapshot graph Gti , which serve as inputs for the TDA Map-

per (see Section 5.1). Example node features are the count of neighbors and the summation of

incoming edge weights, details of which are given in Section 5.4. TDA Mapper creates n Mapper

networks for n snapshots, which serve as the input for the sequential modeling step, as we explain

next.

In the sequential modeling step, we aggregate pertinent features from both snapshot graphs

and Mapper networks such as the number of nodes and edges (see Section 5.2.4 for our selected

features). Denoting snapshot graph features as Fsnapshot and Mapper network features as FMapper,

where Fsnapshot includes graph-level characteristic features of the snapshot graph such as the number

of nodes and edges, and FMapper encompasses characteristics such as node count and average node

size. The fusion of Fsnapshot and FMapper provides a holistic perspective on the system’s evolution.

Equipped with these features, we compose a sequence spanning n days, denoted as Sn, serving

as input for our specialized sequential model. This sequential model illuminates the dynamic

interplay between the changing graph property and the structural insights extracted from Mapper

networks in an organized manner.

The specific nature of the predicted graph property dictates the form of the sequential model.

For instance, for real-valued properties, a regression model may be appropriate, while binary prop-

erties can be addressed using a classification model. This adaptable approach aligns the model’s

structure with the unique characteristics of the targeted graph property.

5.4 Experiments

Graph property. We use network growth in terms of edge count as the predicted graph property.

Formally, let G be a graph, t be a specific time, δ1 and δ2 be time intervals, and E(t1, tn) denote
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Figure 5.8: GraphPulse Flowchart. The GraphPulse system workflow starts with snapshot graph
extraction, followed by the generation of Mapper networks. Next, a sequential LSTM+GRU model
is developed, incorporating features from both the original snapshot graphs and the Mapper net-
works.

the multi-set of edges between times t1 and tn. We define the graph property P as:

P (G, t1, tn, δ1, δ2) =


1, if |E(tn + δ1, tn + δ2)| > |E(t1, tn)|

0, otherwise.

Setting n = 7, δ1 = 1, and δ2 = 7, we establish a meaningful and practical graph property.

This choice of parameters is valuable due to the application of 7-day predictions, which hold

significance in both financial contexts, such as Ethereum asset networks [299], where they can

guide financial decisions, and in the realm of social network infrastructure, like Reddit, where they

aid in planning maintenance activities.

Datasets.

We perform experiments on MathOverflow [300] and Reddit-Body [301] datasets, and seven

ERC20 token networks that we have extracted from the Ethereum blockchain. The ERC20 token

networks, consisting of real transaction data from the beginning period of the Ethereum blockchain,

provide valuable insights into the dynamics of digital assets. A summary of the statistics of these

datasets is presented in Table 5.4.
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Mapper aspects. ———————————————————————————————

Table 5.4: Dataset statistics. |Edaily| and
|Vdaily| denote the average number of
daily edges and nodes, respectively. |G|
indicates the total number of snapshots.
*Reported as (years,months,days).

Dataset |Edaily| |Vdaily| Duration* |G|

Adex 259.15 126.41 (0,10,6) 293

Bancor 320.84 154.97 (0,10,24) 311

Aragon 367.99 189.08 (0,11,19) 337

Dgd 90.16 29.32 (2,0,7) 720

Coindash 346.55 128.61 (0,9,11) 268

Iconomi 205.57 85.62 (1,6,12) 542

Centra 294.24 140.85 (0,9,5) 261

Reddit-Body 688.84 86 (1,1,20) 399

Mathoverflow 2532.75 124.09 (0,6,16) 183

Section 5.1 constructed Mapper networks based on node

features X , which we construct by extracting outgoing

edge weight sum, incoming edge weight sum, outgoing

edge count, and incoming edge count (see Section 5.2.4

for feature definitions.) We used 2D-TSNE as our lens

and KMeans for the clustering algorithm. We set the

Mapper hyperparameters as cls = 5, n_cubes = 2, and

perc_overlap = 0.4 and study their Fsnapshot and FMapper.

In the sequential modeling step, we collect specific fea-

tures from both snapshot graphs and Mapper networks.

From the snapshot graphs, we extract three key features:

the number of nodes, the number of edges, and the aver-

age value of edge weights. Additionally, we leverage Mapper networks to extract five supplemen-

tary features: the number of nodes, the number of edges, the maximum cluster size, the average

cluster size, and the average value of edge weights.

Models. We compare GraphPulse against two baselines and three state-of-the-art TGNN models

(Section 5.4.1 details node, edge features, and graph types in models):

• The two baseline approaches adopt the powerful GIN framework [107] within a binary graph

classification context. We feed a static graph into GIN, encompassing edges from days t to t+7,

denoted as Ĝi = (Git1 ∪ G
i
t2 ∪ · · · ∪ G

i
t7) to predict the graph property. In a second variant of

GIN, we integrate cluster membership information from Mapper networks as additional node

features in a model called TDA-GIN. This baseline is designed to gauge the contribution of the

information within Mapper networks.

• The state-of-art models in TGNNs are EvolvedGCN [110], GRUGCN [302] and HTGN [112].

EvolvedGCN focuses on evolving graph structures, GRUGCN incorporates variational princi-

ples, and HTGN handles discrete time intervals in temporal graphs. The models are notable
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Table 5.5: Summary of analyzed models.

Model Type Data Edge Feature Node Feature

GIN GNN {Gt1 ∪ Gt2 ∪ · · · ∪ Gtn} edge weight —
TDA-GIN GNN {Gt1 ∪ Gt2 ∪ · · · ∪ Gtn} edge weight mapper cluster membership

EvolvedGCN TGNN Gt1 ,Gt2 . . .Gtn edge weight —
GRUGCN TGNN Gt1 ,Gt2 . . .Gtn edge weight —

HTGN TGNN Gt1 ,Gt2 . . .Gtn edge weight —

Fmapper-RNN TDA+RNN Γ1, . . . , Γn edge weight NA
Fsnapshot-RNN RNN Gt1 ,Gt2 . . .Gtn edge weight NA

GraphPulse TDA+RNN Gt1 ,Gt2 . . .Gtn edge weight —

advancements in the field of temporal GNNs.

Implementation details. GIN and TDA-GIN models use a Graph Isomorphism Network with 64

hidden units followed by a target output dimension of two. Raw RNN and TDA RNN models

utilize LSTM and GRU layers with an Adam optimizer and a learning rate of 1 × 10−4. A hybrid

LSTM-GRU model processes sequences in a (7,3) and (7,5) format for input, respectively. We

evaluate the models using the AUC-ROC score, a suitable metric for prediction assessment. We

ran all experiments on a Dell PowerEdge R630, featuring an Intel Xeon E5-2650 v3 Processor

(10-cores, 2.30 GHz, 20MB Cache), and 192GB of RAM (DDR4-2133MHz).

5.4.1 Baseline Models

In our evaluation of different models, we included baseline models using graph neural networks

and recurrent neural networks to tackle our graph-based property prediction task. Here, we will

provide explanations for all the baseline models employed in our study. Table 5.5 presents an

overview of the model summary information.

GNNs and Our Models

GNNs: For the GNN baselines, we employed the Graph Isomorphism Network (GIN) as a static

model due to its remarkable capacity for capturing both local and global graph structures, making

it adaptable for tasks such as graph classification, node classification, and link prediction. Also,
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we used three state-of-the-art GNN models including EvolvedGCN, GRUGCN, and HTGN as

baselines.

GIN. We extract each snapshot graph and augment it with four essential node features. The fol-

lowing features are included: Outgoing Edge Weight Sum, Incoming Edge Weight Sum, Outgoing

Edge Count, and Incoming Edge Count.

After incorporating these four node features into the graph representation, Based on the chrono-

logical order, the graphs are divided into 80% training and 20% testing data, which are then fed

into the model. We employ a GIN model for graph classification. The GIN model consists of four

middle layers with 64 hidden units followed by a target output dimension of two, which serves as

label prediction. We use Adam optimizer with a learning rate of 0.0001.

TDA-GIN. The TDA-GIN method is a two-step approach that builds upon the previous static GIN

method. First, we extract the same graph with the four node features explained earlier for each

node. Additionally, we leverage these node features as input for a TDA Mapper algorithm, which

forms clusters by grouping similar nodes together. This process yields a new TDA graph, and for

each node in this graph, we incorporate the cluster size as a node feature.

We perform a grid search on parameter combinations to determine the ideal combination of

TDA Mapper parameters. We choose the most advantageous combination through this optimiza-

tion process in order to produce the most instructive TDA graph for learning and classification.

The TDA-GIN method enhances the representation and classification of temporal graphs by incor-

porating TDA techniques into the GIN framework, leading to better prediction performance.

While TDA-GIN incorporates additional structural information through the TDA Mapper rep-

resentation, it has been observed that for temporal tasks, this method may not always yield im-

proved results. The temporal nature of the data brings challenges related to dynamic changes, time

dependencies, and evolving patterns, which may not be fully captured by the TDA-GIN approach.

As a result, the benefits gained from TDA-based graph representations may not always translate

into superior performance for temporal graph property prediction tasks.

RNNs: For our RNN baseline, we developed a hybrid LSTM-GRU model, combining the
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strengths of both architectures to address the specific challenges posed by our dataset and task.

A hybrid LSTM+GRU model often exhibits superior performance compared to standalone LSTM

and GRU models due to its ability to effectively combine the unique advantages of both architec-

tures. LSTM excels at capturing long-range dependencies in sequential data, making it suitable

for tasks involving context over extended sequences. On the other hand, GRU is computationally

more efficient and can capture short-term dependencies effectively [303]. By blending these two

architectures into a hybrid model, we harness the capacity to capture both short and long-term

dependencies simultaneously. This enables the model to better understand the complex temporal

relationships present in the data, which might be challenging for standalone LSTM or GRU mod-

els to grasp individually. Moreover, A hybrid LSTM+GRU model leverages the diverse internal

structures and regularization mechanisms of LSTM and GRU models to improve performance and

generalization in sequential data tasks, making it a versatile choice. This combination creates an

ensemble-like effect, enhancing the model’s ability to capture different data features and reduce

overfitting risk.

Fsnapshot-RNN. The Fsnapshot-RNN method entails building a temporal daily pipeline to capture

the temporal component of the data. We extract daily graphs for each day from each snapshot,

which contains seven days’ worth of data. We extract three graph-level features from each graph,

including the number of nodes, the number of edges, and the average value of edge weights. We

give this feature a constant value if the graph is unweighted. After these features are extracted,

a sequence of three features is created for seven consecutive days, producing a sequence with the

shape (7,3) for each snapshot. To carry out the classification task, a hybrid LSTM-GRU model gets

these sequences and their corresponding labels. Based on the chronological order, the sequences

are divided into 80% training and 20% testing data, which are then fed into the model. Our RNN

model consists of two LSTM layers, two GRU layers, and a dense layer for classification. Each

snapshot has binary classification labels in the model’s output. The AUC-ROC is the evaluation

metric employed for this task.

FMapper-RNN. The FMapper-RNN method consists of two main steps. In the first step, similar to the
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previous model, we construct daily graphs from the temporal data. For each daily graph, we utilize

the four features previously discussed in the initial section to generate a TDA graph. This involves

extracting the four features for each node in the daily graphs and subsequently constructing a TDA

Mapper network for each individual day.

From the TDA daily graphs, we extract five additional features, namely the number of nodes,

the number of edges, the maximum cluster size, the average cluster size, and the average value

of edge weights with the shape (7,5) for each snapshot. These features are then used to create a

sequence representing seven consecutive days. This sequence is fed into the same LSTM-GRU

model described before for the classification task. The subsequent steps are identical to the pre-

vious model. The sequences are partitioned into 80% training and 20% testing data, based on the

chronological order, and are employed as input for the hybrid LSTM-GRU model. The model

outputs binary classification labels for each snapshot, and the performance is evaluated using the

AUC-ROC metric.

Temporal Graph Representation Learning Methods

Our work builds upon established temporal graph representation learning methods that model

evolving structures through time. These approaches serve as baselines in our experiments, and

their detailed explanation is discussed in Chapter 2.2.6.

EvolveGCN [110] extends graph convolutional networks with a recurrent mechanism that

updates model parameters over time, enabling adaptation to changing graph structures. GCRN

(GRUGCN) [302] combines convolutional and recurrent architectures to capture spatial and tem-

poral dependencies in structured sequence data. HTGN [112] employs hyperbolic geometry to

represent hierarchical and evolving relationships within temporal graphs, providing a richer latent

space for dynamic structures.

These models were originally developed for node-level tasks such as node classification. Since

our focus is on graph-level property prediction, we extend them by adding a pooling layer on top of

the encoder to generate holistic graph representations. The resulting pooled embeddings are then
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Table 5.6: ROC-AUC results for the graph property prediction task. The bold results represent the best methods for
each dataset, and the underlined results represent the second-best methods.

Dataset GIN TDA-GIN EvolveGCN GRUGCN HTGN GraphPulse

Adex 0.4484±0.0681 0.6089±0.0574 0.7167±0.1096 0.6843±0.1594 0.7330±0.0849 0.8928±0.0022

Bancor 0.5895±0.0514 0.5114±0.0496 0.7931±0.1773 0.8588±0.0190 0.7412±0.0629 0.8722±0.0013

Aragon 0.3915±0.0608 0.4648±0.0499 0.7939±0.0875 0.7854± 0.0556 0.7781±0.0508 0.8926±0.0035

Dgd 0.5748±0.0163 0.5789±0.0469 0.7460±0.0225 0.6704±0.0557 0.6861±0.0530 0.7804±0.0062

Coindash 0.5065±0.0408 0.5015±0.0278 0.7002 ±0.0561 0.7321±0.0399 0.7530±0.0348 0.7904±0.0037

Iconomi 0.6079±0.0651 0.5158±0.0651 0.8379±0.0327 0.8105 ±0.0230 0.8221±0.0139 0.8518±0.0044

Centra 0.4252±0.0916 0.4777±0.1042 0.8663±0.1302 0.9001±0.0040 0.9044±0.0082 0.8670±0.0077

Reddit-Body 0.3563±0.0608 0.5281±0.0777 0.7709±0.0667 0.6591±0.0765 0.6557±0.0401 0.8692±0.0070

Mathoverflow 0.3789±0.0867 0.5953±0.1045 0.6734±0.0306 0.7405±0.0938 0.7881±0.0509 0.8008±0.0050

passed to a classifier for the downstream task of graph property prediction.

Experimental Details. The experimental parameters are set according to the best practices

proposed in baseline methods [112]. For all these methods, we used the in-degree, out-degree,

weighted in-degree, and weighted out-degree of the nodes as their initial features. We set the final

embedding dimension as 16, and used a mean-pooling layer for generating graph-level representa-

tions. All methods are composed of one layer of recurrent units and two-layer graph convolutions.

For HTGN, the number of historical windows in the HTA module is set to 5. For all methods, we

utilized a chronological %80–%20 split of the graph snapshot sequence as our train-validation and

test data, respectively.

5.4.2 Evaluation Results

Table 5.6 shows the ROC-AUC results for the two baselines (GIN, TDA-GIN) and three TGNN

models. GIN has > 0.5 AUC only in four of the nine datasets. All results are averages of five

runs. Incorporating topological information into GIN as node features, TDA-GIN improves the

AUC values in five datasets. The largest gain is noted in the MathOverflow dataset with +0.216.

However, the increased AUC values of TDA-GIN are still low.

The temporal GNN models have consistently high AUC values with HTGN having the highest

mean AUC of 0.770 across datasets. EvolvedGCN’s mean AUC is 0.764, while GruGCN follows
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closely with a mean AUC of 0.759. GraphPulse has a mean AUC value of 0.849 and has the highest

AUC value for eight out of nine datasets.

Table 5.7: Ablation study. showcasing ROC-AUC
values by incorporating graph features Fsnapshot and
Mapper network features FMapper within a sequence-
based model.

Data Fsnapshot-RNN FMapper-RNN

Adex 0.8673± 0.0027 0.8831± 0.0050

Bancor 0.7981± 0.0078 0.8501± 0.0018

Aragon 0.6898± 0.0794 0.8819± 0.0014

Dgd 0.7689± 0.0090 0.7314± 0.0106

Coindash 0.7676± 0.0025 0.7790± 0.0018

Iconomi 0.8404± 0.0204 0.8417± 0.0048

Centra 0.8610± 0.0065 0.8673± 0.0068

Reddit-Body 0.8690± 0.0070 0.7735± 0.0125

Mathoverflow 0.7798± 0.0133 0.7522± 0.0057

GraphPulse employs features from both snap-

shot graphs and Mapper networks within a se-

quential model. This naturally raises the question:

which specific features contribute to the predictive

capability of GraphPulse? To address this ques-

tion, we conduct an ablation study, where, we uti-

lize graph features and Mapper network features

in isolation within the same sequential model to

predict the targeted graph property. Table 5.7 in-

dicates that the median AUC value for Fsnapshot-

RNN is 0.7981, while for FMapper-RNN, the value

is 0.8501. While Mapper-based features result in an overall higher AUC, it’s noteworthy that

GraphPulse achieves a considerably higher median AUC of 0.8670, surpassing the AUC of both

feature sets in isolation. This observation provides compelling evidence that the topological in-

sights acquired through Mapper offer complementary information to the snapshot graph-based

features.

Table 5.8: Ablation study.
ROC-AUC values when removing
a Mapper network feature from
FMapper within a sequence-based
model for the Aragon network.

Removed feature ROC-AUC

Number of nodes 0.8716± 0.0087

Number of edges 0.7341± 0.0466

Max cluster size 0.8799± 0.0024

Average cluster size 0.8650± 0.0089

Average edge weight 0.8530± 0.0409

To assess the importance of individual features within the

FMapper-RNN, we conduct a secondary ablation study within the

same sequence model for the Aragon network which has the largest

number of nodes and edges per day among our datasets. This study

aims to identify key features that significantly influence the FMapper-

RNN model’s performance. Table 5.8 indicates that removing the

number of edges (shared nodes between Mapper clusters) causes

the biggest drop in AUC values for this dataset. Additionally, we

assessed the effectiveness of GraphPulse through two supplementary graph property prediction
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tests: density growth and node count growth. The detailed results for these tests are presented in

Section 5.4.3

Scalability. Due to space limitations, we report the computational complexity and scalability re-

sults in Section 5.4.5. Here we note that on the largest token network, GraphPulse completes the

training process 26% faster than the time required by the state-of-the-art HTGN method. Further-

more, TDA Mapper can process snapshot graphs of 20,000 nodes in under 4 minutes.

5.4.3 Additional Graph Properties

In addition to network growth in edges, we have carried out two experiments to test the predictive

power of GraphPulse: predicting the network growth in node count and density.

Table 5.9 displays the results of the node count experiments. Among the nine datasets utilized

in the experiment, GraphPulse achieves the highest AUC in five datasets and the second-highest

AUC in the Iconomi dataset. EvolveGCN attains the highest AUC value in the four datasets;

however, it produces poor results in Adex and Coindash. Among the methods, GraphPulse boasts

the highest mean AUC (0.8044). HTGN consistently delivers high AUC results, consequently

achieving the second-highest mean AUC at 0.7912.

Table 5.10 illustrates the results for the density property prediction experiments. In this task,

GraphPulse outperforms other methods in four of nine datasets and is the second-best method in

the Bancor and Aragon datasets. EvolveGCN attains the highest AUC value in three datasets;

however, it produces poor results in Coindash and Bancor. HTGN and GRUGCN both achieve

the best result in only one dataset. Among the methods, HTGN has the best mean AUC (0.7558).

GraphPulse has the second-best mean AUC at (0.7403) however GraphPulse has the best median

value (0.7832) and consistently delivers high AUC results for all of the datasets with AUC higher

than (0.65)
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Table 5.9: ROC-AUC results for the graph node count prediction task.

Dataset GIN TDA-GIN EvolveGCN GRUGCN HTGN GraphPulse

Adex 0.5899±0.0486 0.5002±0.0180 0.5699±0.3690 0.5566±0.3141 0.7720±0.1100 0.8224±0.0047

Bancor 0.4724±0.0377 0.5879±0.0627 0.8078±0.1688 0.8165±0.0266 0.6859±0.0781 0.8182±0.0115

Aragon 0.5121±0.0918 0.4880±0.0096 0.7020±0.0886 0.6637±0.0380 0.6335±0.0223 0.7416±0.0116

Dgd 0.5334±0.0519 0.5400±0.0625 0.8291±0.0609 0.7497±0.0629 0.8115±0.0263 0.7851±0.0046

Coindash 0.4582±0.0965 0.4637±0.0497 0.6055±0.1954 0.7900±0.019 0.7969±0.0194 0.8078±0.0067

Iconomi 0.6515±0.0200 0.5512±0.0335 0.9086±0.0240 0.8505±0.0200 0.8334±0.0261 0.8582±0.0069

Centra 0.5034±0.0994 0.5637±0.0248 0.8221±0.1334 0.8726±0.0035 0.8753±0.0040 0.8790±0.0046

Reddit-B 0.4995±0.0329 0.5365±0.0411 0.9408±0.0164 0.8147±0.0516 0.8289±0.0424 0.7283±0.0092

Mathoverflow 0.6314±0.0632 0.4559±0.0784 0.9257±0.0026 0.8352±0.0485 0.8933±0.0530 0.8404±0.0041

Table 5.10: ROC-AUC results for the graph density prediction task.

Dataset GIN TDA-GIN EvolveGCN GRUGCN HTGN GraphPulse

Adex 0.4763±0.0645 0.4929±0.0206 0.7634±0.3037 0.7234±0.3040 0.7356±0.2419 0.7938±0.0017

Bancor 0.5320±0.0367 0.5529±0.0209 0.5810±0.1683 0.8120±0.0154 0.7492±0.0753 0.7661±0.0077

Aragon 0.4571±0.1195 0.4896±0.0514 0.7938±0.0887 0.6419±0.0151 0.6680±0.0511 0.7832±0.0050

Dgd 0.5228±0.0755 0.5475±0.0581 0.8711±0.0292 0.7881±0.0274 0.8171±0.0108 0.7958±0.0088

Coindash 0.4326±0.0646 0.4694±0.0406 0.5021±0.1506 0.7744±0.0051 0.7679±0.0043 0.7767±0.0125

Iconomi 0.7209±0.0582 0.5086±0.0588 0.9146±0.0082 0.8927±0.0085 0.8784±0.0051 0.8444±0.0105

Centra 0.3991±0.0417 0.5622±0.0746 0.7196±0.1631 0.8434±0.0028 0.8491±0.0017 0.8908±0.0050

Reddit-Body 0.4014±0.0569 0.5329±0.0236 0.7072±0.0437 0.6055±0.0633 0.6093±0.0347 0.7270±0.0109

Mathoverflow 0.7421±0.0469 0.5133±0.0710 0.6720±0.1883 0.7335±0.0352 0.7475±0.0284 0.6846±0.0100

5.4.4 Dependency on Mapper Parameters

The configurability of TDA Mapper is enhanced by its set of hyperparameters. These parameters

provide users with the ability to customize TDA Mapper’s functionality, allowing for alignment

with their specific data and analytical goals. This adaptability facilitates the comprehensive capture

and visualization of topological features within diverse datasets. The hyperparameters of TDA

Mapper include:

• Number of Cubes (n_cubes): Number of hypercubes along each dimension of the projected

point cloud using the lens function.

