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Abstract

Temporal graph classification plays a critical role in appli-
cations such as cybersecurity, brain connectivity analysis,
social dynamics, and traffic monitoring. Despite its signifi-
cance, this problem remains underexplored compared to tem-
poral link prediction or node forecasting. Existing methods
often rely on snapshot-based or recurrent architectures that
either lose fine-grained temporal information or struggle with
long-range dependencies. Moreover, local message-passing
approaches suffer from oversmoothing and oversquashing,
limiting their ability to capture complex temporal structures.
We introduce T3FORMER, a novel Topological Temporal
Transformer that leverages sliding-window topological and
spectral descriptors as first-class tokens, integrated via a spe-
cialized Descriptor-Attention mechanism. This design pre-
serves temporal fidelity, enhances robustness, and enables
principled cross-modal fusion without rigid discretization.
T3former achieves state-of-the-art performance across mul-
tiple benchmarks, including dynamic social networks, brain
functional connectivity datasets, and traffic networks. It also
offers theoretical guarantees of stability under temporal and
structural perturbations. Our results highlight the power of
combining topological and spectral insights for advancing the
frontier of temporal graph learning.

Code — https://github.com/joshem163/T3Former
Extended version — https://arxiv.org/pdf/2510.13789

1 Introduction

Temporal graph classification, the task of assigning a label to
a single temporal graph whose nodes and edges carry times-
tamp information indicating their active intervals, plays a
crucial role in domains such as cybersecurity intrusion de-
tection, dynamic functional-connectivity mapping in neuro-
science, social network analysis, and traffic pattern recog-
nition. Current approaches predominantly rely on discrete
snapshot methods or recurrent updates (e.g., EVOLVEGCN
(Trivedi et al. 2019), DYSAT (Zhao et al. 2020)), inher-
ently trading off between temporal granularity and the global
structural context. Local message-passing networks further
suffer from critical limitations like oversmoothing and over-
squashing, restricting their capacity to identify long-range
and higher-order temporal patterns (Alon and Yahav 2021).
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Moreover, the learned embeddings of these methods are fre-
quently unstable under small perturbations, a notable disad-
vantage in inherently noisy and sparse settings such as neu-
roscience (Hajij et al. 2021).

In contrast, static graph classification techniques have re-
cently made significant progress by leveraging global topo-
logical and spectral descriptors, such as persistent homology
(Immonen, Souza, and Garg 2024; Hiraoka et al. 2024) and
Laplacian density-of-states (DOS) curves (Dong, Benson,
and Bindel 2019), providing robust and expressive graph-
level summaries. However, extending these methods directly
to temporal settings typically demands rigid snapshotting,
compromising temporal resolution.

To bridge this gap, we introduce T3FORMER, a novel
Topological Temporal Transformer specifically designed for
temporal graph classification. T3FORMER effectively in-
tegrates topological signatures and Laplacian DOS vec-
tors through sliding-windows as first-class descriptor tokens
alongside global structural tokens generated by lightweight
per-window graph neural networks. These tokens, enriched
with relative-time embeddings, are effectively fused through
a unified transformer backbone with dedicated Descriptor-
Attention modules, explicitly capturing intricate interactions
among structural, topological, and spectral modalities.

The Descriptor-Attention framework offers significant ad-
vantages: (1) it maintains fine-grained temporal resolution
without ad-hoc snapshot discretization; (2) it enhances ro-
bustness through topological invariants; (3) it leverages
mesoscopic structural insights provided by spectral descrip-
tors; and (4) it ensures principled cross-modal integration
via transformer-based attention rather than simple concate-
nation. Empirically, we demonstrate the superior perfor-
mance of T3FORMER across standard benchmarks spanning
social networks, dynamic brain connectivity graphs, and
traffic networks, establishing new state-of-the-art results.
Our extensive experiments further confirm the method’s ro-
bustness, interpretability, and resilience to perturbations.

In summary, our contributions include:

* T3FORMER, a novel temporal graph classification model
that integrates sliding-window topological and spectral
descriptors via dedicated cross-attention modules.

* Descriptor-Attention, a transformer-based fusion mecha-
nism that unifies structural, topological, and spectral in-
formation.



* Theoretical stability guarantees showing bounded sen-
sitivity of topological and spectral descriptors to minor
graph perturbations.

* We introduce new temporal graph classification datasets
adapted from real-world traffic networks.

» Extensive experiments on social, brain connectivity, and
traffic network benchmarks, demonstrating state-of-the-
art performance, robustness, and broad applicability.

2 Background
2.1 Related Work

Temporal Graph Neural Networks. Temporal graph
neural networks (TGNNs) and graph transformers have
emerged as a popular framework for modeling dynamic
graphs, where nodes, edges, and features evolve over time.
A common strategy in TGNNs is to partition the tempo-
ral graph into discrete snapshots, apply graph neural net-
works (GNNs) to obtain node or graph representations for
each snapshot, and then model the temporal evolution of
these representations using sequence models such as recur-
rent neural networks (RNNs) or transformers. Representa-
tive examples include EVOLVEGCN (Pareja et al. 2020),
which adapts GCN parameters through recurrent updates,
and DYGFORMER (Yu et al. 2023), which models dynamic
events through temporal point processes. More recent meth-
ods such as TGN (Rossi et al. 2020) leverage memory
modules to capture fine-grained temporal dependencies be-
tween node interactions. While effective for dynamic predic-
tion tasks such as link prediction or event forecasting, these
methods often rely heavily on local neighborhood aggrega-
tion and sequential modeling of embeddings, making them
sensitive to temporal noise and structural perturbations.

Topological Methods for Temporal Graph Learning.
An alternative to sequence modeling over learned embed-
dings is to focus on improving the snapshot representations
themselves using topological methods. Topological mod-
els utilizing persistent homology have recently become a
strong alternative to GNNSs, especially in graph-level learn-
ing (Loiseaux et al. 2024; Chen, Frias, and Gel 2024; Verma,
Souza, and Garg 2024) as they have proven highly effec-
tive for capturing higher-order structural patterns in static
graphs. In the context of dynamic or temporal graphs, re-
cent works such as TAMP-S2GCNETS (Chen et al. 2022),
GRAPHPULSE (Shamsi et al. 2024), and Dynamic Dowker
Filtrations (Ye et al. 2023) demonstrate that topological
summaries can serve as powerful snapshot encoders, signif