• Percentage of Overlaps (perc_overlap): Percentage of overlap between adjacent cubes calcu-

lated along each dimension.
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• Number of Clusters (cls): Number of clusters in the K-means algorithm that determines the

number of inner clusters formed within each cube.

The effectiveness of the GraphPulse can be influenced by the choice of parameters in the Map-

per algorithm.

In experiments conducted in 5.2.3, we set the hyperparameters as cls = 5, n_cubes = 2, and

perc_overlap (gain) = 0.4 to induce our Mapper networks, where cls represents how fine the clus-

tering in the point cloud, n_cubes (interval size) represents how big the clusters are, and finally,

perc_overlap represents how fine the connections between the clusters are. Our experimental re-

sults in Figure 5.9 show that Mapper network representations remain stable under small changes

in the phase space.

Figure 5.9: Adex Network Mapper Analysis.
3d AUC plot over Mapper parameter for the Adex
network. Predictive performance (ROC-AUC)
is consistently above 0.8 for the region 0.2 <
overlap < 0.45 and 4 < cubes < 8.

It is noteworthy that the level of view gran-

ularity in Mapper is an important parameter.

If we increase perc_overlap significantly, this

will add an edge between most Mapper clus-

ters, and the resulting Mapper network will

be a very dense (sometimes complete) graph.

We show this dependency with the following

experiment in the following Mapper setting:

cls = 5, n_cubes = 2, and perc_overlap = 0.7.

In Table 5.3, we see that the resulting TDA

graphs are summarizing too much, and there is

no change in the Mapper network even if the

original graphs are changing.

5.4.5 Scalability Analysis

The computational cost of GraphPulse is dominated by the cost of reducing our 4D feature data

X to a 2D form to be used by Mapper. We have used tSNE [232] for the reduction which has a
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quadratic computational complexity in the number of data points. The cost can be significantly

reduced by using tSNE approximations [304]. We leave this improvement to future work. Once a

lens is selected, creating the TDA Mapper network involves sorting data points (graphs), which is

an O(n logn) operation where n is the number of graphs.

Figure 5.10: Methods Training Time. Compar-
ison of Training Time for Methods on the Dgd
Network. GraphPulse completes the training pro-
cess 26% faster than the time required by the
state-of-the-art HTGN method.

We demonstrate GraphPulse’s scalability

through two key aspects: end-to-end model

training costs for the most resource-intensive

dataset, and the computational overhead of

Mapper analysis for daily snapshot graphs.

Figure 5.10 illustrates the computational

time requirements of the considered models on

the Dgd network, which boasts the largest num-

ber of snapshots (720). Notably, GraphPulse

completes training in 1550 seconds, while

HTGN demands over 2100 seconds for the

same task.

The processing time of GraphPulse encompasses three distinct stages: the extraction of TDA

sequences, the extraction of daily sequences, and the training of the RNN model. Notably, the TDA

sequence extraction phase is the most time-consuming component of this process. Consequently,

the overall execution time for GraphPulse and FMapper-RNN is significantly higher when compared

to the FSnapshot-RNN model, primarily due to the additional computational requirements of TDA

sequence extraction.

Given that the extraction of TDA sequences constitutes a significant portion of GraphPulse’s

processing time, we conducted a comprehensive analysis focused on the daily TDA cost. Fig-

ure 5.11 presents the outcomes of this analysis, shedding light on the question of how substantial

the daily cost can be while still permitting efficient TDA processing. Remarkably, the results illus-

trate that TDA remains highly effective, even with graphs containing approximately 20,000 nodes,
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(a) Daily cost of TDA Mapper creation for all to-
ken networks. Each data point is a snapshot graph
from a token. As shown, most of the daily graphs
have less than 750 nodes.

(b) The cost of extracting TDA features for graphs
using the Erdős-Rényi graph generation model
with p = 0.3.

Figure 5.11: TDA Mapper Scalability. The daily cost of TDA Mapper for token networks is
illustrated in (a). The mapper cost has a direct relation with the size of the graph. (b) shows the
increasing cost of TDA Mapper with the growing size of the graph.

processing them in under 4 minutes. Furthermore, the experiments reveal that a majority of the

daily networks processed exhibit fewer than 1,000 nodes, ensuring swift processing. This evidence

underscores the scalability of TDA for real-world daily graphs within the GraphPulse framework.

These results collectively underscore GraphPulse’s outstanding scalability in temporal graph

machine learning. By efficiently managing training costs and Mapper analysis, GraphPulse offers

a high degree of scalability across various datasets, establishing its suitability for larger and more

complex temporal graph scenarios.

5.5 Conclusion

We have introduced GraphPulse, a principled approach for predicting graph properties in tem-

poral graphs. By leveraging a combination of snapshot graphs and Mapper networks, GraphPulse

capitalizes on both structural and topological insights to enhance prediction accuracy. Through em-

pirical evaluations, we have demonstrated the effectiveness of GraphPulse across diverse datasets,

showcasing its superior performance compared to baseline methods. Notably, our approach demon-
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strates scalability across both training and analysis phases, making it an adaptable solution for

large-scale temporal graph scenarios. GraphPulse presents a promising advancement in the field

of temporal graph property prediction, bridging the gap between structural and topological aspects

for accurate predictions.
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Temporal graph learning has emerged as a vital area of research for modeling dynamic sys-

tems where relationships among entities evolve over time. Many real-world phenomena naturally

form temporal graphs, including social interactions [305], blockchain transactions [7], biological

networks [306], and communication systems [307]. Unlike static graphs, temporal graphs capture

time-varying patterns, enabling more accurate forecasting, anomaly detection, and representation

learning [5].

The recent success of large pre-trained models in natural language processing [308, 309, 310]

and computer vision [168, 311] has spurred interest in developing Graph Foundation Models [312].

These models use a pre-train and transfer strategy, where neural networks trained on large datasets

can generalize to new tasks with minimal supervision [313, 314]. While this paradigm is well-

established in NLP and CV, its application to graph data, especially temporal graphs, is still

nascent.

Existing TGL literature typically focuses on training and evaluating models on a single tempo-

ral network [14, 315, 128]. These methods learn temporal patterns from a single graph’s evolution,

implicitly assuming that the temporal dynamics are unique and not generalizable. This practice

limits the potential to learn shared temporal structures across different networks and hinders trans-

fer learning, especially in zero-shot scenarios where labeled data is unavailable for new graphs.

In this work, we challenge this limitation and ask two fundamental questions: (1) Can temporal

graph models benefit from learning across multiple networks within a single domain? (2) Can these

models generalize to previously unseen networks, including those from different domains?

To address these questions, we construct a benchmark of 84 temporal transaction networks

derived from the Ethereum blockchain. These networks collectively contain over 3 million nodes

and 19 million edges, reflecting real-world financial dynamics over multi-year periods. To study

cross-domain generalization, we also incorporate eight temporal social interaction networks from

online communities. This benchmark allows for systematic evaluation of scaling behavior, transfer

learning, and zero-shot generalization in TGL.

We introduce Temporal Multi-network Transfer (MiNT), the first algorithm to pre-train tem-
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poral graph neural networks across multiple dynamic graphs. MiNT alternates between networks

during training, resets historical embeddings to ensure independence, and uses network-agnostic

validation for model selection. We train MiNT models on up to 64 transaction networks and eval-

uate them on held-out networks. Our results show that MiNT models outperform single-network

models, with performance improving as the number of pre-training networks increases (see Fig-

ure 6.1). These findings reveal a neural scaling trend in TGL and highlight the potential for building

generalizable temporal graph models.
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Figure 6.1: Scaling behavior of MiNT on unseen networks. Transferred inference performance
of MiNT (multi-network model) on unseen networks, compared with standard training of indi-
vidual networks (single model). The base TGNN models are (a) HTGN and (b) GC-LSTM. The
metric is the average ROC AUC over 20 test networks.

Our contributions are:

• Extensive Temporal Benchmark. We release the first large-scale transfer learning benchmark

of 84 Ethereum-based token networks and 8 existing social networks, enabling research on multi-

network pre-training and generalization in TGL.

• Multi-network Training Algorithm. We introduce MiNT-train, the first algorithm to train

TGNNs across multiple temporal graphs, leveraging order shuffling and context switching to

ensure robustness and network independence.

• Neural Scaling in TGL. We empirically demonstrate that model performance improves with

both the number of pre-training networks and the duration of training (in days), revealing a

scaling trend analogous to those seen in NLP and CV foundation models for the first time.
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Figure 6.2: MiNT framework. Temporal graphs are preprocessed to generate discrete-time snap-
shots. The multi-network training pipeline leverages these snapshots to train TGNNs across mul-
tiple networks for network-transferred inference on unseen temporal networks. MiNT models of
varying sizes (for example, MiNT-2, MiNT-4, MiNT-8, up to MiNT-64) each corresponding to
a different number of training networks. Each model is trained on a distinct number of networks
(e.g., 2, 4, 8, 16, 32, 64) and evaluated in a zero-shot setting on the same set of held-out test net-
works.

• Superior Zero-shot Transferability. MiNT achieves competitive zero-shot performance on 20

unseen token networks, with the best average rank over all the baselines.

6.1 MiNT: Temporal Multi-network Training

Algorithm 2 Multi-Network Transfer for Temporal Graphs
Require: Temporal graph dataset D = {G1, . . . ,Gm} where Gi = {Gi

1, . . . ,G
i
ni
}; a TGNN model; a graph property Decoder

Ensure: Trained TGNN with transferable representations
1: for each epoch do
2: Shuffle(D) ▷ Order shuffling across networks
3: for each Gi ∈ D do
4: Initialize historical embeddingsH0 ▷ Context switching
5: for t← 1 to ni do
6: Ht ← TGNN(Gi

t ,Ht−1)
7: ŷt ← Decoder(Ht)
8: L ← Loss(yt, ŷt)
9: Backpropagate
10: end for
11: Evaluate on validation snapshots of Gi

12: end for
13: Compute average validation performance across datasets
14: Save best-performing model
15: end for

In this section, we introduce our Temporal Multi-network Training (MiNT) algorithm, an in-

novative multi-network pre-training framework designed to be applied to any backbone TGNN
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architecture for DTDG. By leveraging MiNT pre-training, the base TGNN model can transfer

to unseen networks for inference. Figure 6.2 provides an overview of our MiNT framework, il-

lustrating the process from dataset curation to the model pre-training stage, and finally network

transferred inference on test networks. In this work, we evaluate the model on multiple tempo-

ral property prediction tasks, including network growth and shrinkage, as well as variations in

the size of the largest connected component. These properties, formally defined in section 6.2.1,

collectively measure the expansion, contraction, and structural robustness of temporal networks.

6.1.1 Multi-network Training

Existing temporal graph learning models typically train on a single temporal graph, limiting their

ability to capture similar behaviors and generalize across different networks [315, 126]. In contrast,

we consider a classical learning scenario where a training dataset of m temporal graphs D =

{G1,G2, . . . ,Gm} is drawn identically and independently (IID) from an unknown distribution, and

the learned model is evaluated on a test set of unseen temporal networks.

Our MiNT algorithm trains across multiple temporal graphs by modifying a single network

training model with two crucial steps: shuffling and context switching. As explained below, these

steps render the algorithm network-agnostic, capable of learning from various temporal graphs to

generalize effectively to unseen networks. Algorithm 2 shows the MiNT-train approach in detail.

As the first step, we load the list of temporal graphs D, where each temporal graph Gi is represented

as a sequence of snapshot {Gi1,Gi2, . . . ,Gini
}. For each epoch, we shuffle the orders of the list of

datasets D to preserve the IID assumption of neural network training.

Order Shuffling. Previous works focus on training models on a single network for tempo-

ral tasks; instead, we incorporate a shuffling step at each epoch to facilitate training on multiple

networks and enable inference on unseen networks. The randomized ordering of networks during

training at each epoch is important because it helps prevent the model from learning spurious cor-

relations that could arise if the data were presented in a fixed order. Shuffling the datasets promotes

randomness in the training process, contributing to more robust and generalizable model perfor-
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mance. Sequentially, we first initialize the historical embeddings, then train the model end-to-end

on each dataset Gi in a similar manner to training a single model, and evaluate the performance on

the corresponding validation set of dataset Gi. After training on m datasets from D, we compute

the average validation results across these datasets. This average is used to select the best model,

which is then used for inference. Early stopping is applied if needed. We verify the importance of

order shuffling in the ablation study of Table 6.5.

Context Switching. Many TGNNs store and utilize node embeddings or latent states from

previous timestamps at later timestamps; we refer to those embeddings as historical embeddings

[126, 127, 128]. In Algorithm 2, this is represented in line 6 as

Ht = TGNN(Git ,Ht−1),

indicating that at time steps t, the temporal graph model takes as input both the current snapshot

Git and the latent state Ht−1 from the previous time step (similar to RNNs). Resetting historical

embeddings at the beginning of each epoch (line 4 of Algorithm 2) is a key step in training a

temporal model across multiple networks for several reasons. First, it helps prevent the model

from carrying over biases or assumptions from one network to another, ensuring that it can adapt

effectively to the unique characteristics of each network. Second, it enables the model to learn

the most relevant and up-to-date information from the current network, improving performance

and generalization across different networks. This is equivalent to resetting the initial vector of

recurrent neural networks at the beginning of each sequence.

NTI: Network-Transferred Inference. To evaluate the transferability of each multi-network

model, we test the model on test sets that are unseen by the models during the training phase. We

first divide our networks into two disjoint sets, where one set is used for training, obtained by ran-

domly selecting 64 token networks, and the remaining 20 token networks are used to evaluate the

performance. In the inference phase, we begin by loading all the weights of multi-network models,

including the pre-trained encoder and decoder parameters, while initializing fresh historical em-
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beddings. Then, we perform a single forward pass over the train and validation split to adapt the

historical embeddings specific to the testing dataset.

6.1.2 MiNT Datasets

Numerous graph benchmark datasets have been introduced to advance research within the temporal

graph learning community. [205] introduced six dynamic graph datasets while proposing visual-

ization techniques and novel negative edge sampling strategies to facilitate link prediction tasks

of dynamic graphs. Following the good practice from OGB [193], [14] introduced TGB, which

provides automated and reproducible results with a novel standardized evaluation pipeline for both

link and node property prediction tasks. However, these datasets belong to different domains, mak-

ing them unsuitable for studying the scaling laws of neural network models trained with a large

number of datasets from the same domain. [316] provides a temporal benchmark for evaluating

graph neural networks in link prediction tasks, though their focus does not extend to training on

multiple networks. Conversely, the Live Graph Lab dataset by [317] offers a temporal dataset and

benchmark, employed for tasks like temporal node classification using TGNNs. This work aims to

explore multi-network training and understand the transferability across temporal graphs. There-

fore, we curate a collection of temporal graphs rather than focusing on individual ones as in prior

work.

6.1.3 Datasets Extraction

We utilize a dataset of temporal graphs sourced from the Ethereum blockchain [282]. In this

section, we will describe Ethereum, explain our data pipeline, and conclude by defining the char-

acteristics of the resulting dataset.

Ethereum and ERC20 Token Networks. We create our transaction network data by first

installing an Ethereum node and accessing the P2P network by using the Ethereum client Geth

(https://github.com/ethereum/go-ethereum). Then, we use Ethereum-ETL (https:

//github.com/blockchain-etl/ethereum-etl) to parse all ERC20 tokens and ex-
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Figure 6.3: MiNT data processing overview. (1) Token extraction: extracting the token trans-
action network from the Ethereum node. (2) Discretization: creating weekly snapshots to form
discrete time dynamic graphs.

tract asset transactions. We extracted more than sixty thousand ERC20 tokens from the entire

history of the Ethereum blockchain. However, during the lifespans of most token networks, there

are interim periods without any transactions. Additionally, a significant number of tokens live

for only a short time span. To avoid training data quality challenges, we use 84 token networks

with at least one transaction every day during their lifespan and are large enough to be used as a

benchmark dataset for multi-network model training.

Temporal Networks. Each token network represents a distinct temporal graph, reflecting the

time-stamped nature of its transactions. In these networks, nodes (addresses), edges (transactions),

and edge weights (transaction values) evolve over time, capturing the dynamic behavior of the

network. Additionally, these networks differ in their start dates and durations, introducing further

variation in their evolution. While each token network operates independently with its own set

of investors, they exhibit common patterns and behaviors characteristic of transaction networks.

These similarities allow the model to learn and generalize from these patterns across different

networks. Collecting temporal graphs from various ERC20 token networks allows for comparative

analysis, uncovering common patterns and unique behaviors. This strengthens the model’s ability

to generalize and improves its robustness.

Figure 6.3 illustrates the MiNT overview from dataset extraction and discretizing graph net-
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Figure 6.4: Network statistics of MiNT networks. (a) Novelty score, (b) number of nodes, (c)
number of days, and (d) number of edges.

works for the model training step.

Table 6.1: All token networks’ statistics.

Token #Node #Transaction Duration (days) Growth rate Novelty Surprise Token #Node #Transaction Duration (days) Growth rate Novelty Surprise

ARC 11325 70968 606 0.43 0.32 0.88 Metis 52586 343141 907 0.44 0.48 0.89
CELR 65350 235807 1691 0.49 0.56 0.96 cDAI 52753 358050 1437 0.45 0.46 0.9
CMT 86895 205961 309 0.45 0.72 0.92 BITCOIN 34051 347054 178 0.48 0.39 0.63
DRGN 113453 341849 2164 0.44 0.57 0.97 INJ 60472 312822 1113 0.46 0.52 0.98
GHST 35156 180955 1146 0.43 0.51 0.93 MIM 23038 269366 885 0.44 0.4 0.89
INU 8556 66315 154 0.27 0.41 0.59 GLM 53385 234912 1080 0.5 0.53 0.96
IOTX 63079 288469 1993 0.45 0.56 0.99 Mog 14590 240680 107 0.37 0.38 0.55
QSP 117977 299671 2178 0.45 0.67 0.99 DPI 40627 234246 1150 0.49 0.5 0.86
REP 83282 224843 346 0.46 0.69 0.96 LINA 45342 227147 1144 0.45 0.46 0.95
RFD 23208 173695 169 0.3 0.39 0.6 Yf-DAI 22466 226875 1158 0.42 0.31 0.87
TNT 88247 316352 1216 0.43 0.55 0.93 BOB 42806 212099 199 0.35 0.48 0.73
TRAC 71667 299181 2110 0.46 0.54 0.97 RGT 35277 211932 1110 0.44 0.46 0.98
RLB 28033 240291 129 0.43 0.49 0.76 TVK 42539 208082 1062 0.41 0.48 0.93
steCRV 19079 211538 1033 0.45 0.53 0.9 RSR 50645 205906 659 0.47 0.62 0.91
ALBT 63042 434881 1152 0.43 0.44 0.89 WOJAK 34341 198653 201 0.37 0.48 0.73
POLS 128159 554705 1132 0.45 0.61 0.94 ANT 36517 200262 1107 0.47 0.46 0.93
SWAP 69230 509769 1213 0.46 0.45 0.79 LADYS 37486 192176 181 0.37 0.52 0.79
SUPER 83299 502030 986 0.47 0.46 0.85 ETH2x-FLI 11008 199088 965 0.47 0.28 0.84
RARI 87186 502960 1207 0.43 0.47 0.91 TURBO 38638 189048 189 0.33 0.48 0.72
KP3R 39323 493258 1102 0.43 0.33 0.88 REPv2 39061 191367 1194 0.48 0.5 0.97
MIR 79984 444998 1066 0.45 0.43 0.92 NOIA 29798 185528 1133 0.46 0.37 0.7
aUSDC 23742 475680 1067 0.46 0.4 0.73 0x0 21531 182430 283 0.51 0.46 0.81
LUSD 25852 430473 943 0.48 0.36 0.87 PSYOP 25450 168896 169 0.32 0.39 0.59
PICKLE 28498 430262 1149 0.48 0.34 0.69 ShibDoge 40023 134697 680 0.43 0.53 0.8
DODO 47046 390443 1131 0.47 0.45 0.91 ADX 14567 123755 1188 0.44 0.4 0.91
YFII 43964 391984 1196 0.44 0.44 0.96 BAG 11860 122634 298 0.31 0.44 0.87
STARL 71590 369913 856 0.46 0.48 0.86 QOM 21757 118292 598 0.46 0.41 0.81
LQTY 34687 374230 943 0.45 0.34 0.91 BEPRO 26521 120261 1132 0.46 0.48 0.87
FEG 118294 367584 1007 0.4 0.62 0.92 AIOZ 29231 119926 947 0.43 0.49 0.89
AUDIO 91218 362685 1108 0.45 0.58 0.95 PRE 40476 118625 1113 0.5 0.55 0.86
OHM 45728 377068 690 0.43 0.46 0.88 CRU 19990 117712 1144 0.5 0.43 0.95
WOOL 16874 351178 716 0.41 0.18 0.41 POOH 27245 111641 193 0.26 0.49 0.69
DERC 24277 111205 824 0.45 0.49 0.83 aDAI 13648 187050 1068 0.45 0.46 0.82
stkAAVE 37355 110924 1128 0.42 0.57 0.71 ORN 44010 239451 1134 0.46 0.47 0.87
BTRFLY 8450 108371 453 0.48 0.34 0.44 DOGE2.0 7664 79047 123 0.45 0.38 0.66
SDEX 9127 104869 240 0.41 0.44 0.75 HOICHI 5075 77361 436 0.36 0.32 0.71
XCN 20085 104185 607 0.46 0.42 0.84 EVERMOON 7552 79868 163 0.24 0.35 0.52
HOP 37004 102650 514 0.41 0.6 0.88 MUTE 12426 82345 977 0.43 0.46 0.95
MAHA 18401 96180 749 0.43 0.47 0.91 crvUSD 2950 88647 174 0.61 0.37 0.73
DINO 15837 94140 358 0.44 0.44 0.74 SLP 6675 95368 1151 0.43 0.36 0.91
bendWETH 1454 96898 593 0.51 0.21 0.51 sILV2 12838 92905 611 0.4 0.34 0.48
PUSH 14501 93103 936 0.46 0.38 0.83 SPONGE 25852 90468 184 0.31 0.66 0.81

6.1.4 Dataset Statistics

Our MiNT dataset is a collection of 84 ERC20 token networks derived from Ethereum from 2017 to

2023. Each token network is represented as a dynamic graph, in which each address and transaction
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between addresses are a node and a directed edge, respectively. The biggest MiNT token network

contains 128, 159 unique addresses and 554, 705 transactions, while the smallest token network

has 1, 454 nodes.
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Figure 6.5: Distribution of the characteristics of the datasets over training and testing sets.

Figure 6.4 shows that most networks have more than 10k nodes and over 100k edges. The

lifespan of MiNT networks varies from 107 days to 6 years, and there exists at least one transaction

each day. Figure 6.4.a shows the novelty scores, i.e., the average ratio of unseen edges in each

timestamp, introduced by [205]. Figure 6.4 shows that most of the 84 networks have novelty

scores greater than 0.3, indicating that each day sees a considerable proportion of new edges in

these token networks. We adopt a 70% − 15% − 15% split of train-test-validation for each token

network and calculate the surprise score [205], which indicates the number of edges that appear

only in the test data. As Table 6.1 shows, the token networks have quite high surprise values with

an average of 0.82. We also provide the node, edge and length distribution for train and test sets

separately in Figure 6.5. Overall, train set datasets mostly have more nodes than those in the test

set, while the number of edges and days are in the same range for both.

We summarize detailed statistics of each token network in MiNT datasets in Table 6.1. In the
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table, the growth rate is the ratio of label 1, indicating the increase in the number of edge counts

concerning the problem definition defined in section 6.2.1. In addition, we use the novelty and

surprise scores introduced by [205]. The novelty score is defined as the average ratio of new edges

in each timestamp. The surprise score is defined as the ratio of edges that only appear in the test

set. Formally,

novelty = 1
T

T∑
t=1

|Et \ Et
seen|

|Et|
, (6.1a)

surprise = |Etest \ Etrain|
|Etest|

, (6.1g)

where Et and Et
seen denotes the set of edges present only in timestamp t and seen in previous

timestamps, respectively. Etest represents edges that appear in the test set, and edges appearing in

the train set are represented as Etrain.

Table 6.2: Overlapping Nodes Statistics

Dataset
Avg. Common Nodes

vs Train Set (MiNT-64)
Train vs Test
Node Overlap

MIR 0.021 ± 0.019 0.007
DOGE2.0 0.026 ± 0.033 0.015
MUTE 0.033 ± 0.020 0.045
EVERMOON 0.023 ± 0.033 0.043
DERC 0.020 ± 0.020 0.031
ADX 0.024 ± 0.020 0.018
HOICHI 0.023 ± 0.013 0.053
SDEX 0.024 ± 0.019 0.141
BAG 0.019 ± 0.017 0.107
XCN 0.016 ± 0.010 0.034
ETH2x-FLI 0.038 ± 0.041 0.028
stkAAVE 0.026 ± 0.027 0.057
GLM 0.014 ± 0.015 0.047
QOM 0.018 ± 0.014 0.044
WOJAK 0.025 ± 0.032 0.018
DINO 0.018 ± 0.014 0.049
Metis 0.020 ± 0.013 0.041
REPv2 0.016 ± 0.017 0.013
TRAC 0.015 ± 0.016 0.031
BEPRO 0.023 ± 0.022 0.021

Comparison Between Training And Testing

Set. Nodes, transactions, and length (in days) dis-

tribution over the training and testing sets are shown

in Figure 6.5. Training sets well-support the multi-

network model to generalize characteristics of the

entire MiNT dataset due to the similarity between

nodes, edge and length in days distributions shown

in Figures 6.5a, 6.5b, 6.5c and those distributions

across 84 token networks of MiNT datasets. In ad-

dition, the variance of datasets’ characteristics of the

testing set is shown in Figures 6.5d, 6.5e and 6.5f.

Node Overlap Analysis. We analyze the over-

lap of nodes between different datasets and within each dataset, which helps demonstrate the highly

dynamic nature of our datasets. Specifically, we compared the nodes in each test network with
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those in the training networks and calculated the average overlap. As shown in Table 6.2, on av-

erage, only 2% of the nodes are common between the training and test datasets, highlighting the

rapidly changing structure of these networks.

Furthermore, we analyzed the node overlap within each test dataset by splitting it into the stan-

dard train-validation-test setup. We compared the nodes in the 70% training snapshots with the

nodes in the final 15% test snapshots, and on average, only 4% of the nodes overlapped. This indi-

cates the highly inductive nature of our model and emphasizes the zero-shot challenge it addresses

in this domain. These findings underscore the importance of tackling such dynamic and evolving

challenges in temporal graph learning.

6.2 Experiments

We evaluate the transferability of our proposed MiNT approach on unseen test networks in both

single-domain (Section 6.2.4) and cross-domain (Section 6.2.5) settings. Our code is available

at https://github.com/benjaminnNgo/ScalingTGNs, and the datasets are hosted at

https://zenodo.org/records/15364297. We begin by defining the baseline models

and backbone architectures used in our experiments.

We focus on network growth or shrink [17] as the main prediction task. Additionally, we in-

clude the growth of the largest connected component to demonstrate the model’s capability on a

different property prediction task in section 6.2.6. Detailed task definitions are provided in Sec-

tion 6.2.1. As weekly forecasts are common in the financial context for facilitating financial de-

cisions [299], we set δ1 = 3 and δ2 = 10 days for the tasks, thus predicting the temporal graph

property over weekly snapshots.

In addition, to show that MiNT is agnostic to the underlying TGNN architecture, we select

two widely-used TGNN models as our backbone: HTGN [126] and GCLSTM [127]. We formu-

late our datasets as discrete-time dynamic graphs, as our prediction tasks are defined over weekly

graph snapshots that naturally capture financial and behavioral cycles observed in blockchain net-
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works [266]. This formulation preserves the temporal evolution of transaction structures while

maintaining consistency with the aggregated nature of the data. While continuous-time dynamic

graph models can also be applied to this domain, we limit the scope of this study to the discrete-

time formulation, which is highly suitable for our prediction setting and data granularity. Based on

this setting, we select HTGN, which has shown state-of-the-art performance on similar task [17],

and GC-LSTM, a robust baseline that effectively models temporal dependencies in discrete se-

quences. These two architectures provide strong and complementary backbones for evaluating

the transferability and stability of MiNT. Experimental results suggest that HTGN has superior

performance overall; thus, we adopt this model for in-depth analysis and ablation studies. 1

6.2.1 Task Formulation

We define graph property prediction as the task of forecasting a specific structural property of a

temporal graph over a future time interval. In this work, we focus on two binary classification

tasks: predicting the growth or shrinkage of (i) transaction volume (i.e., edge count), and (ii) the

size of the largest connected component (LCC).

In the network growth prediction task, the goal is to determine whether the number of transac-

tions will increase in the upcoming time window relative to a preceding interval. Given the current

weekly snapshot of a network, the model predicts whether transaction activity will rise or decline

in the following week. This task is particularly relevant in financial domains, where fluctuations in

transaction volume can reflect shifts in user engagement, liquidity, or investor interest. We adopt

the same evaluation setup used in GraphPulse [17], and define the property formally as follows:

Definition (Network Growth). Let t1 and tn denote the start and end of the observation win-

dow, and δ1, δ2 define the prediction interval. Let E(tn+δ1 , tn+δ2) be the multi-set of edges between

times tn+δ1 and tn+δ2 . The binary property P is defined as:

1In what follows, the default MiNT models refer to HTGN with our MiNT pre-training, for example in Figure 6.6.
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P (G, t1, tn, δ1, δ2) =


1, if |E(tn+δ1 , tn+δ2)| > |E(t1, tn)|,

0, otherwise.
(6.2)

Why is this task useful? The network growth/shrink property prediction in financial networks

forecasts changes in transaction numbers (edge count), revealing trends in investment activity. A

growth in edge count indicates increased investor engagement, while a shrinkage suggests reduced

activity or market hesitation. Such investor behavior impacts token prices, and analyzing the be-

havior helps guide investment strategies, resource allocation, and risk management by providing

insights into the evolving dynamics of token networks. For social networks, network growth in

time requires resource (e.g., server) allocation and maintaining dynamic load balancing. As a

result, forecasting the growth allows for efficient planning.

Definition (LCC Growth). The second prediction task focuses on structural connectivity. Let

Ct denote the size of the largest connected component (LCC) at time t. The model predicts whether

the LCC will grow over the upcoming interval. Formally:

P (G, t1, tn, δ1) =


1, if |C(tn+δ1 , tn+δ2)| > |C(t1, tn)|,

0, otherwise.
(6.3)

Why is this task useful? In Ethereum token networks, the growth of the largest connected

component reflects increasing structural integration, where more addresses become part of a uni-

fied transaction graph. This is important because token networks typically evolve through isolated

pairwise trades, leading to many disconnected components or "islands" of investors. Such frag-

mentation limits information flow and liquidity, which can undermine price stability and market

efficiency. A growing LCC, by contrast, indicates expanding interaction and network cohesion,

which are often associated with higher liquidity, stronger network effects, and sustained adoption.

Predicting LCC growth helps identify tokens that are moving toward broader market integration.

Setting n = 7, δ1 = 3, and δ2 = 10 days, we establish a practical graph property with a 7-day

prediction window. This choice is particularly relevant in financial contexts, such as Ethereum
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asset networks, where it can guide investment decisions, and in social network infrastructure, like

Reddit, where it supports maintenance planning.

While this work focuses on specific properties, numerous other characteristics, such as tem-

poral triangle counting that can identify wash trades [318], can also be defined in this domain to

highlight the significance of temporal graph property predictions.

6.2.2 Hyperparameters

Single Models. We adopt a 70%− 15%− 15% split ratio for the train, validation, and test, respec-

tively, for each token network, and during each epoch, the training model processes all snapshots

in chronological order. We train every single model for a minimum of 100 and a maximum of 250

epochs with a learning rate set to 15 × 10−4. We apply early stopping based on the AUC results

on the validation set, with patience and tolerance set to 20 and 5 × 10−2, respectively. Specifi-

cally, in HTGN training, the node embeddings are reset at the end of every epoch. We use Binary

Cross-Entropy Loss for performance measurement and Adam [319] as the optimization algorithm.

It is important to note that the graph pooling layer, performance measurement, and optimization

algorithm are also shared by the multi-network model training setup.

Multi-network Models. While following a similar training approach as in the single model

training, we make specific adjustments for the multi-network model training. We set the number

of epochs to 300 with a learning rate of 10−4 and a train-validation-test chronological split ratio

same as single models. Early stopping is applied based on the validation loss with a tolerance of

5× 10−2 and the patience is set to 30. The best model is selected based on the validation AUC and

used to predict the unseen test dataset.

6.2.3 Contenders And Baselines

For comparison, we include heuristics, single-network models, and our pre-trained MiNT models.

We refer to models trained on a single network (as in the existing literature) as single models. For

each temporal graph, we use a 70%-15%-15% split for training, validation, and test sets. During
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Figure 6.6: MiNT Performance with Varying Training Scales. Test AUC of MiNT models
trained on 4, 16 and 64 networks and evaluated on unseen test datasets. We compare the perfor-
mance with HTGN single models trained and tested on each dataset.

each epoch, the model processes snapshots sequentially in chronological order. Train and test

networks share approximately 2% of their nodes (see Table 6.2). The results are reported with an

average and standard deviation of three runs with different random seeds. We also provide our

train/validation/test splits.

We train each model for 100 to 250 epochs with a learning rate of 1.5 × 10−3, applying early

stopping based on validation AUC with patience 20 and tolerance 5× 10−2. Binary Cross-Entropy

Loss is used for evaluation, and Adam [319] for optimization. The graph pooling layer, loss func-

tion, and optimizer are shared in the multi-network training setup. The final pooling layer, imple-

mented as a Multi-Layer Perceptron (MLP), computes the mean of node embeddings, concatenates

it with four graph-level snapshot features (mean of in-degree, weighted in-degree, out-degree, and

weighted out-degree), and outputs a binary prediction. The choice of mean pooling is further

discussed in Section 6.2.10.

Single Models. We use six models from the literature, HTGN [126], GCLSTM [127],

EvolveGCN [128], ROLAND [108], GraphPulse [17], WinGNN [129] and a naive heuristic base-

line, Persistent Forecasting (P.F.), as our baseline models trained from scratch on individual net-

works. Persistence forecast uses data from the previous and current weeks to predict the next

week’s property. If we observe an increase in transactions this week compared to the previous

week, we predict a similar increase next week. This simple model assumes that trends in transac-
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tion networks persist over time. Our baseline method has three key aspects. First, we do not use

any future information to generate the labels. Second, we compare the current week’s transaction

count to that of the previous week to determine the trend. Finally, if the current week shows an

increase, we predict the same trend for the next week. This straightforward approach provides a

basic baseline for comparison against more sophisticated predictive models. We provide detailed

explanations for each model in section 2.2.6.

MiNT Models. We train six multi-network transfer models, each with a different number of

networks corresponding to 2k datasets, where k ∈ [1, 6]. We name each multi-network model

based on the number of datasets used in training; for example, MiNT-16 is trained with 16 datasets.

The default TGNN architecture is HTGN, which shows superior performance, while the GCLSTM

architecture is also trained and discussed in Table 6.3.

Computational Resource. We ran all experiments on NVIDIA Quadro RTX 8000 (48G memory)

with 4 standard CPU nodes (either Milan Zen 3 2.8 GHz and 768GB of memory each or Rome

Zen 2, 2.5GHz and 256GB of memory each).

6.2.4 Single Domain Transfer Results

This section presents the network growth task performance of our multi-network models trained on

the 64-token datasets and evaluated in zero-shot inference on 20 unseen token test datasets. Similar

trends for the second task are reported in section 6.2.6. To evaluate that MiNT’s transferability is

not limited to the transaction domain, we also trained MiNT on social network datasets, where it

demonstrates positive transfer. The detailed results are presented in section 6.2.7. We additionally

investigate the (negligible) effect of data selection on the performance of MiNT, with detailed

results provided in section 6.2.8.

Table 6.3 compares our results with the five baseline single models that are trained and tested

on the same 20 datasets. We also report the top rank, average rank, and win ratio for each model.

The top rank indicates the number of datasets where a method ranks first. To calculate the average

rank, we assign an AUC-based rank (ranging from 1 to 9) to every model across the 20 test datasets
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Table 6.3: ROC AUC scores of MiNT transfer models (with HTGN and GC-LSTM backbones)
and single models (trained on test networks) on unseen test sets. Best AUC in bold, second best
underlined.

Single Model on Individual Networks Transfer Model - 64 Networks
Network HTGN GC-LSTM EvolveGCN GraphPulse ROLAND WinGNN P.F. GC-LSTM HTGN

WOJAK 0.479±0.005 0.484±0.000 0.505±0.023 0.467±0.030 0.529 ± 0.005 0.511±0.026 0.378 0.534±0.020 0.524±0.027

DOGE2.0 0.590±0.059 0.538±0.000 0.551±0.022 0.384±0.180 0.513 ± 0.022 0.577±0.038 0.250 0.551±0.022 0.538±0.038

EVERMOON 0.512±0.023 0.562±0.179 0.451±0.046 0.519±0.130 0.349 ± 0.119 0.525±0.114 0.241 0.494±0.047 0.517±0.039

QOM 0.633±0.017 0.612±0.001 0.618±0.002 0.775±0.011 0.641 ± 0.003 0.645±0.099 0.334 0.618±0.004 0.647±0.019

SDEX 0.762±0.034 0.720±0.002 0.733±0.028 0.436±0.030 0.483 ± 0.254 0.726±0.000 0.423 0.723±0.002 0.614±0.020

ETH2x-FLI 0.610±0.059 0.670±0.009 0.688±0.010 0.666±0.047 0.621 ± 0.023 0.617±0.056 0.355 0.697±0.009 0.729±0.015

BEPRO 0.655±0.038 0.632±0.019 0.610±0.012 0.783±0.003 0.439 ± 0.125 0.736±0.018 0.393 0.746±0.015 0.782±0.003

XCN 0.668±0.099 0.306±0.092 0.512±0.067 0.821±0.004 0.765 ± 0.015 0.586±0.029 0.592 0.733±0.003 0.851±0.043

BAG 0.673±0.227 0.196±0.179 0.329±0.040 0.934±0.020 0.418 ± 0.016 0.485±0.105 0.792 0.529±0.023 0.931±0.028

TRAC 0.712±0.071 0.748±0.000 0.748±0.000 0.767±0.001 0.495 ± 0.223 0.752±0.007 0.400 0.742±0.004 0.785±0.008

DERC 0.683±0.013 0.703±0.022 0.669±0.009 0.769±0.040 0.405 ± 0.357 0.674±0.044 0.353 0.696±0.011 0.798±0.027

Metis 0.715±0.122 0.646±0.023 0.688±0.027 0.812±0.011 0.696 ± 0.108 0.690±0.039 0.423 0.697±0.013 0.760±0.025

REPv2 0.760±0.012 0.725±0.014 0.709±0.002 0.830±0.001 0.751 ± 0.003 0.744±0.026 0.321 0.733±0.019 0.789±0.020

DINO 0.730±0.195 0.874±0.028 0.868±0.029 0.801±0.020 0.497 ± 0.092 0.628±0.251 0.431 0.659±0.039 0.779±0.113

HOICHI 0.807±0.047 0.857±0.000 0.856±0.001 0.714±0.010 0.815 ± 0.036 0.769±0.101 0.374 0.847±0.005 0.765±0.018

MUTE 0.649±0.015 0.593±0.030 0.617±0.010 0.779±0.004 0.289 ± 0.042 0.593±0.054 0.536 0.636±0.003 0.673±0.013

GLM 0.830±0.029 0.451±0.003 0.501±0.033 0.769±0.018 0.559 ± 0.357 0.530±0.004 0.427 0.501±0.027 0.831±0.024

MIR 0.750±0.005 0.768±0.026 0.745±0.015 0.689±0.097 0.228 ± 0.060 0.742±0.015 0.327 0.788±0.022 0.836±0.016

stkAAVE 0.702±0.042 0.368±0.011 0.397±0.022 0.743±0.006 0.591 ± 0.122 0.572±0.018 0.426 0.650±0.028 0.709±0.022

ADX 0.769±0.018 0.723±0.002 0.718±0.004 0.784±0.002 0.761 ± 0.011 0.733±0.023 0.362 0.673±0.022 0.679±0.024

Top rank ↑ 2 3 0 8 0 0 0 1 6

Avg. rank ↓ 4.10 5.35 5.5 3.30 5.85 4.95 8.35 4.35 2.80

and compute the average. The win ratio represents the proportion of datasets where a model

outperforms a single model. Overall, MiNT-64 exhibits the best overall performance, achieving

the state-of-the-art AUC performance in 6 networks and top two performance in 7 out of 20 total

test networks with network-transferred inference.

Although the single GraphPulse model achieves the top rank of 8, it is a topology-based method

without a GNN and requires supervised training on each dataset. In contrast, our GNN-based

MiNT-64 model performs transferred inference efficiently across all datasets in just a few minutes.

Despite some trained models like HTGN or GCLSTM excelling on specific datasets (e.g., SDEX

and DINO), MiNT-64 consistently ranks competitively across the full benchmark, demonstrating

strong generalization without per-dataset training.

For visual clarity, Figure 6.6 shows the AUC on test data results for MiNT-4, MiNT-16 and

MiNT-64, as well as the single HTGN model. We show the performance of all six multi-network

models in Figure 6.7. Overall, an upward trend is observed in most datasets from multi-network

models 2 to 64, such as in BAG, MIR, and BEPRO datasets, highlighting the power of larger multi-
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Figure 6.7: Test AUC of multi-network models trained on 2n datasets where n ∈ [1, 6] and eval-
uated on unseen test datasets for network growth or shrink task. Comparing the performance of
single models trained and tested on each dataset.

network models in temporal graph learning.

Table 6.4: MiNT vs single model performance
ranking.

Model Top Rank ↑ Avg. Rank ↓ Win Ratio ↑

Single Model 3 4.35 –
MiNT-2 0 6.15 0.25
MiNT-4 2 4.35 0.45
MiNT-8 1 4.45 0.45
MiNT-16 1 3.45 0.65
MiNT-32 2 3.20 0.70
MiNT-64 11 2.15 0.80

Effect Of Scaling. In Table 6.4, we further com-

pare the models by reporting the top rank, aver-

age rank, and win ratio for different configura-

tions of the multi-network models. We observe a

notable improvement in performance as the num-

ber of training networks increases. For instance,

the average rank (lower is better) improves from

6.15 for MiNT-2 to 2.15 for MiNT-64, which sig-

nifies a roughly 50% performance enhancement when scaling from two networks to sixty-four. The

improvement in the win ratio is also substantial, with MiNT-64 achieving the highest win ratio of

0.80, outperforming the other models in most datasets. This indicates that increasing the number

of networks in a multi-network model significantly enhances its robustness and predictive power,

particularly when compared to single models and smaller multi-network configurations. Overall,

the multi-network-based models have shown superior zero-shot performance and transferability

ability. We also conducted a study on the effect of the number of snapshots used for training, with

the results presented in section 6.2.9.
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Table 6.5: Ablation study results in AUC.

Model MiNT-32 ↑ MiNT-64 ↑

Full Model 0.714± 0.107 0.727± 0.114

w/o Order shuffling 0.708± 0.099 0.694± 0.109

w/o Context Switching 0.677± 0.098 0.688± 0.095

Ablation Study.

We conducted an ablation study for the

MiNT-train algorithm to assess the effects of

context switching and order shuffling. Models

are trained in the same way as a multi-network

model training setup and tested on the 20 unseen test datasets. The average results are presented

in Table 6.5. Training different multi-network models without resetting memory revealed that per-

sistent memory across epochs negatively impacts generalization, emphasizing the importance of

reset mechanisms to reduce overfitting. The gain from context switching is considerable when

compared to the full model, as it enables stable zero-shot transfer across heterogeneous graphs.

This mechanism prevents interference between structurally distinct networks during training and

preserves embedding consistency across domains, which is essential for maintaining generalization

under large-scale multi-network settings. Additionally, in Section 6.2.8, we explored the necessity

of shuffling data by fixing the order of training networks. The observed performance decline in-

dicates that incorporating randomness to MiNT is vital for improving the model’s robustness and

generalizability.

6.2.5 Cross-domain Transfer Results

To further explore the potential of domain mixing, we train a combined model (MiNT-12 Mix) using

six token networks and six social networks for the network growth task. The numbers are chosen

to be equal to have a balanced mix. This transfer model is evaluated in a fully zero-shot setting

across unseen networks from both domains. Results in Table 6.6 show that MiNT-12 Mix achieves

the best average rank (1.91) and consistently places in the top two across 16 out of 20 datasets

and outperforms MiNT-12 which is trained on 12 transaction networks. On social datasets, such

as RedditB and MathOverflow, MiNT-12 Mix performs on par with, or better than, the standard

HTGN, despite not being trained on any data from the evaluation set. On transaction networks

such as XCN and MIR, it also outperforms both HTGN and MiNT models trained only on financial
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graphs. Table 6.6 shows the AUC results of two Mix models compared to a single model on both

social and transaction test networks.

Table 6.6: AUC scores of MiNT, HTGN and
MiNT Mix. Scores in first and second. † indi-
cates social networks.

Network Standard Training Transfer Model
HTGN MiNT-12 MiNT-12 Mix

MIR 0.750±0.005 0.771±0.038 0.779±0.011
DOGE2.0 0.590±0.059 0.538±0.000 0.538±0.000
MUTE 0.649±0.015 0.698±0.033 0.660±0.015
EVERMOON 0.512±0.023 0.503±0.037 0.438±0.011
DERC 0.683±0.013 0.722±0.034 0.661±0.006
ADX 0.769±0.018 0.677±0.014 0.712±0.004
HOICHI 0.807±0.047 0.795±0.041 0.815±0.012
SDEX 0.762±0.034 0.425±0.173 0.676±0.050
BAG 0.673±0.227 0.872±0.029 0.838±0.028
XCN 0.668±0.099 0.761±0.153 0.837±0.014
ETH2x-FLI 0.610±0.059 0.714±0.014 0.670±0.002
stkAAVE 0.702±0.042 0.656±0.010 0.615±0.019
GLM 0.830±0.029 0.811±0.011 0.718±0.045
QOM 0.633±0.017 0.640±0.011 0.631±0.010
WOJAK 0.479±0.005 0.521±0.024 0.570±0.033
DINO 0.730±0.195 0.856±0.035 0.846±0.036
Metis 0.715±0.122 0.697±0.036 0.735±0.024
REPv2 0.760±0.012 0.749±0.017 0.756±0.011
TRAC 0.712±0.071 0.761±0.034 0.768±0.009
BEPRO 0.655±0.038 0.765±0.010 0.736±0.041

mathoverflow † 0.788±0.051 0.575±0.195 0.782±0.004
RedditB † 0.656±0.040 0.653±0.011 0.695±0.004

Top One ↑ 8 7 7
Top Two ↑ 5 8 9

Avg. Rank ↓ 2.05 2.00 1.91
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Figure 6.8: Time per epoch for training multi-
network models.

These findings highlight the value of cross-

domain pre-training: exposure to diverse struc-

tural and temporal patterns enables MiNT to

develop representations that generalize effec-

tively across domains. The results support

the broader hypothesis that multi-network pre-

training can help build more robust temporal

graph models.

Time Complexity Analysis. The MiNT-

train algorithm has the same complexity as

training the single model, but across all the

training networks. Specifically, for the best

performing HTGN-based model, the time com-

plexity using MiNT-train is O(m · (Nmaxdd′ +

d′|Emax|)) where m is the number of training

networks, Nmax is set to the maximum number

of nodes of networks in the training set, d and d′

are the dimensions of the input and output fea-

tures while |Emax| is the maximum number of

edges in a snapshot. Empirically, we observe

that the MiNT-training time scales linearly to

the number of networks as seen in Figure 6.8,

where we report the time per epoch for each multi-network model.

A key strength of MiNT is its ability to perform zero-shot inference: once trained on multi-

ple networks, it can generalize to unseen networks via a single forward pass without retraining.
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This makes MiNT highly efficient in real-world scenarios where new temporal graphs frequently

emerge. To quantify this efficiency, we compare the time to train a single HTGN model on each

test network with the inference time of a pretrained MiNT model, defining an Efficiency Ratio as

the ratio between the two. As shown in Table 6.10, MiNT achieves over 180× faster inference

on average while maintaining competitive or superior performance. These results underscore the

scalability and transferability of MiNT.

6.2.6 MiNT on Additional Property Prediction Task

Table 6.7: AUC scores of multi-network models and single models on test sets across three seeds
on the largest connected component growth task. Best results in bold, second best underlined.

Standard Training Transfer Model
Network HTGN MiNT-4 MiNT-8 MiNT-16 MiNT-32 MiNT-64

MIR 0.745 ± 0.023 0.570 ± 0.117 0.655 ± 0.012 0.783 ± 0.041 0.766 ± 0.053 0.845 ± 0.035
DOGE2.0 0.446 ± 0.164 0.530 ± 0.113 0.548 ± 0.063 0.631 ± 0.027 0.571 ± 0.139 0.661 ± 0.047
MUTE 0.574 ± 0.022 0.471 ± 0.014 0.468 ± 0.021 0.509 ± 0.037 0.592 ± 0.038 0.582 ± 0.078
EVERMOON 0.494 ± 0.127 0.424 ± 0.059 0.421 ± 0.029 0.376 ± 0.014 0.542 ± 0.077 0.527 ± 0.118
DERC 0.717 ± 0.035 0.552 ± 0.015 0.584 ± 0.040 0.554 ± 0.011 0.733 ± 0.067 0.689 ± 0.096
ADX 0.753 ± 0.013 0.610 ± 0.019 0.635 ± 0.033 0.603 ± 0.019 0.619 ± 0.012 0.587 ± 0.014
HOICHI 0.746 ± 0.010 0.738 ± 0.009 0.696 ± 0.072 0.715 ± 0.027 0.592 ± 0.147 0.722 ± 0.034
SDEX 0.911 ± 0.104 0.330 ± 0.117 0.425 ± 0.199 0.361 ± 0.113 0.437 ± 0.316 0.382 ± 0.280
BAG 0.493 ± 0.043 0.772 ± 0.213 0.685 ± 0.163 0.892 ± 0.036 0.952 ± 0.019 0.893 ± 0.074
XCN 0.566 ± 0.199 0.742 ± 0.039 0.688 ± 0.041 0.802 ± 0.037 0.774 ± 0.144 0.827 ± 0.025
ETH2x-FLI 0.561 ± 0.037 0.610 ± 0.015 0.625 ± 0.020 0.658 ± 0.018 0.636 ± 0.076 0.618 ± 0.025
stkAAVE 0.623 ± 0.077 0.613 ± 0.041 0.567 ± 0.038 0.668 ± 0.061 0.687 ± 0.045 0.688 ± 0.019
GLM 0.761 ± 0.031 0.585 ± 0.144 0.679 ± 0.026 0.698 ± 0.054 0.783 ± 0.031 0.818 ± 0.074
QOM 0.658 ± 0.150 0.535 ± 0.036 0.513 ± 0.003 0.566 ± 0.036 0.696 ± 0.092 0.645 ± 0.109
WOJAK 0.378 ± 0.028 0.407 ± 0.012 0.362 ± 0.053 0.384 ± 0.024 0.421 ± 0.029 0.492 ± 0.107
DINO 0.706 ± 0.120 0.794 ± 0.090 0.827 ± 0.039 0.815 ± 0.043 0.753 ± 0.165 0.561 ± 0.006
Metis 0.679 ± 0.039 0.697 ± 0.031 0.671 ± 0.047 0.711 ± 0.028 0.705 ± 0.047 0.780 ± 0.041
REPv2 0.730 ± 0.007 0.653 ± 0.014 0.642 ± 0.061 0.694 ± 0.002 0.765 ± 0.030 0.742 ± 0.041
TRAC 0.733 ± 0.009 0.658 ± 0.040 0.643 ± 0.052 0.720 ± 0.048 0.767 ± 0.012 0.762 ± 0.028
BEPRO 0.694 ± 0.009 0.587 ± 0.002 0.604 ± 0.006 0.589 ± 0.018 0.601 ± 0.129 0.628 ± 0.017

Top Rank ↑ 4 0 1 1 6 7

Avg. Rank ↓ 2.80 4.40 4.65 3.45 2.50 2.20

To further demonstrate that the scalability of our approach is not restricted to a specific property,

we extended our experiments to evaluate the performance of MiNT models on a new task. This

task involves predicting the growth or shrinkage of the largest connected component, which is

particularly meaningful in the context of transaction networks.

Experimental Results. Table 6.7 presents the performance of MiNT models and the baseline

HTGN across twenty networks. MiNT models, especially MiNT-32 and MiNT-64, outperform the
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baseline in the majority of cases. MiNT 64 achieves the highest AUC in seven networks and ranks

second in three others. It also records the best average rank overall, indicating strong generalization

to this new property prediction task.

These results show that MiNT models are not limited to a particular type of graph signal.

Instead, they are capable of adapting to a broad range of temporal properties.

6.2.7 Social Domain Results
Table 6.8: AUC scores of social multi-network
models and single models on test sets across three
seeds for network growth or shrink task. Best
scores per dataset are shown in bold.

Network Standard Training Transfer Model

HTGN MiNT-2 Social MiNT-4 Social MiNT-6 Social

mathoverflow 0.788 ± 0.050 0.750 ± 0.000 0.751 ± 0.000 0.758 ± 0.015

RedditB 0.655 ± 0.040 0.650 ± 0.002 0.651 ± 0.004 0.663 ± 0.008

To assess the generalizability of our proposed

MiNT models beyond transaction-based net-

works, we conducted experiments on a diverse

set of eight real-world social interaction net-

works. This evaluation aims to demonstrate

that MiNT is not constrained to transactional graph domains and can effectively transfer learned

representations to structurally and semantically distinct networks.

The selected social datasets include LastFM[320], MathOverflow[300], SuperUser[300], Email-

Eu[300], AskUbuntu[300], CollegeMsg[321], StackOverflow[300], and RedditB[301]. These datasets

span a wide range of social communication settings, from question-answering platforms to mes-

saging and collaboration networks, providing a rigorous testbed for cross-domain transfer.

We trained three variants of the MiNT model, MiNT-2, MiNT-4 and MiNT-6 on six social

networks and evaluated them on two held-out unseen networks: MathOverflow and RedditB. As

shown in Table 6.8, the transferable MiNT models perform competitively with the standard HTGN

model that is trained directly on the test network. Notably, MiNT-6 achieves the best performance

on RedditB (0.663 AUC), surpassing the standard HTGN model, and demonstrates strong results on

MathOverflow (0.758 AUC), further closing the gap with the single model baseline. We observe

a consistent scaling behavior with increasing model capacity (i.e., number of source networks),

similar to what was reported in transaction network experiments. This trend indicates that as the

number of training networks increases, the MiNT models are better equipped to capture structural
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and temporal patterns in unseen networks. This reinforces the model’s ability to extract transferable

knowledge and leverage broader training contexts effectively.

6.2.8 Effect of Data Selection
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Figure 6.9: Effect of data selection on
model performance for network growth
or shrink task. When models reach
larger sizes (i.e., Mint-32), the effect of
data packs is negligibly similar.

We investigate the effect of data selection on the perfor-

mance of MiNT models trained with different training

data packs. As the first work on multi-network train-

ing for temporal graphs, we explore the importance of

our dataset selection process. To avoid any bias, we ran-

domly sampled the training datasets from the 64 available

networks. We conducted an empirical experiment to ex-

amine the impact of dataset selection on training MiNT

models. In this experiment, we choose three disjoint sets

of datasets (data pack A, B, and C) for training MiNT-2, MiNT-4, MiNT-8, and MiNT-16 and

two disjoint sets of datasets (data pack A, B) for training MiNT-32. Using disjoint data packs

ensures that each model is trained on unique data, eliminating any overlap that could obscure the

results. We then test our models on 20 unseen test datasets. Note that MiNT-32 has only two

packs, whereas other MiNT models have three packs due to the limited number of available train-

ing networks. Specifically, since MiNT-32 requires 32 distinct networks per training run and only

64 total networks are available, we can only create two non-overlapping training sets of size 32.

In contrast, smaller models such as MiNT-2 through MiNT-16 allow for more disjoint groupings.

As shown in Figure 6.9, as the number of training networks increases, the model performance

increases while the variance between different choices of training networks decreases. However,

the difference between models that use the same number of datasets diminishes as we move from

models of 2 to 32 datasets. We observe that smaller models have a higher variance when compared

to larger models; in addition, the model performance also increases from small to large models.
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6.2.9 Effect of Snapshot Scaling on Model Performance
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Figure 6.10: Scaling effect of number of snapshots
used in MiNT-64 training.

Table 6.9: Test AUC on unseen networks between
MiNT-4 with max pooling and MiNT-4 with mean
pooling.

Dataset
MiNT-4 Test AUC

Max Pooling
MiNT-4 Test AUC

Mean Pooling

MIR 0.588 0.510
DOGE2.0 0.500 0.667
MUTE 0.685 0.627
EVERMOON 0.622 0.373
DERC 0.761 0.617
ADX 0.692 0.708
HOICHI 0.583 0.795
SDEX 0.401 0.643
BAG 0.610 0.802
XCN 0.557 0.774
ETH2x-FLI 0.704 0.632
stkAAVE 0.525 0.571
GLM 0.598 0.671
QOM 0.611 0.624
WOJAK 0.611 0.556
DINO 0.480 0.827
Metis 0.558 0.734
REPv2 0.746 0.725
TRAC 0.572 0.752
BEPRO 0.788 0.742

Average 0.610 0.668

We conducted an additional experiment to

analyze how the number of training snap-

shots affects model performance over time.

Specifically, we evaluated the scaling be-

havior of the MiNT-64 model by training it

on different amounts of historical data. For

this study, we selected five snapshot counts:

50, 100, 200, 500, and full snapshot his-

tory. These snapshots were drawn sequen-

tially from the end of each dataset, just be-

fore the validation period, to simulate a re-

alistic training scenario.

For each configuration, MiNT-64 was

trained using three random seeds, and the

average AUC results are presented in Fig-

ure 6.10. The trend illustrates the scaling

behavior of the model as more snapshots are

provided. As the training window expands,

the model gains access to richer temporal

information, which contributes to improved

generalization and performance. The trend

suggests that access to a larger number of

historical snapshots enables temporal models to better capture evolving patterns and improve pre-

dictive performance.
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6.2.10 Choice of Graph Pooling

Pooling plays an important role in temporal graph property prediction. In our study, we employ

mean pooling due to its stability across diverse datasets. To assess alternative choices, we com-

pared mean pooling with max pooling and found that the latter leads to an average 6% drop in

AUC, Table 6.9, highlighting the effectiveness of mean pooling in our zero-shot temporal graph

setting. Adaptive or hierarchical pooling mechanisms may better capture structural dependencies,

and we consider this an interesting direction for future work.

6.2.11 Zero-Shot Inference Efficiency of MiNT

Table 6.10: Comparison of time efficiency on unseen
datasets (in seconds): HTGN vs. MiNT.

Dataset
HTGN Single Model

Train Time
MiNT Inference

Time
Efficiency

Ratio

EVERMOON 196.18 2.03 96.64
DOGE2.0 392.16 1.47 266.78
SDEX 516.29 3.21 160.84
BAG 504.99 4.06 124.38
DINO 451.06 4.91 91.87
WOJAK 665.12 2.67 249.11
XCN 755.11 8.33 90.65
HOICHI 1262.99 5.72 220.80
Metis 1359.59 12.93 105.15
QOM 1681.95 8.34 201.67
MUTE 1679.20 13.74 122.21
GLM 1896.96 15.35 123.58
ETH2x-FLI 2931.61 13.47 217.64
REPv2 3275.41 16.70 196.13
DERC 3486.62 11.49 303.45
BEPRO 3789.14 15.74 240.73
stkAAVE 3194.12 15.81 202.03
ADX 3673.39 16.57 221.69
MIR 4525.21 28.04 161.38
TRAC 6596.15 29.93 220.39

Average 2141.66 11.52 180.86

As shown in Table 6.10, MiNT

demonstrates remarkable computa-

tional efficiency across all unseen

datasets compared to training a sin-

gle HTGN model on each individual

unseen network. On average, HTGN

requires 2141.66 seconds to train a

model per dataset, whereas MiNT

completes inference in only 11.52

seconds, yielding an impressive aver-

age efficiency ratio of 180.86×. This

result highlights the clear advantage of MiNT ’s zero-shot inference capability. Once pretrained

on multiple networks, it can generalize to unseen temporal graphs without the need for retraining,

thus saving substantial computational resources.

A closer look at the dataset-level results reveals consistent and significant efficiency gains

across all cases. Particularly, datasets such as DERC (303.45×), DOGE2.0 (266.78×), WOJAK

(249.11×), BEPRO (240.73×), HOICHI (220.80×), ADX (221.69×), and TRAC (220.39×) exhibit
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extremely large efficiency ratios, with MiNT inference being more than two hundred times faster

than training a new HTGN model. These datasets tend to have relatively complex temporal dy-

namics or larger network sizes, implying that MiNT’s pretraining enables it to generalize efficiently

without the expensive retraining process required by HTGN.

Even for datasets where the efficiency ratio is relatively smaller, such as DINO (91.87×), XCN

(90.65×), and GLM (123.58×), the improvement still amounts to nearly two orders of magnitude,

representing a dramatic reduction in computational cost. This consistency across diverse datasets

underscores MiNT ’s scalability and robustness.

Overall, these findings emphasize that MiNT not only provides dramatic time savings but also

scales effectively across both small and large networks, maintaining reliable inference speed with-

out sacrificing model performance. The ability to perform inference hundreds of times faster makes

MiNT particularly advantageous in dynamic, real-world scenarios, such as financial transaction

networks, communication systems, and social platforms, where new temporal graphs continu-

ously emerge and require immediate adaptation. Consequently, this efficiency establishes MiNT

as a highly practical and deployable framework for advancing the development of temporal graph

foundation models.

6.3 Conclusion

This work addresses a central question in temporal graph learning: can models trained on collec-

tions of temporal networks generalize to predict the evolution of previously unseen networks, both

within and across domains? Our findings show that such generalization is not only feasible but

effective.

We have introduced a benchmark of 84 Ethereum-based temporal graphs designed to support

research on graph-level forecasting, neural scaling, and the development of foundation models

for temporal graphs. To enable learning across diverse networks, we have proposed MiNT-train,

the first framework for training temporal graph neural networks on multiple independent dynamic
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graphs.

Empirically, we have observed clear neural scaling behavior: model performance improves as

the number of training networks and the number of snapshots increase. Additionally, MiNT-trained

models achieve the highest average rank over single models on both within-domain and cross-

domain test graphs. These results highlight the promise of multi-network training as a foundation

for building generalizable temporal graph models and advancing the field toward temporal graph

foundation models.
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Temporal graph prediction addresses the challenge of forecasting the future state and dynamics

of networks that evolve over time and possess an underlying relational structure. Unlike traditional

graph analysis that assumes a static topology, temporal graphs are characterized by continuously

changing nodes, edges, and features, representing dynamic real-world phenomena such as social

network interactions [322], traffic flow [323], and biological processes [324]. The core difficulty

lies in capturing both the complex spatial dependencies encoded in the graph structure and the tem-

poral dynamics that governs its evolution [325]. Effective solutions must therefore move beyond

static graph representation learning to models that can jointly capture spatio-temporal patterns,

enabling accurate prediction of future interactions, node properties, and system-wide events. This

capability underpins applications such as disease outbreak detection [326], fraud prevention [327],

recommendation systems [328], and transportation networks [329]. Despite progress in temporal

graph learning, two fundamental challenges remain open.

Multi-task Temporal Graph Prediction. The first challenge is multi-task temporal graph

prediction. Most existing methods are designed for a single task, such as link prediction or node

classification, whereas many real applications require forecasting multiple interdependent graph-

level properties at once. For example, a temporal model may need to predict both community

evolution and connectivity growth simultaneously. By learning such tasks jointly, models can

exploit shared spatio-temporal patterns that underlie these phenomena, achieving stronger gen-

eralization and a deeper understanding of system-wide dynamics. Multi-task learning has long

been recognized as an effective strategy for improving generalization by optimizing several re-

lated objectives together and leveraging shared structural information [330, 331, 332]. In graph

learning, numerous approaches have explored multi-task strategies to enhance model robustness

and transferability, demonstrating strong performance across diverse datasets and downstream

tasks [333, 334, 184, 335]. However, while these methods have produced major advances for static

graphs, their extension to temporal settings remains limited. Temporal graphs introduce evolv-

ing node and edge dynamics, where dependencies change over time and task relationships vary

across snapshots. Addressing multi-task learning in this setting requires architectures that can cap-
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ture global graph behavior over time while dynamically balancing multiple, and often competing,

predictive objectives.

Time

Unseen Network
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Figure 7.1: Hydra overview. Hydra is trained
once on multiple networks and, without any ad-
ditional training, can be directly applied to un-
seen networks for predicting multiple properties
simultaneously.

Transferability Across Networks. The

second challenge is transferability across net-

works. In real-world dynamic systems, new

networks frequently emerge, data can be sparse

or incomplete, and retraining models from

scratch for every case is both inefficient and

impractical. A practical solution is to pre-train

temporal graph models on multiple observed

networks and transfer them to unseen ones without retraining [336, 337, 338]. Achieving this

requires learning representations that capture generalizable temporal patterns while scaling effec-

tively with data size and model capacity.Recent advances in temporal graph learning have pro-

duced models specialized for tasks such as link prediction [114, 119, 6], achieving strong results

on individual datasets. However, these models typically lack the ability to generalize across differ-

ent networks or domains. Temporal graphs introduce additional challenges for transfer, including

evolving topologies, distribution shifts, and nonstationary dynamics that change over time. These

complexities make it difficult for a model trained on one network to maintain predictive perfor-

mance when applied to another. Addressing this limitation is essential for practical applications

where networks evolve continuously and collecting large-scale labeled data for each is infeasi-

ble [339, 14, 340].To meet this challenge, future temporal graph models must learn representa-

tions that preserve temporal dependencies and structural invariants across heterogeneous networks

[341, 342]. Such models would allow knowledge gained from past networks or tasks to be reused

efficiently in unseen ones, enabling scalable and continuous learning in dynamic environments.

Ultimately, achieving transferability across networks is a fundamental step toward building adapt-

able and general-purpose temporal graph models capable of operating across diverse real-world

systems.
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In this work, we address both challenges by introducing Hydra, a novel temporal multi-task

graph neural network designed for graph-level multi-property predictions with strong transfer-

ability across diverse networks. To capture global structural information, Hydra leverages graph

Laplacian descriptors, while local node interactions and temporal dynamics are modeled through a

temporal graph neural network equipped with a self-attention pooling layer. The resulting spectral

and spatio-temporal representations are fused and passed through task-specific prediction heads

(Figure 7.1). Trained end-to-end in a multi-task setting, Hydra achieves state-of-the-art perfor-

mance on six benchmark tasks spanning classification and regression. Significantly, it generalizes

across unseen networks, consistently outperforming models trained from scratch on those net-

works. We also analyze its scaling behavior, showing that performance improves as more training

networks are incorporated. Our contributions are summarized as follows:

• First study on multi-task learning for temporal graphs. We propose the first model capable

of handling multiple temporal graph prediction tasks without retraining, called Hydra, achieving

state-of-the-art results on graph-level prediction.

• Novel integration of TGNNs with spectral methods. To effectively capture global informa-

tion of the graph, we incorporate Laplacian descriptors into TGNNs for graph-level prediction,

supported by strong empirical results.

• Comprehensive study of transfer and scaling. We demonstrate that Hydra surpasses the

strongest baselines, achieving an 8.9% relative gain on AUC in multi-task classification and

an 8.2% relative gain on MAE in two regression tasks, while remaining competitive on the third

without any task-specific training. We further show that transferability to unseen networks im-

proves as the number of training datasets increases.
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7.1 Hydra: A Multi-task, Transfer Learning Model

7.1.1 Problem Definition

We define a discrete time temporal graph as a sequence of snapshots G = {Gt = (Vt, Et, Xt)}Tt=1,

where Vt and Et denote the node and edge sets at time t, and Xt represents associated node or edge

features. In this work, we consider a collection of temporal graphs D = {G(i)}Ni=1, each evolving

independently over time. For each temporal graph G(i) = {G(i)
t }Ti

t=1 we associate task-specific

labels {y(i,k)
t }Kk=1 for K prediction tasks.

Definition 1 (Multi-Task Temporal Graph Property Prediction) The objective is to learn a sin-

gle model

fθ :
{
{{G(i)

t }T−1
t=1 }

|D|
i=1

}
7→

{ (
ŷ

(i,1)
t , . . . , ŷ

(i,K)
t

) }|D|
i=1

,

that ingests all snapshots of all graphs in D up to time t − 1 and jointly predicts K graph-level

properties at time t for each graph. The parameters θ are optimized jointly across D, and the

trained model is required to generalize to temporal graphs not included in D.

Hydra is evaluated on two categories of prediction tasks across multiple temporal graphs. In

the classification setting, for k ∈ Kcls, the objective is to predict binary outcomes ŷ
(i,k)
t ∈ {0, 1}

indicating the directional change of graph-level properties between consecutive snapshots. In the

regression setting, for k ∈ Kreg, the model predicts numerical values ŷ
(i,k)
t ∈ R that quantify the

magnitude of graph-level properties at the next snapshot. In principle, this division allows Hydra

to handle both discrete and continuous objectives within a single unified architecture.

Multi-task learning provides the foundation for this setting [332, 343]. Instead of training and

maintaining a separate model for each task, it enables simultaneous prediction, allowing shared

temporal representations to capture interdependencies between tasks [344]. Hydra builds on this

foundation by unifying diverse temporal prediction tasks under a single architecture. Specifically,

we focus on a shared trunk architecture with task-specific heads as they have proven effective in
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balancing information sharing with the avoidance of negative transfer [344]. Learning tasks jointly

allows the model to exploit shared temporal dynamics rather than treating each task in isolation.

Figure 7.2 shows the Hydra framework.

7.1.2 Hydra: Shared Trunk with Task-Specific Heads

The central design choice of Hydra is to couple a shared representation trunk with lightweight

task-specific heads. We adopt this structure because the underlying challenges in temporal graph

property prediction require representations that are both transferable across heterogeneous graphs

and adaptable to multiple tasks. A single trunk allows common structural and temporal information

to be captured once, while task-specific heads ensure that the model retains flexibility for individual

objectives.

Hydra instantiates the predictor fθ (Definition 1) with the shared trunk that produces embed-

dings H
(i)
t for G(i)

t , followed by task-specific heads {gψk
}Kk=1 that map H

(i)
t to predictions ŷ

(i,k)
t .

We build the trunk using two complementary methodological traditions. Spectral methods,

grounded in Laplacian descriptors, are chosen because they yield stable, graph-size–independent

characterizations of global connectivity patterns. Such descriptors capture long-range phenomena

such as expansion, bottlenecks, or fragmentation that node-level embeddings often miss [345, 346,

347]. In contrast, spatial methods based on temporal GNNs, such as T-GCN [348], excel at propa-

gating node-level signals over time, making them effective at modeling localized interactions and

dynamic neighborhood changes. By combining these two paths, Hydra unifies global invariants

with local temporal dependencies, creating representations that transfer well across networks with

diverse structures.

As shown in Figure 7.2, the trunk H
(i)
t consists of a spectral path, which encodes global de-

scriptors, and a spatial path, which models local temporal interactions. Their outputs are concate-

nated into a shared embedding H
(i)
t . This representation is then passed to task-specific decoder

heads gψk

K
k=1, each producing a prediction ŷ

(i,k)
t . In this way, Hydra combines global reasoning for

cross-network transfer with task-specific adaptation.
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Figure 7.2: Hydra framework. The architecture integrates spatial and spectral paths with a unified
multi-task design, enabling Hydra to learn transferable representations across diverse temporal
graph tasks.

Spectral Path for Global Connectivity

Laplacian eigenvalues effectively encode global graph structural properties [349]. For example,

in star, path, and fully-connected graphs, the distribution of the Laplacian eigenvalues is distinct

and captures their unique topologies. However, computing all eigenvalues of the graph Laplacian

matrix is highly expensive and only feasible for small graphs with thousands of nodes. Thus, it is

important to efficiently approximate the spectrum of the Laplacian.

Network Density of States. To capture information from the Laplacian spectrum, we use

the network density of states (DOS), the distribution of the eigenvalues of the graph Laplacian

matrix [350], as follows:

Definition 2 (Density of States) Given a temporal graph snapshot Gt with adjacency matrix A

and degree matrix D, let the (unnormalized) Laplacian be L = D − A. We use the normal-

ized Laplacian Lsym = I − D−
1
2 AD−

1
2 with eigendecomposition Lsym = QΛQ⊤, where Λ =

diag(λ1, . . . , λ|Vt|) contains the eigenvalues. The density of states is then defined as a discrete
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distribution supported on the spectrum of Lsym:

µ(λ) = 1
|Vt|

|Vt|∑
i=1

δ(λ− λi),

Essentially, µ(λ) measures the fraction of eigenvalues equal to λ. In practice, the range of the

eigenvalues is discretized into multiple equal-sized intervals, and the number of eigenvalues within

each interval is approximated. The Kernel Polynomial Method [351] with Chebyshev expansions

is used to efficiently approximate the spectrum.

Spectral Memory. To stabilize spectral signals and capture short-term trends, we maintain

a fixed-length FIFO memory of recent DOS descriptors. At snapshot t, let st ∈ Rd denote the

spectral feature (e.g., a d=20 DOS vector). For prediction at time t, the memory contains the last

L descriptors up to t− 1: Mt = [st−L; . . . ; st−1] ∈ RL×d. After prediction at t, the new descriptor

st is computed and rolled into the memory: Mt+1 = roll(Mt), Mt+1[−1, :] = st. This bounded

memory reduces variance in non-stationary settings and preserves context across long temporal

traces, typical of sparse graphs.

Attention over Spectral Memory. Rather than uniform averaging, we apply attention to em-

phasize historically similar or predictive patterns. With learnable projections Wq, Wk, Wv ∈ Rd×da ,

we compute qt = st−1Wq, Kt = MtWk, Vt = MtWv. Attention weights and the attentive

spectral embedding are αt = softmax
(
qtK⊤

t√
da

)
, zt = αtVt. This mechanism highlights relevant

history, suppresses noise, and captures structural–spectral motifs that recur across networks.

Spatial Path for Local Connectivity

We integrate spatial and temporal dynamics by combining a Graph Convolutional Network (GCN) [352]

with Gated Recurrent Units (GRUs) [353]. Similar approaches have proven effective in temporal

settings [348]. At snapshot t, a GCN encodes structural features Zt = GCN(Xt, Et), and a GRU

updates node states with temporal memory Ht = GRU(Zt, Ht−1). The representation Ht is thus

spatially grounded and temporally enriched.
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Pooling and Graph Readout. We apply Self-Attention Graph Pooling (SAGPool) [354] to

emphasize structurally important nodes. Node scores are computed as s = GCN(Ht, Et)Ws,

where Ws ∈ Rd×1 projects node embeddings to scalar scores. The top-k nodes are retained to

form the pooled graph (V ′t, E ′t) with embeddings H′t. We then compute a graph-level vector using

mean pooling over the selected nodes: gt = 1
|V ′

t|
∑
v∈V ′

t
hv, hv ∈ H′t.

SAGPool reduces noise from low-activity nodes and highlights structurally central actors,

which is particularly relevant in sparse networks where activity is concentrated in a few key

nodes [17].

7.1.3 Prediction Head

We fuse spatial and spectral signals to produce a joint temporal state. At each step, the shared

hidden state of the prediction head ut = GRU([gt∥zt], ut−1), where [gt∥zt] denotes concatenation

of spatial and spectral features. The recurrent update captures cross-modal dependencies over time.

Task-specific MLPs then map the shared state to predictions:

ŷ
(k)
t = MLPk(ut), k = 1, . . . , K.

This balances efficiency through a shared backbone with flexibility through task-specific heads.

7.1.4 End-to-End Training

Hydra supports both classification and regression tasks. While multi-task learning is the intended

setting, we found that naïvely combining heterogeneous objectives degraded stability, consistent

with prior reports [355, 356]. A principled treatment of loss balancing is an open challenge and

beyond our scope. We therefore train classification and regression groups separately, which ensures

stable optimization while preserving Hydra ’s transferability across unseen networks.

179



Classification. For each task k ∈ Tcls, with labels yi ∈ {0, 1} and predictions ŷi,

L(k)
cls = − 1

N

N∑
i=1

[
yi log ŷi + (1− yi) log(1− ŷi)

]
, Lcls

total =
∑
k∈Tcls

L(k)
cls .

Regression. For each task k ∈ Treg, with labels yi and predictions ŷi,

L(k)
reg = 1

N

N∑
i=1

(ŷi − yi)2, Lreg
total =

∑
k∈Treg

L(k)
reg.

7.2 Experimental Evaluation

7.2.1 Dataset

We evaluate Hydra on temporal transaction networks from the MiNT benchmark [18], the first

large-scale dataset designed for training and evaluating temporal graph models across multiple

heterogeneous networks. MiNT contains 84 ERC-20 token transaction graphs collected from

the Ethereum blockchain between 2017 and 2023, spanning more than six years of activity. The

biggest MiNT token network contains 128, 159 unique addresses and 554, 705 transactions, while

the smallest token network has 1, 454 nodes. Each network is represented as a sequence of weekly

snapshots, where nodes correspond to wallet addresses and edges represent token transfers. Across

their full duration, networks range from tens of thousands to over 100K unique nodes and up to

several million edges, reflecting the scale of real-world token ecosystems.

A distinctive feature of MiNT is its strong inductiveness: new addresses and transactions ap-

pear continuously, making prediction inherently open-world. This reflects the real behavior of

blockchain networks, where adoption cycles, liquidity shocks, and market events constantly intro-

duce novel participants and structural patterns. The long temporal duration further amplifies this

effect, as networks exhibit bursts of rapid growth, periods of stagnation, and sudden fragmentation

or collapse. Such novelty and surprise factors make MiNT particularly challenging, as models

must generalize across highly dynamic trajectories rather than stationary or repetitive patterns.
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We summarize detailed statistics of each token network in MiNT datasets in Table 6.1. Most

networks have more than 10k nodes and over 100k edges. The lifespan of MiNT networks varies

from 107 days to 6 years, and there exists at least one transaction each day. As the table shows, the

token networks have quite high surprise values with an average of 0.82.

For our experiments, we follow the MiNT protocol and split the dataset into 64 financial net-

works for training and 20 additional networks for unseen testing. This setup allows Hydra to

learn transferable temporal representations from diverse source networks and evaluate zero-shot

generalization on new target networks that are only available at inference time.

7.2.2 Task Formalizations

In this section, we provide detailed definitions for all classification and regression tasks considered

in Hydra. Each temporal snapshot corresponds to a 7-day interval, and the property prediction

setup follows GraphPulse [17]. We also note that some of these tasks and the corresponding labels

were processed specifically for this work, ensuring consistency and comparability across networks.

Setting n = 7, δ1 = 3, and δ2 = 10 days, we establish a practical graph property with a 7-day

prediction window. This choice is particularly relevant in financial contexts, such as Ethereum

asset networks, where it can guide investment decisions [266].

Classification Tasks

Node Growth/Shrinkage (Node G/S). Let V (t1, tn) denote the set of unique nodes active between

times t1 and tn. The task predicts whether the number of nodes increases in the prediction interval

[tn+δ1 , tn+δ2 ]:

Pnodes(G, t1, tn, δ1, δ2) =


1, if |V (tn+δ1 , tn+δ2)| > |V (t1, tn)|,

0, otherwise.
(7.1)
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Importance. Node growth measures adoption, reflecting the entry of new addresses, while shrink-

age signals attrition. In token ecosystems, this corresponds to market expansion or decline.

Edge Growth/Shrinkage (Edge G/S). Let E(t1, tn) denote the set of transactions in [t1, tn].

The model predicts whether transaction activity grows in the next interval:

Pedges(G, t1, tn, δ1, δ2) =


1, if |E(tn+δ1 , tn+δ2)| > |E(t1, tn)|,

0, otherwise.
(7.2)

Importance. Edge growth captures changes in liquidity and market engagement, with direct im-

plications for trading activity and token valuation.

Largest Connected Component Growth/Shrinkage (LCC G/S). Let C(t1, tn) denote the

size of the largest connected component during [t1, tn]. The task is to predict whether connectivity

expands:

PLCC(G, t1, tn, δ1, δ2) =


1, if |C(tn+δ1 , tn+δ2)| > |C(t1, tn)|,

0, otherwise.
(7.3)

Importance. LCC growth reflects stronger structural integration, improving liquidity and market

stability in blockchain networks.

Regression Tasks

New Node Count. Let Vnew(tn+δ1 , tn+δ2) denote the set of nodes that appear for the first time in

the prediction interval. The regression target is:

ŷnew-nodes(G, t1, tn, δ1, δ2) = |Vnew(tn+δ1 , tn+δ2)|. (7.4)

Importance. New node prediction quantifies adoption and user acquisition, a key indicator of

ecosystem growth.
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Edge Count. The task is to predict the number of transactions in the future interval:

ŷedges(G, t1, tn, δ1, δ2) = |E(tn+δ1 , tn+δ2)|. (7.5)

Importance. Transaction forecasts provide fine-grained estimates of liquidity and demand surges

in decentralized markets.

Influential Node Count. Define influential nodes as those with a degree greater than 5 in

the prediction interval. Empirically, degree distributions of ERC-20 token graphs are heavy-

tailed [18]: most nodes appear only once or twice, and a small fraction appear hundreds or thou-

sands of times. When we plot the cumulative distribution of node degrees, there is usually a sharp

drop in frequency after degree 1–2, followed by a long but thinner tail. Setting the threshold at

5 sits just beyond this long tail cutoff, ensuring that only the top 10–20% of nodes in activity are

retained as influential. In practice, this excludes wallets that perform only a handful of transfers

while capturing the repeat participants who actually shape liquidity and flow.

Let Vinf(tn+δ1 , tn+δ2) = {v ∈ V : deg(v) > 5}. The regression target is:

ŷinf(G, t1, tn, δ1, δ2) = |Vinf(tn+δ1 , tn+δ2)|. (7.6)

Importance. Influential nodes represent hubs such as active traders, liquidity providers, or con-

tracts, which shape the stability and price dynamics of token ecosystems.

7.2.3 Training Setup and Algorithm

We train Hydra using the same multi-network framework introduced in MINT [18], extending

it to support multi-task learning across both classification and regression objectives. Hydra has

been trained in two multi-task settings: a classification model with three classification heads and

a regression model with three regression heads for jointly prediction. Temporal networks are

divided into 70%–15%–15% splits for training, validation, and testing, and during each epoch,

networks are presented in random order with historical embeddings reset at the start of each net-

183



work to avoid cross-network leakage. The shared trunk is optimized jointly across all datasets,

while task-specific heads are updated under a unified multi-task loss. Binary Cross-Entropy is

used for classification tasks, Mean Squared Error for regression, and optimization is performed

with Adam [319] using an initial learning rate of 1.5 × 10−3. Models are trained for 100–250

epochs with early stopping based on validation AUC, using a patience of 20 epochs and a tol-

erance of 5 × 10−2. Each task, defined in section 6.2.1, is evaluated under a zero-shot transfer

setting on 20 held-out temporal networks, repeated three times with independent random seeds to

obtain 60 evaluation points per task. ROC-AUC and Mean Absolute Error (MAE) are reported

for classification and regression objectives, respectively. We pre-train Hydra with 8, 16, and 32

source networks to study scalability, and adopt Hydra-32 as the main configuration, as it con-

sistently achieves the best performance. For comparison,We evaluate Hydra in both multi-task

classification and regression settings against state-of-the-art temporal graph learning baselines, in-

cluding HTGN [126], GC-LSTM [127], EvolveGCN [128], GraphPulse [17], ROLAND [108],

TGCN [125], and WinGNN [129] (As detailed in section 2.2.6). For classification, we additionally

include MiNT [18], the only existing framework explicitly designed for transferability across tem-

poral graphs. MiNT is excluded from regression since it does not support regression objectives.

We distinguish between two categories of approaches: (i) single models, trained separately on each

dataset, and (ii) transferable models, trained once and applied directly to unseen networks without

retraining. Hydra belongs to the latter category, enabling true zero-shot transfer. All experiments

are conducted on a dedicated compute node with an NVIDIA H100 GPU (80 GB), dual 64-core

AMD EPYC CPUs, and 512 GB RAM.

7.2.4 Classification and Regression Results

Table 7.1 presents the aggregate classification results across three tasks: LCC Growth/Shrinkage,

Node Growth/Shrinkage, and Edge Growth/Shrinkage. For each task, we report three metrics: (1st)

the number of datasets where the method achieved first place, (Rank) the average ranking across

datasets, and (AUC) the average area under the ROC curve (metrics formulations are provided in
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Table 7.1: Classification task summary results. Across LLC-GS, Node-GS, and Edge-G/S classi-
fication, Hydra consistently outperforms both specifically trained and transferable baselines.

LLC-G/S Node-G/S Edge-G/S

1st↑ Rank↓ AUC↑ 1st↑ Rank↓ AUC↑ 1st↑ Rank↓ AUC↑

Single Models
HTGN 2 4.40 0.648 0 3.65 0.615 1 4.85 0.684
GC-LSTM 0 6.00 0.572 0 6.65 0.489 1 5.80 0.609
EvolveGCN 0 6.30 0.585 0 7.00 0.487 0 6.10 0.626
GraphPulse 3 3.50 0.686 2 2.95 0.652 6 3.80 0.712
ROLAND 0 6.95 0.556 0 6.70 0.480 0 6.30 0.542
TGCN 1 6.10 0.583 0 6.15 0.530 0 5.60 0.633
WinGNN 0 6.10 0.585 0 6.20 0.528 0 5.55 0.642

Transfer Models
MiNT 1 3.95 0.672 3 3.55 0.616 4 3.30 0.727
Hydra (ours) 13 1.70 0.759 15 1.95 0.734 8 2.80 0.753

Arrows indicate directionality: ↑ higher is better, ↓ lower is better.

Table 7.2: Regression task summary results. Across New Node Count, Influential Node Count,
and Edge Count regression, Hydra achieves the best performance on two tasks and is competitive
on the third, all without additional training.

New Node Count Influential Node Count Edge Count

1st↑ Rank↓ MAE↓ 1st↑ Rank↓ MAE↓ 1st↑ Rank↓ MAE↓

Single Models
HTGN 4 3.45 0.039 4 3.52 0.050 2 3.95 0.049
TGCN 1 4.10 0.042 1 4.85 0.059 1 4.60 0.054
GCLSTM 2 4.00 0.043 5 3.80 0.053 4 4.58 0.057
ROLAND 3 4.35 0.052 2 4.55 0.057 3 4.58 0.050
EGCN 0 3.90 0.040 0 4.20 0.052 1 5.30 0.054
GraphPulse 1 5.75 0.071 1 5.90 0.078 2 5.72 0.073
WinGNN 4 4.05 0.054 4 4.28 0.059 5 3.93 0.057

Transfer Model
Hydra (ours) 8 2.50 0.035 5 4.90 0.056 6 3.35 0.046

Arrows indicate directionality: ↑ higher is better, ↓ lower is better.

section 2.2.3). Hydra consistently achieves the strongest performance across all metrics, outper-

forming both state-of-the-art specifically trained models and the transferable baseline. Detailed

per-dataset classification outcomes are provided in section 7.2.9.

Table 7.2 summarizes the regression results across New Node Count, Influential Node Count,

and Edge Count Regression. For each task, we report three metrics: (1st) the number of datasets

where the method achieved first place, (Rank) the average ranking across datasets, and (MAE) the

average mean absolute error. Hydra is the best model on two of the three tasks and remains very

close to the best baseline on Influential Node Count, demonstrating strong overall transferability
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for regression objectives. Full results by dataset are included in section 7.2.9.

Hydra produces the most top-ranked results in both classification and regression settings, out-

performing all baselines in five out of six tasks. To keep the main paper concise, we report summa-

rized results in the main text and provide extended per-dataset outcomes in section 7.2.9. Even in

the one regression task where Hydra isn’t the leader, it stays competitive with the strongest base-

line. Notably, Hydra is always tested on unseen networks, while single models specifically trained

for a task are evaluated on the test portion of the same networks they were trained on. Despite this

tougher setting, Hydra consistently delivers better or comparable results, making it a reliable and

adaptable framework for temporal graph learning.

Table 7.3: Meta ablation summary for Edge G/S
classification . Average AUC and #1st-Place

counts are reported with and without each compo-
nent. Per-network results are provided in Tables 7.4
and 7.5.

Ablation
Avg. AUC #1st-Place

w/o w/ w/o w/

Density of States 0.697 0.719 6 14

Attention Pooling 0.719 0.753 3 17

Ablation Studies. We assess the impact

of Hydra’s key components by disabling the

DOS module and the pooling layer. As sum-

marized in Table 7.3, DOS improves per-

formance from an average AUC of 0.697 to

0.719, raising the number of best-performing

datasets from 6 to 14 and lowering the mean

rank from 1.70 to 1.30. Pooling yields an even larger effect, increasing average AUC from 0.719

to 0.753 and improving the mean rank from 1.85 to 1.15, with gains on 17 out of 20 datasets.

These results confirm that DOS provides complementary global spectral information, while pool-

ing enhances the spatial path by emphasizing structurally important nodes, together strengthening

Hydra’s generalization ability.

7.2.5 Hydra Generalization and Efficiency

In this section, we analyze how the number of networks used during the pre-training of Hydra

affects its performance in predicting the characteristics of unseen networks at inference time. The

results are presented in Fig. 7.3.

For classification tasks, we observe that increasing the number of training networks generally
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Figure 7.3: Impact of scaling the number of training networks for Hydra (from 8 to 32) on
classification and regression tasks. A clear scaling trend is observed in most cases, with Hydra-

32 consistently delivering the best performance across all tasks. Evaluation measures are #1st-
Place↑ (higher is better), Avg. Rank↓ (lower is better), Avg. AUC↑ (higher is better), and Avg.
MAE↓ (lower is better).

leads to a higher #1st-Place. This metric is a strong indicator of performance, as it reflects the

number of unseen networks on which the model achieves the best results at inference time. In

contrast, the correlation between the number of pre-training networks and metrics such as Avg.

Rank or Avg. AUC is weaker, with only negligible differences across settings. Notably, Hydra-

32 consistently achieves the best or on-par performance across all classification benchmarks. For

regression tasks, we observe a clearer scaling trend: performance steadily improves from Hydra-8
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(b) Inference cost on TRAC dataset. Hydra performs
a single zero-shot classification pass for all three tasks
jointly, whereas single-network baselines require full train-
ing before they can be used for inference, even on a single
task (LCC–G/S here); reported times reflect the cost of in-
ference on an unseen network using Hydra versus single
models.

Figure 7.4: Training and inference efficiency of Hydra. (a) Hydra reduces training cost by
avoiding retraining. (b) Hydra drastically lowers inference time by requiring only one forward
pass.

to Hydra-32 across all indicators. Specifically, #1st-Place increases with scale, while both Avg.

Rank and Avg. MAE decrease, indicating better predictive performance.

Overall, Hydra-32 consistently achieves the strongest results, with the highest #1st-Place, the

lowest Avg. Rank, and the best average performance metric (i.e., highest Avg. AUC for classifica-

tion and lowest Avg. MAE for regression). Given its consistent superiority across all six tasks, we

adopt Hydra-32 as our primary model and center our subsequent evaluation on its performance.

For completeness, Table 7.6 and Table 7.7 in section 7.2.8 reports the performance of all Hydra

variants.

Computation and Time Efficiency. The per-snapshot complexity of Hydra reduces to a scalable

O(N ·m+n log n), where m is the number of edges, n is the number of nodes, and N is the number

of Chebyshev moments used in the DOS module (see section 7.2.7 for details). Because MiNT

must be retrained separately for each task, training three tasks requires about three full runs on 64

networks. In contrast, Hydra trains all tasks jointly in a single run on 32 networks and achieves a

22× speedup, completing all three tasks in about 16,700 seconds compared to more than 370,000

seconds for MiNT (Figure 7.4a). This efficiency makes Hydra far more practical and scalable for
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multi-task training and inference.

Hydra inference time also shows a significant gain. Hydra requires only a single zero-shot

inference pass to predict all three tasks on an unseen network, completing end-to-end evaluation on

the largest test network (TRAC) in about 56 seconds (see Figure 7.4b). Single-network baselines,

in contrast, require retraining from scratch for every dataset and task before they can be used for

inference, with training times ranging from several thousand seconds to over 9,000 seconds even

for a single task. Extending these models to multiple tasks or multiple networks multiplies the cost

linearly, making them infeasible at scale. MiNT ’s design eliminates the need for repeated training

and heavy preprocessing, providing unique efficiency in both training and inference.

7.2.6 Ablation Studies

Table 7.4: DOS ablation study on task Edge
G/S. AUC values are reported. Best results per
dataset are in bold.

Dataset Hydra w/o DOS Hydra w DOS

MIR 0.791 (±0.014) 0.755 (±0.013)
DOGE2.0 0.500 (±0.102) 0.732 (±0.044)
MUTE 0.675 (±0.030) 0.699 (±0.011)
EVERMOON 0.426 (±0.129) 0.796 (±0.219)
DERC 0.748 (±0.029) 0.761 (±0.030)
ADX 0.678 (±0.019) 0.703 (±0.006)
HOICHI 0.792 (±0.052) 0.572 (±0.016)
SDEX 0.599 (±0.134) 0.261 (±0.129)
BAG 0.759 (±0.294) 0.874 (±0.017)
XCN 0.822 (±0.073) 0.825 (±0.038)
ETH2x-FLI 0.716 (±0.020) 0.736 (±0.026)
stkAAVE 0.708 (±0.021) 0.719 (±0.006)
GLM 0.755 (±0.194) 0.810 (±0.015)
QOM 0.639 (±0.015) 0.698 (±0.024)
WOJAK 0.548 (±0.081) 0.633 (±0.081)
DINO 0.672 (±0.044) 0.843 (±0.031)
Metis 0.785 (±0.050) 0.713 (±0.027)
REPv2 0.761 (±0.039) 0.736 (±0.028)
TRAC 0.794 (±0.041) 0.732 (±0.007)
BEPRO 0.775 (±0.022) 0.786 (±0.009)

1st-Place Count↑ 6 14
Avg. Rank ↓ 1.70 1.30
Avg. AUC ↑ 0.697 0.719

Table 7.5: SAG pooling ablation study on task
Edge G/S. AUC values are reported. Best re-
sults per dataset are in bold.

Dataset Hydra w/o Pooling Hydra w Pooling

MIR 0.755 (±0.013) 0.793 (±0.002)
DOGE2.0 0.732 (±0.044) 0.897 (±0.089)
MUTE 0.699 (±0.011) 0.701 (±0.098)
EVERMOON 0.796 (±0.219) 0.818 (±0.046)
DERC 0.761 (±0.030) 0.839 (±0.008)
ADX 0.703 (±0.006) 0.722 (±0.087)
HOICHI 0.572 (±0.016) 0.591 (±0.103)
SDEX 0.261 (±0.129) 0.348 (±0.066)
BAG 0.874 (±0.017) 0.969 (±0.008)
XCN 0.825 (±0.038) 0.844 (±0.012)
ETH2x-FLI 0.736 (±0.026) 0.712 (±0.045)
stkAAVE 0.719 (±0.006) 0.732 (±0.011)
GLM 0.810 (±0.015) 0.850 (±0.009)
QOM 0.698 (±0.024) 0.745 (±0.003)
WOJAK 0.633 (±0.081) 0.585 (±0.067)
DINO 0.843 (±0.031) 0.895 (±0.003)
Metis 0.713 (±0.027) 0.733 (±0.004)
REPv2 0.736 (±0.028) 0.772 (±0.016)
TRAC 0.732 (±0.007) 0.722 (±0.001)
BEPRO 0.786 (±0.009) 0.800 (±0.002)

1st-Place Count↑ 3 17
Avg. Rank ↓ 1.85 1.15
Avg. AUC ↑ 0.719 0.753

To better understand Hydra components, we conduct an ablation study on the edge growth/shrinkage

task. The ablations reflect different stages in the model’s incremental development. First, we com-
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pare the initial version of Hydra without pooling, evaluating the impact of adding Density of States

(DOS) features in the spectral path. Next, we consider models that already include DOS and as-

sess the effect of introducing attention-based pooling in the spatial path. Results are reported in

Tables 7.4 and 7.5. Together, these comparisons show that DOS enhances the capture of global

spectral structure, while pooling improves the selection of informative subgraphs, confirming their

complementary roles in Hydra’s design and performance.

Impact of DOS. To assess the contribution of the DOS module, we compare Hydra with and with-

out DOS features (Table 7.4). This setup isolates the effect of spectral information on predictive

performance, holding all other components fixed. The results show that incorporating DOS sub-

stantially improves performance on most datasets: Hydra with DOS achieves the best results in

14 out of 20 networks, compared to 6 without DOS. On average, DOS raises AUC from 0.697 to

0.719 and improves the mean rank from 1.70 to 1.30. Gains are particularly large on challenging

datasets such as EVERMOON, DOGE2.0, and DINO, where DOS more effectively captures global

spectral structure. These findings highlight that DOS provides complementary information to the

spatial path, leading to stronger generalization across temporal networks.

Impact of Attention-based Pooling. The ablation on the edge growth/shrinkage task (Table 7.5)

shows the contribution of the pooling mechanism within Hydra’s spatial path. When pooling is

enabled, the model achieves higher AUC on 17 out of 20 datasets, with the average score improv-

ing from 0.719 to 0.753 and the mean rank from 1.85 to 1.15. The improvement is particularly

noticeable when pooling helps the spatial path focus on structurally important nodes, resulting in

stronger graph-level representations. These findings indicate that pooling is an essential compo-

nent for producing compact, informative graph-level representations and strengthen Hydra’s ability

to capture temporal dynamics.
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7.2.7 Computational Complexity of Hydra

For a snapshot Gt = (Vt, Et) with n = |Vt| nodes and m = |Et| edges, the per-snapshot complexity

of Hydra is

O
(
m · d + n · d2 + n · log n + N ·m + K · d

)
,

where d is the hidden dimension, K is the number of task-specific heads, and N is the number of

Chebyshev moments used in the kernel polynomial method approximation of the DOS. The term

m ·d arises from spatial message passing, since each edge propagates a d-dimensional embedding.

The term n · d2 comes from recurrent or attention-based updates. Pooling with top-k selection

contributes n · log n, reflecting the computation of attention scores for all nodes followed by partial

sorting. The spectral DOS module adds N ·m, as each moment requires one sparse matrix–vector

multiplication. Finally, the cost of task-specific heads is K · d. Over N networks with T snapshots

each, the overall training cost scales as

O
(
N · T [ m · (d + N) + n · d2 + n · log n + K · d ]

)
.

In our implementation, the spatial hidden dimension is fixed to 16, the DOS descriptor dimen-

sion is 20, and we train with K = 3 task-specific heads. Substituting these values, the per-snapshot

complexity of Hydra becomes

O
(
16 ·m + 256 · n + n log n + N ·m + 108

)
,

where m = |Et| and n = |Vt|. The terms correspond to spatial message passing (16 ·m), recur-

rent/attention updates (256 ·n), pooling with top-k selection (n log n), DOS spectral approximation

with N Chebyshev moments (N ·m), and three task heads on a 36-dimensional joint embedding

(108). For each snapshot, the overall training complexity scales as

O
((

(16 + N) m + 256 n + n log n
))

.
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In practice, with hidden size and Chebyshev moment parameters fixed, the per-snapshot com-

plexity of Hydra reduces toO(N ·m+n log n), dominated by sparse matrix–vector multiplications

in the DOS module.

7.2.8 Scaling Behavior in Hydra

We conducted scaling trend experiments to evaluate Hydra under different training pack sizes

systematically. Four model variations were trained using 8, 16, and 32 networks, enabling us to

observe how increasing the number of networks in the training loop affects performance. This

setup provides a consistent method to study Hydra’s behavior when exposed to varying amounts

of training data across multiple tasks. For each task, we present results for all four Hydra variants.

These results demonstrate how Hydra scales with the number of training networks and are shown

in the following tables. Each table provides a detailed breakdown by task and model variation,

offering a comprehensive view of performance under various scaling setups. The detailed results

of each Hydra variation trained with different datapacks across all three classification tasks are

reported in Table 7.6. Subsections (a)–(c) present classification tasks (Node G/S, Edge G/S, LCC

G/S). Also, detailed results for three regression are reported in Table 7.7 while (a)–(c) correspond

to regression tasks (New Node Count, Influential Node Count, Edge Count).
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Table 7.6: Performance of Hydra on three classification tasks as the number of training networks
increases from 8 to 32. The results show how scaling the number of training networks improves the
model’s accuracy and generalization, highlighting the benefit of multi network learning in temporal
graph classification.

(a) Classification : Node G/S

Dataset Hydra-8 Hydra-16 Hydra-32

MIR 0.769 (±0.003) 0.769 (±0.007) 0.764 (±0.001)
DOGE2.0 0.613 (±0.083) 0.573 (±0.133) 0.633 (±0.064)
MUTE 0.755 (±0.016) 0.763 (±0.003) 0.748 (±0.025)
EVERMOON 0.624 (±0.005) 0.582 (±0.031) 0.655 (±0.040)
DERC 0.734 (±0.010) 0.725 (±0.006) 0.742 (±0.004)
ADX 0.753 (±0.027) 0.767 (±0.004) 0.718 (±0.051)
HOICHI 0.582 (±0.029) 0.552 (±0.050) 0.558 (±0.047)
SDEX 0.762 (±0.008) 0.748 (±0.068) 0.743 (±0.026)
BAG 0.963 (±0.010) 0.952 (±0.021) 0.969 (±0.009)
XCN 0.862 (±0.017) 0.821 (±0.070) 0.878 (±0.009)
ETH2x-FLI 0.717 (±0.030) 0.710 (±0.009) 0.678 (±0.031)
stkAAVE 0.776 (±0.009) 0.776 (±0.003) 0.779 (±0.007)
GLM 0.750 (±0.011) 0.746 (±0.010) 0.763 (±0.005)
QOM 0.703 (±0.012) 0.707 (±0.013) 0.719 (±0.012)
WOJAK 0.502 (±0.103) 0.352 (±0.157) 0.412 (±0.060)
DINO 0.903 (±0.029) 0.905 (±0.021) 0.910 (±0.013)
Metis 0.685 (±0.002) 0.632 (±0.091) 0.693 (±0.007)
REPv2 0.728 (±0.022) 0.721 (±0.023) 0.689 (±0.013)
TRAC 0.756 (±0.005) 0.745 (±0.014) 0.765 (±0.003)
BEPRO 0.858 (±0.023) 0.806 (±0.094) 0.865 (±0.010)

1st-Place Count↑ 6 3 12
Avg. Rank↓ 1.85 2.45 1.70
Avg. AUC↑ 0.740 0.718 0.734

(b) Classification : Edge G/S

Dataset Hydra-8 Hydra-16 Hydra-32

MIR 0.800 (±0.007) 0.796 (±0.001) 0.793 (±0.002)
DOGE2.0 0.859 (±0.022) 0.897 (±0.089) 0.897 (±0.089)
MUTE 0.757 (±0.004) 0.764 (±0.004) 0.701 (±0.098)
EVERMOON 0.698 (±0.180) 0.750 (±0.024) 0.818 (±0.046)
DERC 0.823 (±0.018) 0.826 (±0.002) 0.839 (±0.008)
ADX 0.760 (±0.004) 0.768 (±0.015) 0.722 (±0.087)
HOICHI 0.606 (±0.015) 0.617 (±0.026) 0.591 (±0.103)
SDEX 0.288 (±0.023) 0.331 (±0.049) 0.348 (±0.066)
BAG 0.969 (±0.009) 0.955 (±0.015) 0.969 (±0.008)
XCN 0.847 (±0.006) 0.845 (±0.010) 0.844 (±0.012)
ETH2x-FLI 0.735 (±0.006) 0.738 (±0.005) 0.712 (±0.045)
stkAAVE 0.744 (±0.008) 0.743 (±0.007) 0.732 (±0.011)
GLM 0.849 (±0.003) 0.841 (±0.015) 0.850 (±0.009)
QOM 0.755 (±0.015) 0.762 (±0.008) 0.745 (±0.003)
WOJAK 0.627 (±0.014) 0.561 (±0.101) 0.585 (±0.067)
DINO 0.875 (±0.030) 0.889 (±0.009) 0.895 (±0.003)
Metis 0.735 (±0.004) 0.697 (±0.062) 0.733 (±0.004)
REPv2 0.778 (±0.001) 0.784 (±0.009) 0.772 (±0.016)
TRAC 0.713 (±0.010) 0.711 (±0.011) 0.722 (±0.001)
BEPRO 0.783 (±0.009) 0.743 (±0.085) 0.800 (±0.002)

1st-Place Count↑ 6 7 9
Avg. Rank↓ 1.95 1.95 2
Avg. AUC↑ 0.75 0.751 0.753

(c) Classification : LCC G/S

Dataset Hydra-8 Hydra-16 Hydra-32

MIR 0.819 (±0.004) 0.817 (±0.001) 0.815 (±0.007)
DOGE2.0 0.762 (±0.010) 0.667 (±0.175) 0.702 (±0.160)
MUTE 0.714 (±0.049) 0.756 (±0.006) 0.704 (±0.085)
EVERMOON 0.600 (±0.057) 0.639 (±0.029) 0.667 (±0.045)
DERC 0.819 (±0.003) 0.813 (±0.005) 0.808 (±0.022)
ADX 0.691 (±0.066) 0.770 (±0.021) 0.727 (±0.093)
HOICHI 0.610 (±0.044) 0.640 (±0.041) 0.638 (±0.075)
SDEX 0.784 (±0.017) 0.810 (±0.048) 0.816 (±0.025)
BAG 0.968 (±0.013) 0.957 (±0.021) 0.976 (±0.006)
XCN 0.863 (±0.011) 0.863 (±0.029) 0.887 (±0.014)
ETH2x-FLI 0.708 (±0.011) 0.703 (±0.001) 0.687 (±0.032)
stkAAVE 0.753 (±0.011) 0.757 (±0.003) 0.748 (±0.012)
GLM 0.853 (±0.006) 0.844 (±0.020) 0.848 (±0.012)
QOM 0.725 (±0.009) 0.730 (±0.002) 0.729 (±0.010)
WOJAK 0.558 (±0.032) 0.458 (±0.142) 0.500 (±0.083)
DINO 0.878 (±0.021) 0.883 (±0.032) 0.818 (±0.049)
Metis 0.727 (±0.006) 0.669 (±0.100) 0.731 (±0.001)
REPv2 0.781 (±0.004) 0.785 (±0.009) 0.764 (±0.020)
TRAC 0.772 (±0.006) 0.768 (±0.008) 0.781 (±0.004)
BEPRO 0.826 (±0.015) 0.800 (±0.058) 0.830 (±0.006)

1st-Place Count↑ 6 7 7
Avg. Rank↓ 1.95 2 2
Avg. AUC↑ 0.761 0.756 0.759
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Table 7.7: Performance of Hydra on three regression tasks as the number of training networks
increases from 8 to 32. The results illustrate how larger and more diverse training data enhance the
model’s predictive consistency and regression accuracy across temporal graph tasks.

(a) Regression : New Node Count

Dataset Hydra-8 Hydra-16 Hydra-32

MIR 0.056 (±0.057) 0.040 (±0.042) 0.013 (±0.004)
DOGE2.0 0.068 (±0.023) 0.060 (±0.027) 0.092 (±0.008)
MUTE 0.073 (±0.036) 0.036 (±0.025) 0.025 (±0.005)
EVERMOON 0.070 (±0.053) 0.038 (±0.045) 0.012 (±0.005)
DERC 0.071 (±0.049) 0.038 (±0.040) 0.015 (±0.004)
ADX 0.069 (±0.047) 0.029 (±0.035) 0.016 (±0.005)
HOICHI 0.064 (±0.038) 0.048 (±0.030) 0.029 (±0.008)
SDEX 0.074 (±0.021) 0.072 (±0.011) 0.063 (±0.006)
BAG 0.072 (±0.023) 0.056 (±0.009) 0.052 (±0.002)
XCN 0.067 (±0.056) 0.036 (±0.044) 0.009 (±0.002)
ETH2x-FLI 0.053 (±0.034) 0.032 (±0.023) 0.030 (±0.004)
stkAAVE 0.085 (±0.037) 0.057 (±0.024) 0.078 (±0.017)
GLM 0.097 (±0.013) 0.103 (±0.008) 0.094 (±0.007)
QOM 0.073 (±0.054) 0.034 (±0.040) 0.012 (±0.001)
WOJAK 0.076 (±0.059) 0.034 (±0.042) 0.009 (±0.000)
DINO 0.065 (±0.053) 0.046 (±0.042) 0.018 (±0.007)
Metis 0.072 (±0.030) 0.037 (±0.016) 0.034 (±0.010)
REPv2 0.083 (±0.024) 0.074 (±0.015) 0.066 (±0.004)
TRAC 0.074 (±0.042) 0.029 (±0.026) 0.022 (±0.005)
BEPRO 0.081 (±0.067) 0.034 (±0.046) 0.004 (±0.001)

1st-Place Count↑ 0 2 18
Avg. Rank↓ 2.90 1.95 1.15
Avg. MAE↓ 0.072 0.047 0.035

(b) Regression : Influential Node Count

Dataset Hydra-8 Hydra-16 Hydra-32

MIR 0.080 (±0.059) 0.059 (±0.004) 0.039 (±0.005)
DOGE2.0 0.065 (±0.034) 0.094 (±0.003) 0.126 (±0.032)
MUTE 0.103 (±0.070) 0.078 (±0.034) 0.045 (±0.027)
EVERMOON 0.107 (±0.067) 0.072 (±0.018) 0.038 (±0.024)
DERC 0.063 (±0.065) 0.056 (±0.012) 0.033 (±0.017)
ADX 0.084 (±0.070) 0.054 (±0.009) 0.030 (±0.001)
HOICHI 0.115 (±0.066) 0.088 (±0.045) 0.055 (±0.028)
SDEX 0.087 (±0.027) 0.083 (±0.068) 0.042 (±0.019)
BAG 0.141 (±0.064) 0.109 (±0.045) 0.075 (±0.027)
XCN 0.071 (±0.033) 0.096 (±0.008) 0.126 (±0.033)
ETH2x-FLI 0.066 (±0.059) 0.052 (±0.007) 0.033 (±0.020)
stkAAVE 0.067 (±0.049) 0.063 (±0.008) 0.042 (±0.013)
GLM 0.108 (±0.045) 0.088 (±0.014) 0.075 (±0.017)
QOM 0.066 (±0.055) 0.055 (±0.004) 0.039 (±0.020)
WOJAK 0.116 (±0.068) 0.074 (±0.006) 0.036 (±0.027)
DINO 0.085 (±0.066) 0.059 (±0.009) 0.034 (±0.002)
Metis 0.082 (±0.056) 0.072 (±0.022) 0.046 (±0.008)
REPv2 0.127 (±0.015) 0.130 (±0.004) 0.129 (±0.022)
TRAC 0.069 (±0.053) 0.059 (±0.003) 0.043 (±0.023)
BEPRO 0.105 (±0.068) 0.064 (±0.005) 0.033 (±0.018)

1st-Place Count↑ 3 0 17
Avg. Rank↓ 2.70 2.05 1.25
Avg. MAE↓ 0.090 0.075 0.056

(c) Regression : Edge Count

Dataset Hydra-8 Hydra-16 Hydra-32

MIR 0.087 (±0.057) 0.035 (±0.027) 0.016 (±0.004)
DOGE2.0 0.115 (±0.023) 0.135 (±0.032) 0.187 (±0.008)
MUTE 0.092 (±0.036) 0.048 (±0.017) 0.021 (±0.005)
EVERMOON 0.085 (±0.053) 0.041 (±0.029) 0.017 (±0.005)
DERC 0.082 (±0.049) 0.033 (±0.024) 0.021 (±0.004)
ADX 0.082 (±0.047) 0.029 (±0.018) 0.025 (±0.005)
HOICHI 0.090 (±0.038) 0.062 (±0.006) 0.027 (±0.008)
SDEX 0.080 (±0.021) 0.077 (±0.018) 0.095 (±0.006)
BAG 0.099 (±0.023) 0.065 (±0.005) 0.041 (±0.002)
XCN 0.066 (±0.056) 0.027 (±0.009) 0.062 (±0.002)
ETH2x-FLI 0.084 (±0.034) 0.035 (±0.019) 0.023 (±0.004)
stkAAVE 0.065 (±0.037) 0.025 (±0.004) 0.051 (±0.017)
GLM 0.106 (±0.013) 0.101 (±0.007) 0.087 (±0.007)
QOM 0.074 (±0.054) 0.032 (±0.019) 0.036 (±0.001)
WOJAK 0.090 (±0.059) 0.034 (±0.035) 0.010 (±0.000)
DINO 0.085 (±0.053) 0.040 (±0.028) 0.017 (±0.007)
Metis 0.087 (±0.030) 0.041 (±0.005) 0.034 (±0.010)
REPv2 0.127 (±0.024) 0.105 (±0.003) 0.111 (±0.004)
TRAC 0.086 (±0.042) 0.029 (±0.020) 0.021 (±0.005)
BEPRO 0.094 (±0.067) 0.037 (±0.036) 0.011 (±0.001)

1st-Place Count↑ 1 5 14
Avg. Rank↓ 2.85 1.75 1.40
Avg. MAE↓ 0.089 0.052 0.046
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7.2.9 Extended Network and Task Results

This section presents the complete per-network results for all classification and regression tasks,

following the same evaluation protocol described in the main text. These tables provide a detailed

view of model behavior across individual datasets, complementing the summary figures by illus-

trating the full distribution of baseline and Hydra performance. They allow a closer examination

of consistency, generalization, and task-specific trends across diverse temporal networks.

Classification. Extended classification results are reported for Edge-G/S, LCC-G/S, and Node-

G/S in Table 7.8, Table 7.9, and Table 7.10, respectively.

• Table 7.8: This table presents AUC results for the Edge Growth/Shrinkage classification task.

Hydra achieves the strongest overall performance with 8 first-place datasets, the lowest average

rank (2.80), and the highest mean AUC (0.753). These consistent improvements demonstrate

that Hydra effectively captures temporal edge dynamics and transfers learned interaction patterns

across heterogeneous networks, achieving stable performance even on volatile datasets such as

DOGE2.0 and EVERMOON.

• Table 7.9: This table summarizes the LCC Growth/Shrinkage classification outcomes. Hydra

delivers the most consistent performance with 13 first-place results, an average AUC of 0.759,

and the best rank (1.70) across all models. This strong generalization suggests that Hydra’s

shared temporal embeddings effectively model the evolution of large connected components,

transferring structural knowledge across domains more reliably than individually trained net-

works.

• Table 7.10: This table reports AUC values for the Node Growth/Shrinkage classification task.

Hydra dominates with 15 first-place datasets, achieving an average AUC of 0.734 and the best

rank (1.95). The results confirm that Hydra’s multi-network training captures universal temporal

growth signatures at the node level, yielding robust transfer even across highly diverse graph

domains.
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These tables compare models trained individually on each dataset with transfer models trained

jointly across multiple networks. Hydra achieves the highest AUC on most datasets and consis-

tently ranks among the top two models across all three classification tasks, confirming its strong

generalization ability and stability across domains.

Regression. Extended regression results are provided for Edge Count, New Node Count, and

Influential Node Count in Table 7.11, Table 7.12, and Table 7.13, respectively.

• Table 7.11: This table shows MAE scores for the Edge Count regression task. Without any

dataset-specific fine-tuning, Hydra attains the lowest average MAE (0.046) and the best overall

rank (3.35) with 6 first-place results. This indicates that Hydra’s learned representations gener-

alize quantitative edge evolution across networks, supporting accurate zero-shot predictions of

edge volume dynamics.

• Table 7.13: This table presents MAE results for the Influential Node Count regression task.

Hydra remains competitive with 5 first-place datasets, achieving an average MAE of 0.056 and

a rank of 4.90. Although some single models outperform Hydra due to dataset-specific opti-

mization, its comparable results without fine-tuning demonstrate robust transferability, even for

complex and domain-sensitive node influence estimation.

• Table 7.12: This table reports MAE values for the New Node Count regression task. Hydra

achieves the overall best performance with 8 first-place datasets, the lowest mean MAE (0.035),

and the best rank (2.50). These results show that Hydra effectively captures cross-domain tem-

poral priors governing node arrivals, achieving strong forecasting accuracy for growth trends

across unseen networks.

Hydra achieves the lowest or near-lowest MAE across most datasets, demonstrating effective

cross-network transfer in regression settings. Notably, even for the Influential Node Count task,

where no additional training is performed, Hydra maintains performance comparable to the best

single models, highlighting its robustness and ability to generalize in a zero-shot setting.
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Table 7.8: AUC results for the Edge Growth or Shrinkage classification task. Best results are
in bold, second best are underlined. Hydra and MiNT are transfer learning models compared
against single models trained separately on each dataset, with Hydra showing superior overall
performance.

Single Model on Individual Networks Transfer Models

Dataset HTGN GC-LSTM EvolveGCN GraphPulse ROLAND TGCN WinGNN MiNT Hydra (Ours)

MIR 0.750 ±0.005 0.768 ±0.026 0.745 ±0.015 0.689 ±0.097 0.228 ±0.060 0.749 ±0.026 0.742 ±0.015 0.836 ±0.016 0.793 ±0.026

DOGE2.0 0.590 ±0.059 0.538 ±0.000 0.551 ±0.022 0.384 ±0.180 0.513 ±0.022 0.487 ±0.044 0.577 ±0.038 0.538 ±0.038 0.897 ±0.044

MUTE 0.649 ±0.015 0.593 ±0.030 0.617 ±0.010 0.779 ±0.004 0.289 ±0.042 0.557 ±0.068 0.593 ±0.054 0.673 ±0.013 0.701 ±0.068

EVERMOON 0.512 ±0.023 0.562 ±0.179 0.451 ±0.046 0.519 ±0.130 0.349 ±0.119 0.463 ±0.149 0.525 ±0.114 0.517 ±0.039 0.818 ±0.149

DERC 0.683 ±0.013 0.703 ±0.022 0.669 ±0.009 0.769 ±0.040 0.405 ±0.357 0.743 ±0.077 0.674 ±0.044 0.798 ±0.027 0.839 ±0.077

ADX 0.769 ±0.018 0.723 ±0.002 0.718 ±0.004 0.784 ±0.002 0.761 ±0.011 0.674 ±0.034 0.733 ±0.023 0.679 ±0.024 0.722 ±0.034

HOICHI 0.807 ±0.047 0.857 ±0.000 0.856 ±0.001 0.714 ±0.010 0.815 ±0.036 0.836 ±0.034 0.769 ±0.101 0.765 ±0.018 0.591 ±0.034

SDEX 0.762 ±0.034 0.720 ±0.002 0.733 ±0.028 0.436 ±0.030 0.483 ±0.254 0.759 ±0.039 0.726 ±0.000 0.614 ±0.020 0.348 ±0.039

BAG 0.673 ±0.227 0.196 ±0.179 0.329 ±0.040 0.934 ±0.020 0.418 ±0.016 0.334 ±0.171 0.485 ±0.105 0.931 ±0.028 0.969 ±0.171

XCN 0.668 ±0.099 0.306 ±0.092 0.512 ±0.067 0.821 ±0.004 0.765 ±0.015 0.703 ±0.037 0.586 ±0.029 0.851 ±0.043 0.844 ±0.037

ETH2x-FLI 0.610 ±0.059 0.670 ±0.009 0.688 ±0.010 0.666 ±0.047 0.621 ±0.023 0.647 ±0.020 0.617 ±0.056 0.729 ±0.015 0.712 ±0.020

stkAAVE 0.702 ±0.042 0.368 ±0.011 0.397 ±0.022 0.743 ±0.006 0.591 ±0.122 0.577 ±0.129 0.572 ±0.018 0.709 ±0.022 0.732 ±0.129

GLM 0.830 ±0.029 0.451 ±0.003 0.501 ±0.033 0.769 ±0.018 0.559 ±0.357 0.531 ±0.008 0.530 ±0.004 0.831 ±0.024 0.850 ±0.008

QOM 0.633 ±0.017 0.612 ±0.001 0.618 ±0.002 0.775 ±0.011 0.641 ±0.003 0.647 ±0.032 0.645 ±0.099 0.647 ±0.019 0.745 ±0.032

WOJAK 0.479 ±0.005 0.484 ±0.000 0.505 ±0.023 0.467 ±0.030 0.529 ±0.005 0.516 ±0.021 0.511 ±0.026 0.524 ±0.027 0.585 ±0.021

DINO 0.730 ±0.195 0.874 ±0.028 0.868 ±0.029 0.801 ±0.020 0.497 ±0.092 0.544 ±0.314 0.628 ±0.251 0.779 ±0.113 0.895 ±0.314

Metis 0.715 ±0.122 0.646 ±0.023 0.688 ±0.027 0.812 ±0.011 0.696 ±0.108 0.709 ±0.033 0.690 ±0.039 0.760 ±0.025 0.733 ±0.033

REPv2 0.760 ±0.012 0.725 ±0.014 0.709 ±0.002 0.830 ±0.001 0.751 ±0.003 0.696 ±0.035 0.744 ±0.026 0.789 ±0.020 0.772 ±0.035

TRAC 0.712 ±0.071 0.748 ±0.000 0.748 ±0.000 0.767 ±0.001 0.495 ±0.223 0.741 ±0.012 0.752 ±0.007 0.785 ±0.008 0.722 ±0.012

BEPRO 0.655 ±0.038 0.632 ±0.019 0.610 ±0.012 0.783 ±0.003 0.439 ±0.125 0.744 ±0.074 0.736 ±0.018 0.782 ±0.003 0.800 ±0.074

1st-Place Count↑ 1 1 0 6 0 0 0 4 8
Avg. Rank ↓ 4.85 5.80 6.10 3.80 6.30 5.60 5.55 3.30 2.80
Avg. AUC ↑ 0.684 0.609 0.626 0.712 0.542 0.633 0.642 0.727 0.753

Table 7.9: AUC results for the LCC Growth or Shrinkage classification task. Best results are in
bold, second best are underlined. Hydra and MiNT represent transfer learning models evaluated
against single models trained on individual datasets, with Hydra achieving the strongest overall
results.

Single Model on Individual Networks Transfer Models

Dataset HTGN GC-LSTM EvolveGCN GraphPulse ROLAND TGCN WinGNN MiNT Hydra (Ours)

MIR 0.745 (±0.023) 0.585 (±0.128) 0.575 (±0.146) 0.800 (±0.008) 0.536 (±0.275) 0.585 (±0.055) 0.749 (±0.020) 0.845 (±0.035) 0.815 (±0.007)

DOGE2.0 0.446 (±0.164) 0.387 (±0.294) 0.583 (±0.115) 0.333 (±0.042) 0.411 (±0.232) 0.464 (±0.182) 0.595 (±0.176) 0.661 (±0.047) 0.702 (±0.160)

MUTE 0.574 (±0.022) 0.579 (±0.022) 0.578 (±0.033) 0.647 (±0.014) 0.624 (±0.037) 0.567 (±0.007) 0.641 (±0.061) 0.582 (±0.078) 0.704 (±0.085)

EVERMOON 0.494 (±0.127) 0.512 (±0.112) 0.548 (±0.152) 0.463 (±0.034) 0.491 (±0.157) 0.624 (±0.004) 0.603 (±0.041) 0.527 (±0.118) 0.667 (±0.045)

DERC 0.717 (±0.035) 0.591 (±0.010) 0.553 (±0.044) 0.727 (±0.009) 0.481 (±0.131) 0.523 (±0.103) 0.582 (±0.043) 0.689 (±0.096) 0.808 (±0.022)

ADX 0.753 (±0.013) 0.599 (±0.012) 0.604 (±0.030) 0.661 (±0.006) 0.606 (±0.059) 0.621 (±0.017) 0.611 (±0.062) 0.587 (±0.014) 0.727 (±0.093)

HOICHI 0.746 (±0.010) 0.749 (±0.001) 0.745 (±0.003) 0.730 (±0.017) 0.360 (±0.121) 0.750 (±0.002) 0.635 (±0.183) 0.722 (±0.034) 0.638 (±0.075)

SDEX 0.911 (±0.104) 0.721 (±0.138) 0.601 (±0.105) 0.808 (±0.050) 0.825 (±0.047) 0.770 (±0.231) 0.575 (±0.282) 0.382 (±0.280) 0.816 (±0.025)

BAG 0.493 (±0.043) 0.291 (±0.180) 0.480 (±0.052) 0.900 (±0.010) 0.463 (±0.019) 0.463 (±0.141) 0.490 (±0.080) 0.893 (±0.074) 0.976 (±0.006)

XCN 0.566 (±0.199) 0.481 (±0.160) 0.533 (±0.257) 0.681 (±0.005) 0.569 (±0.204) 0.638 (±0.045) 0.549 (±0.133) 0.827 (±0.025) 0.887 (±0.014)

ETH2x-FLI 0.561 (±0.037) 0.529 (±0.017) 0.547 (±0.009) 0.653 (±0.047) 0.499 (±0.135) 0.549 (±0.019) 0.505 (±0.090) 0.618 (±0.025) 0.687 (±0.032)

stkAAVE 0.623 (±0.077) 0.581 (±0.085) 0.551 (±0.102) 0.662 (±0.004) 0.532 (±0.140) 0.543 (±0.102) 0.489 (±0.105) 0.688 (±0.019) 0.748 (±0.012)

GLM 0.761 (±0.031) 0.481 (±0.073) 0.636 (±0.123) 0.749 (±0.014) 0.802 (±0.037) 0.425 (±0.005) 0.489 (±0.079) 0.818 (±0.074) 0.848 (±0.012)

QOM 0.658 (±0.150) 0.509 (±0.100) 0.562 (±0.022) 0.747 (±0.006) 0.627 (±0.134) 0.419 (±0.044) 0.546 (±0.152) 0.645 (±0.109) 0.729 (±0.010)

WOJAK 0.378 (±0.028) 0.489 (±0.133) 0.394 (±0.079) 0.550 (±0.036) 0.360 (±0.005) 0.481 (±0.092) 0.415 (±0.017) 0.492 (±0.107) 0.500 (±0.083)

DINO 0.706 (±0.120) 0.796 (±0.023) 0.710 (±0.034) 0.661 (±0.026) 0.523 (±0.238) 0.773 (±0.043) 0.731 (±0.037) 0.561 (±0.006) 0.818 (±0.049)

Metis 0.679 (±0.039) 0.687 (±0.018) 0.672 (±0.016) 0.783 (±0.007) 0.672 (±0.103) 0.657 (±0.014) 0.634 (±0.042) 0.780 (±0.041) 0.731 (±0.001)

REPv2 0.730 (±0.007) 0.653 (±0.015) 0.644 (±0.027) 0.752 (±0.001) 0.658 (±0.103) 0.646 (±0.025) 0.683 (±0.014) 0.742 (±0.041) 0.764 (±0.020)

TRAC 0.733 (±0.009) 0.629 (±0.005) 0.623 (±0.004) 0.686 (±0.001) 0.606 (±0.117) 0.620 (±0.005) 0.599 (±0.026) 0.762 (±0.028) 0.781 (±0.004)

BEPRO 0.694 (±0.009) 0.595 (±0.008) 0.557 (±0.058) 0.725 (±0.004) 0.482 (±0.146) 0.536 (±0.031) 0.582 (±0.063) 0.628 (±0.017) 0.830 (±0.006)

1st-Place Count↑ 2 0 0 3 0 1 0 1 13
Avg. Rank ↓ 4.40 6.00 6.30 3.50 6.95 6.10 6.10 3.95 1.70
Avg. AUC ↑ 0.648 0.572 0.585 0.686 0.556 0.583 0.585 0.672 0.759
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Table 7.10: AUC results for the Node Growth or Shrinkage classification task. Best results are in
bold, second best are underlined. Hydra and MiNT are transfer learning models compared with
single models trained on individual datasets, where Hydra demonstrates superior overall results.

Single Model on Individual Networks Transfer Models
Dataset HTGN GC-LSTM EvolveGCN GraphPulse ROLAND TGCN WinGNN MiNT Hydra (Ours)

MIR 0.545 (±0.030) 0.537 (±0.033) 0.528 (±0.081) 0.633 (±0.066) 0.472 (±0.040) 0.532 (±0.021) 0.525 (±0.043) 0.622 (±0.030) 0.764 (±0.001)

DOGE2.0 0.427 (±0.065) 0.633 (±0.014) 0.400 (±0.061) 0.403 (±0.035) 0.260 (±0.000) 0.627 (±0.034) 0.693 (±0.041) 0.750 (±0.014) 0.633 (±0.064)

MUTE 0.518 (±0.023) 0.448 (±0.008) 0.475 (±0.051) 0.677 (±0.008) 0.411 (±0.053) 0.458 (±0.009) 0.562 (±0.015) 0.606 (±0.056) 0.748 (±0.025)

EVERMOON 0.585 (±0.059) 0.606 (±0.021) 0.488 (±0.088) 0.463 (±0.002) 0.427 (±0.137) 0.567 (±0.030) 0.548 (±0.116) 0.614 (±0.071) 0.655 (±0.040)

DERC 0.662 (±0.051) 0.492 (±0.069) 0.503 (±0.084) 0.611 (±0.049) 0.551 (±0.013) 0.447 (±0.003) 0.517 (±0.034) 0.569 (±0.004) 0.742 (±0.004)

ADX 0.678 (±0.017) 0.505 (±0.043) 0.509 (±0.022) 0.701 (±0.003) 0.557 (±0.082) 0.484 (±0.048) 0.504 (±0.018) 0.507 (±0.037) 0.718 (±0.051)

HOICHI 0.687 (±0.004) 0.718 (±0.007) 0.685 (±0.020) 0.745 (±0.006) 0.347 (±0.084) 0.718 (±0.002) 0.526 (±0.188) 0.492 (±0.120) 0.558 (±0.047)

SDEX 0.824 (±0.106) 0.364 (±0.148) 0.817 (±0.032) 0.865 (±0.011) 0.779 (±0.018) 0.755 (±0.202) 0.757 (±0.072) 0.861 (±0.025) 0.743 (±0.026)

BAG 0.735 (±0.075) 0.337 (±0.089) 0.166 (±0.066) 0.897 (±0.016) 0.390 (±0.088) 0.391 (±0.219) 0.515 (±0.008) 0.685 (±0.038) 0.969 (±0.009)

XCN 0.476 (±0.012) 0.466 (±0.012) 0.407 (±0.176) 0.671 (±0.020) 0.430 (±0.144) 0.483 (±0.036) 0.355 (±0.017) 0.505 (±0.002) 0.878 (±0.009)

ETH2x-FLI 0.628 (±0.022) 0.548 (±0.001) 0.548 (±0.002) 0.615 (±0.020) 0.488 (±0.063) 0.553 (±0.036) 0.586 (±0.098) 0.411 (±0.066) 0.678 (±0.031)

stkAAVE 0.517 (±0.093) 0.543 (±0.043) 0.456 (±0.069) 0.643 (±0.005) 0.661 (±0.037) 0.425 (±0.029) 0.465 (±0.036) 0.561 (±0.007) 0.779 (±0.007)

GLM 0.706 (±0.014) 0.566 (±0.001) 0.516 (±0.105) 0.595 (±0.003) 0.493 (±0.149) 0.575 (±0.019) 0.610 (±0.024) 0.720 (±0.045) 0.763 (±0.005)

QOM 0.647 (±0.094) 0.492 (±0.003) 0.485 (±0.001) 0.705 (±0.002) 0.592 (±0.080) 0.495 (±0.004) 0.409 (±0.051) 0.572 (±0.017) 0.719 (±0.012)

WOJAK 0.417 (±0.143) 0.338 (±0.068) 0.357 (±0.104) 0.500 (±0.000) 0.202 (±0.018) 0.488 (±0.080) 0.314 (±0.029) 0.618 (±0.035) 0.412 (±0.060)

DINO 0.845 (±0.015) 0.323 (±0.148) 0.444 (±0.052) 0.686 (±0.007) 0.330 (±0.115) 0.615 (±0.070) 0.600 (±0.292) 0.735 (±0.005) 0.910 (±0.013)

Metis 0.589 (±0.049) 0.483 (±0.052) 0.566 (±0.012) 0.652 (±0.029) 0.574 (±0.040) 0.549 (±0.011) 0.510 (±0.005) 0.616 (±0.012) 0.693 (±0.007)

REPv2 0.650 (±0.004) 0.519 (±0.023) 0.515 (±0.019) 0.662 (±0.008) 0.597 (±0.028) 0.534 (±0.029) 0.626 (±0.058) 0.710 (±0.129) 0.689 (±0.013)

TRAC 0.670 (±0.031) 0.527 (±0.016) 0.524 (±0.003) 0.610 (±0.055) 0.546 (±0.024) 0.524 (±0.001) 0.528 (±0.020) 0.600 (±0.027) 0.765 (±0.003)

BEPRO 0.500 (±0.055) 0.332 (±0.010) 0.356 (±0.015) 0.707 (±0.005) 0.490 (±0.016) 0.372 (±0.100) 0.420 (±0.018) 0.561 (±0.022) 0.865 (±0.010)

1st-Place Count↑ 0 0 0 2 0 0 0 3 15
Avg. Rank↓ 3.65 6.65 7.00 2.95 6.70 6.15 6.20 3.55 1.95
Avg. AUC↑ 0.615 0.489 0.487 0.652 0.480 0.530 0.528 0.616 0.734

Table 7.11: MAE results for the Edge Count regression task. Best results are in bold, second
best are underlined. Hydra is the only transfer learning model and has better overall performance
without any training on these datasets.

Single Model on Individual Networks Transfer Models
Dataset HTGN TGCN GCLSTM ROLAND EGCN GraphPulse WinGNN Hydra (Ours)

MIR 0.059 (±0.007) 0.044 (±0.009) 0.047 (±0.003) 0.039 (±0.000) 0.057 (±0.015) 0.059 (±0.001) 0.046 (±0.010) 0.016 (±0.005)

DOGE2.0 0.101 (±0.035) 0.063 (±0.017) 0.106 (±0.029) 0.052 (±0.003) 0.092 (±0.031) 0.046 (±0.000) 0.045 (±0.003) 0.187 (±0.008)

MUTE 0.025 (±0.006) 0.038 (±0.004) 0.017 (±0.001) 0.040 (±0.007) 0.049 (±0.005) 0.025 (±0.002) 0.027 (±0.003) 0.021 (±0.022)

EVERMOON 0.010 (±0.001) 0.021 (±0.013) 0.025 (±0.007) 0.016 (±0.016) 0.030 (±0.010) 0.235 (±0.005) 0.025 (±0.004) 0.017 (±0.000)

DERC 0.038 (±0.015) 0.059 (±0.011) 0.016 (±0.005) 0.060 (±0.008) 0.023 (±0.007) 0.023 (±0.003) 0.032 (±0.001) 0.021 (±0.003)

ADX 0.017 (±0.001) 0.018 (±0.003) 0.016 (±0.001) 0.017 (±0.002) 0.021 (±0.002) 0.019 (±0.001) 0.016 (±0.000) 0.025 (±0.008)

HOICHI 0.034 (±0.010) 0.020 (±0.001) 0.046 (±0.013) 0.020 (±0.003) 0.034 (±0.013) 0.044 (±0.002) 0.028 (±0.005) 0.027 (±0.020)

SDEX 0.080 (±0.029) 0.128 (±0.046) 0.058 (±0.007) 0.121 (±0.002) 0.085 (±0.025) 0.106 (±0.005) 0.128 (±0.008) 0.095 (±0.043)

BAG 0.022 (±0.003) 0.023 (±0.017) 0.025 (±0.002) 0.030 (±0.016) 0.027 (±0.005) 0.063 (±0.001) 0.260 (±0.064) 0.041 (±0.020)

XCN 0.074 (±0.006) 0.112 (±0.042) 0.107 (±0.024) 0.120 (±0.035) 0.121 (±0.011) 0.118 (±0.000) 0.072 (±0.018) 0.062 (±0.015)

ETH2x-FLI 0.055 (±0.015) 0.079 (±0.019) 0.177 (±0.057) 0.040 (±0.026) 0.066 (±0.016) 0.144 (±0.009) 0.030 (±0.011) 0.023 (±0.001)

stkAAVE 0.083 (±0.008) 0.087 (±0.005) 0.092 (±0.017) 0.104 (±0.012) 0.079 (±0.010) 0.096 (±0.006) 0.100 (±0.004) 0.051 (±0.022)

GLM 0.072 (±0.010) 0.058 (±0.005) 0.063 (±0.002) 0.058 (±0.003) 0.060 (±0.001) 0.076 (±0.001) 0.054 (±0.003) 0.087 (±0.008)

QOM 0.042 (±0.005) 0.085 (±0.020) 0.053 (±0.030) 0.057 (±0.030) 0.069 (±0.013) 0.055 (±0.001) 0.046 (±0.006) 0.036 (±0.013)

WOJAK 0.009 (±0.002) 0.012 (±0.003) 0.013 (±0.004) 0.016 (±0.008) 0.013 (±0.007) 0.057 (±0.008) 0.006 (±0.002) 0.010 (±0.004)

DINO 0.069 (±0.020) 0.025 (±0.009) 0.040 (±0.019) 0.014 (±0.004) 0.039 (±0.011) 0.087 (±0.002) 0.021 (±0.008) 0.017 (±0.007)

Metis 0.038 (±0.002) 0.054 (±0.001) 0.047 (±0.003) 0.057 (±0.008) 0.053 (±0.004) 0.066 (±0.006) 0.043 (±0.001) 0.034 (±0.010)

REPv2 0.117 (±0.013) 0.108 (±0.004) 0.115 (±0.004) 0.106 (±0.001) 0.128 (±0.036) 0.119 (±0.001) 0.118 (±0.001) 0.111 (±0.008)

TRAC 0.026 (±0.004) 0.036 (±0.010) 0.061 (±0.006) 0.023 (±0.004) 0.036 (±0.003) 0.017 (±0.000) 0.040 (±0.014) 0.021 (±0.001)

BEPRO 0.009 (±0.001) 0.009 (±0.003) 0.009 (±0.002) 0.015 (±0.017) 0.007 (±0.001) 0.007 (±0.000) 0.007 (±0.002) 0.011 (±0.008)

1st-Place Count↑ 2 1 4 3 1 2 5 6
Avg. Rank ↓ 3.95 4.60 4.58 4.58 5.30 5.72 3.93 3.35
Avg. MAE ↓ 0.049 0.054 0.057 0.050 0.054 0.073 0.057 0.046
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Table 7.12: MAE results for the New Node Count regression task. Best results are in bold, second
best are underlined. Hydra, the only transfer learning model, achieves better overall performance
than all single models trained on individual datasets.

Single Model on Individual Networks Transfer Models
Dataset HTGN TGCN GCLSTM ROLAND EGCN GraphPulse WinGNN Hydra (ours)

MIR 0.031 (±0.002) 0.028 (±0.001) 0.039 (±0.005) 0.025 (±0.018) 0.030 (±0.001) 0.025 (±0.001) 0.037 (±0.011) 0.013 (±0.004)

DOGE2.0 0.046 (±0.009) 0.064 (±0.021) 0.044 (±0.014) 0.073 (±0.019) 0.051 (±0.031) 0.157 (±0.010) 0.098 (±0.009) 0.092 (±0.008)

MUTE 0.021 (±0.003) 0.041 (±0.005) 0.030 (±0.003) 0.048 (±0.002) 0.053 (±0.003) 0.031 (±0.001) 0.051 (±0.015) 0.025 (±0.005)

EVERMOON 0.010 (±0.004) 0.017 (±0.008) 0.026 (±0.009) 0.029 (±0.019) 0.028 (±0.017) 0.222 (±0.005) 0.022 (±0.002) 0.012 (±0.005)

DERC 0.028 (±0.009) 0.034 (±0.018) 0.016 (±0.024) 0.043 (±0.024) 0.019 (±0.004) 0.043 (±0.011) 0.027 (±0.003) 0.015 (±0.004)

ADX 0.014 (±0.001) 0.010 (±0.001) 0.011 (±0.001) 0.024 (±0.296) 0.012 (±0.000) 0.024 (±0.002) 0.011 (±0.000) 0.016 (±0.005)

HOICHI 0.044 (±0.004) 0.035 (±0.025) 0.053 (±0.028) 0.204 (±0.028) 0.039 (±0.023) 0.066 (±0.001) 0.027 (±0.004) 0.029 (±0.008)

SDEX 0.075 (±0.002) 0.093 (±0.006) 0.069 (±0.002) 0.088 (±0.002) 0.077 (±0.008) 0.087 (±0.002) 0.090 (±0.025) 0.063 (±0.006)

BAG 0.023 (±0.007) 0.031 (±0.008) 0.019 (±0.007) 0.053 (±0.006) 0.030 (±0.004) 0.054 (±0.000) 0.230 (±0.062) 0.052 (±0.002)

XCN 0.014 (±0.007) 0.015 (±0.006) 0.017 (±0.007) 0.012 (±0.012) 0.017 (±0.007) 0.040 (±0.001) 0.015 (±0.002) 0.009 (±0.002)

ETH2x-FLI 0.031 (±0.010) 0.041 (±0.001) 0.069 (±0.010) 0.020 (±0.004) 0.030 (±0.002) 0.092 (±0.001) 0.028 (±0.003) 0.030 (±0.004)

stkAAVE 0.128 (±0.018) 0.136 (±0.008) 0.128 (±0.018) 0.154 (±0.005) 0.124 (±0.005) 0.151 (±0.000) 0.147 (±0.008) 0.078 (±0.017)

GLM 0.066 (±0.000) 0.068 (±0.001) 0.068 (±0.000) 0.068 (±0.002) 0.067 (±0.002) 0.092 (±0.000) 0.066 (±0.000) 0.094 (±0.007)

QOM 0.035 (±0.006) 0.038 (±0.010) 0.032 (±0.020) 0.018 (±0.010) 0.035 (±0.020) 0.033 (±0.004) 0.029 (±0.007) 0.012 (±0.001)

WOJAK 0.008 (±0.001) 0.009 (±0.001) 0.015 (±0.003) 0.029 (±0.017) 0.014 (±0.003) 0.067 (±0.005) 0.007 (±0.001) 0.009 (±0.000)

DINO 0.061 (±0.017) 0.024 (±0.002) 0.028 (±0.019) 0.013 (±0.005) 0.030 (±0.005) 0.085 (±0.001) 0.051 (±0.029) 0.018 (±0.007)

Metis 0.034 (±0.010) 0.045 (±0.006) 0.041 (±0.006) 0.043 (±0.005) 0.042 (±0.004) 0.054 (±0.001) 0.034 (±0.002) 0.034 (±0.010)

REPv2 0.061 (±0.003) 0.061 (±0.004) 0.075 (±0.003) 0.055 (±0.002) 0.063 (±0.004) 0.068 (±0.000) 0.063 (±0.000) 0.066 (±0.004)

TRAC 0.043 (±0.021) 0.030 (±0.003) 0.071 (±0.021) 0.021 (±0.006) 0.025 (±0.009) 0.018 (±0.000) 0.044 (±0.010) 0.022 (±0.005)

BEPRO 0.012 (±0.002) 0.010 (±0.002) 0.011 (±0.017) 0.011 (±0.011) 0.009 (±0.000) 0.012 (±0.000) 0.006 (±0.001) 0.004 (±0.001)

1st-Place Count↑ 4 1 2 3 0 1 4 8
Avg. Rank ↓ 3.45 4.10 4.00 4.35 3.90 5.75 4.05 2.50
Avg. MAE ↓ 0.039 0.042 0.043 0.052 0.040 0.071 0.054 0.035

Table 7.13: MAE results for the Influential Node Count regression task. Best results are in bold,
second best are underlined. Hydra, the only transfer learning model, achieves performance compa-
rable to single models trained individually on each dataset, despite requiring no additional training.

Single Model on Individual Networks Transfer Models
Dataset HTGN TGCN GCLSTM ROLAND EGCN GraphPulse WinGNN Hydra (ours)

MIR 0.114 (±0.003) 0.119 (±0.005) 0.105 (±0.020) 0.115 (±0.020) 0.114 (±0.017) 0.127 (±0.002) 0.082 (±0.007) 0.039 (±0.005)

DOGE2.0 0.064 (±0.031) 0.090 (±0.023) 0.053 (±0.021) 0.070 (±0.015) 0.059 (±0.021) 0.087 (±0.004) 0.091 (±0.009) 0.126 (±0.032)

MUTE 0.028 (±0.004) 0.042 (±0.002) 0.018 (±0.002) 0.051 (±0.006) 0.042 (±0.012) 0.021 (±0.001) 0.045 (±0.033) 0.045 (±0.027)

EVERMOON 0.011 (±0.002) 0.014 (±0.006) 0.018 (±0.008) 0.014 (±0.004) 0.032 (±0.015) 0.235 (±0.004) 0.026 (±0.006) 0.038 (±0.024)

DERC 0.069 (±0.007) 0.084 (±0.001) 0.053 (±0.002) 0.104 (±0.011) 0.058 (±0.010) 0.048 (±0.001) 0.077 (±0.003) 0.033 (±0.017)

ADX 0.016 (±0.003) 0.015 (±0.000) 0.012 (±0.001) 0.022 (±0.009) 0.015 (±0.001) 0.020 (±0.001) 0.015 (±0.004) 0.030 (±0.001)

HOICHI 0.039 (±0.011) 0.020 (±0.007) 0.046 (±0.017) 0.030 (±0.015) 0.034 (±0.016) 0.047 (±0.009) 0.024 (±0.016) 0.055 (±0.028)

SDEX 0.037 (±0.011) 0.049 (±0.022) 0.031 (±0.012) 0.058 (±0.017) 0.037 (±0.005) 0.067 (±0.009) 0.066 (±0.025) 0.042 (±0.019)

BAG 0.009 (±0.000) 0.017 (±0.002) 0.030 (±0.008) 0.019 (±0.010) 0.030 (±0.009) 0.064 (±0.001) 0.074 (±0.094) 0.075 (±0.027)

XCN 0.061 (±0.008) 0.155 (±0.009) 0.055 (±0.003) 0.124 (±0.005) 0.066 (±0.008) 0.080 (±0.004) 0.159 (±0.029) 0.126 (±0.033)

ETH2x-FLI 0.050 (±0.007) 0.053 (±0.035) 0.100 (±0.014) 0.023 (±0.005) 0.044 (±0.010) 0.108 (±0.003) 0.033 (±0.010) 0.033 (±0.020)

stkAAVE 0.062 (±0.001) 0.080 (±0.009) 0.062 (±0.001) 0.057 (±0.005) 0.061 (±0.006) 0.108 (±0.009) 0.066 (±0.003) 0.042 (±0.013)

GLM 0.066 (±0.002) 0.057 (±0.001) 0.067 (±0.004) 0.057 (±0.005) 0.054 (±0.002) 0.082 (±0.000) 0.053 (±0.002) 0.075 (±0.017)

QOM 0.060 (±0.004) 0.088 (±0.040) 0.061 (±0.032) 0.074 (±0.018) 0.075 (±0.015) 0.076 (±0.004) 0.062 (±0.012) 0.039 (±0.020)

WOJAK 0.007 (±0.001) 0.008 (±0.003) 0.012 (±0.003) 0.027 (±0.010) 0.011 (±0.004) 0.066 (±0.019) 0.007 (±0.001) 0.036 (±0.027)

DINO 0.078 (±0.036) 0.024 (±0.004) 0.068 (±0.001) 0.024 (±0.003) 0.036 (±0.007) 0.087 (±0.003) 0.022 (±0.000) 0.034 (±0.002)

Metis 0.056 (±0.003) 0.078 (±0.004) 0.068 (±0.005) 0.085 (±0.030) 0.073 (±0.004) 0.071 (±0.010) 0.063 (±0.001) 0.046 (±0.008)

REPv2 0.115 (±0.000) 0.118 (±0.006) 0.119 (±0.002) 0.115 (±0.001) 0.138 (±0.027) 0.127 (±0.000) 0.126 (±0.001) 0.129 (±0.022)

TRAC 0.045 (±0.005) 0.058 (±0.002) 0.079 (±0.002) 0.055 (±0.009) 0.056 (±0.005) 0.033 (±0.005) 0.074 (±0.009) 0.043 (±0.023)

BEPRO 0.016 (±0.006) 0.014 (±0.003) 0.012 (±0.002) 0.013 (±0.001) 0.012 (±0.002) 0.012 (±0.000) 0.010 (±0.001) 0.033 (±0.018)

1st-Place Count↑ 4 1 5 2 0 1 4 5
Avg. Rank ↓ 3.52 4.85 3.80 4.55 4.20 5.90 4.28 4.90
Avg. MAE ↓ 0.050 0.059 0.053 0.057 0.052 0.078 0.059 0.056
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7.3 Conclusion

We have introduced Hydra, a novel temporal graph-level multi-task and multi-network model de-

signed to address the complexities of dynamic network analysis. Hydra combines a spatial path,

which captures local connectivity through temporal GNNs, along with a spectral path that attends

to global structural patterns, forming a new architectural design for temporal graph learning. This

unified framework enables Hydra to handle diverse prediction tasks simultaneously while transfer-

ring effectively to unseen networks. Empirically, Hydra consistently outperforms state-of-the-art

baselines across benchmarks, achieving strong performance without requiring additional training

on target networks. These results highlight Hydra as the first architecture to bring together spectral

and spatial pathways for transferable, multi-task learning on temporal graphs. Looking ahead, this

work opens up a promising research direction toward more generalizable temporal models that can

support a wide range of tasks.
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Chapter 8

Conclusion and Future Directions

This thesis presented a continuous progression of ideas, methods, and findings that together form

a unified exploration of how to learn from dynamic and evolving networks. The work began

with fundamental questions about how structure and topology influence model efficiency, then ad-

dressed the scarcity of standardized temporal graph data, introduced principled frameworks for

modeling time-dependent graph evolution, and ultimately advanced to scalable, transferable tem-

poral models that generalize across networks and tasks. Each stage built upon the previous one,

shaping a coherent scientific trajectory toward the vision of temporal graph foundation models.

The first contribution, Topological Forest, investigated how topological insights can improve

learning efficiency and interpretability. By embedding decision trees into a topological space using

the Mapper algorithm, this model selected representative structures that preserved diversity and

predictive power while greatly reducing computational complexity. Beyond the technical gain, it

demonstrated that topology can act as a guiding principle in understanding and organizing complex

learning systems, laying the conceptual foundation for structure-aware modeling.

Building on this foundation, Chartalist addressed the critical lack of large-scale temporal graph

datasets. Before its introduction, most studies relied on limited or synthetic data that failed to cap-

ture the evolving nature of real-world systems. Chartalist transformed blockchain transactions into

a rich collection of machine-learning-ready temporal graphs that reflect both account-based and
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UTXO-based systems. This effort provided the first open benchmark for large-scale temporal net-

work analysis, creating a lasting resource that enables reproducibility, scalability, and standardized

evaluation across models and domains.

The third contribution, GraphPulse, shifted the focus from static graph structures to temporal

evolution. It introduced a framework that models networks as sequences of evolving snapshots

and learns their global behaviors through topological and structural summaries. By integrating

topological data analysis with temporal modeling, GraphPulse captured macro-level changes that

traditional node or edge-based models often overlook. This approach successfully predicted global

graph properties such as growth, shrinkage, and connectivity variation, establishing topology as a

bridge between structure and time in graph learning.

The next step, MiNT, expanded the scope from single-network understanding to learning across

multiple networks. MiNT introduced a large-scale benchmark of temporal transaction networks

and a new training paradigm that alternates across independent graphs while maintaining temporal

consistency. This framework demonstrated that temporal graph models could learn transferable

representations, generalizing to unseen networks without retraining. MiNT revealed the first scal-

ing trends in temporal graph learning, showing that performance improves with the diversity and

number of training networks, thus setting the foundation for studying transferability and neural

scaling in temporal graphs.

The final contribution, Hydra, advanced this foundation by addressing the need for efficiency

and adaptability in temporal graph learning. While MiNT required separate retraining for each

predictive task and involved high computational cost, Hydra introduced a unified model that per-

forms multiple prediction objectives, including both classification and regression, within the same

framework. It achieved up to twenty-two times faster training and inference while maintaining

strong generalization across diverse networks. This contribution moves beyond transferability by

enabling efficient multi-task learning and represents a practical step toward adaptable temporal

graph foundation models.

Taken together, these contributions form a continuous and interconnected research path, from
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using topology to guide efficient learning, to constructing standardized data foundations, to mod-

eling temporal evolution, transferability, and finally adaptability across networks and tasks. This

body of work collectively defines the conceptual and methodological groundwork for the emerging

field of temporal graph foundation models. These studies contribute a unified research trajectory

that enable systematic and reproducible progress in temporal graph learning. By uniting efficiency,

scalability, transferability, and adaptability within a single framework, this thesis lays the ground-

work for the next generation of graph learning systems that can understand, predict, and adapt to

how complex networks evolve over time.

Research Outlook and Future Directions

The research presented in this thesis establishes a comprehensive foundation for temporal graph

learning and opens new frontiers in understanding and modeling the evolution of complex dynamic

networks. Through the development of Topological Forest, Chartalist, GraphPulse, MiNT, and

Hydra, this work demonstrates a complete progression from large-scale data creation and topolog-

ical representation to multi-task, multi-network modeling and generalizable temporal reasoning.

Together, these contributions define a new research direction toward universal and transferable

temporal graph frameworks. Building on this foundation, several promising directions naturally

emerge. The first is the extension of temporal graph learning beyond social and financial do-

mains to broader contexts such as biological, transportation, communication, and cyber-physical

systems. Applying these frameworks across such diverse domains will further consolidate the con-

cept of domain-agnostic temporal graph models and provide new insights into how structural and

temporal dynamics interact in real-world systems. Another direction involves advancing model-

ing architectures that integrate the principles established in this thesis with emerging paradigms

in sequence modeling and representation learning. Incorporating elements such as state-space for-

mulations, attention-based temporal mechanisms, or continuous-time graph processing can deepen

the understanding of long-range temporal dependencies while preserving the interpretability and
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transferability central to this work. Expanding toward scalability and real-time adaptation also rep-

resents a natural continuation of this research. As temporal networks grow in both size and com-

plexity, integrating adaptive and distributed components into temporal graph pipelines will enable

continuous learning and efficient deployment across large, evolving systems. These developments

will further align temporal graph learning with real-world industrial and scientific applications.

The trajectory culminating in Hydra also provides the conceptual and methodological foundation

for the emergence of temporal graph foundation models. Such models, trained on large and diverse

temporal networks, will capture shared structural invariants and temporal rhythms across domains,

enabling seamless transfer between tasks such as forecasting, anomaly detection, and relational

reasoning. The datasets, architectures, and evaluation pipelines introduced in this thesis provide

the essential building blocks for realizing this next stage. In conclusion, this thesis defines a com-

prehensive and forward-looking research agenda that lays the groundwork for the next generation

of temporal graph models. It opens a new paradigm for learning across time and domains, setting

the stage for temporal graph foundation models that can reason, adapt, and generalize across the

interconnected systems that define our dynamic world.
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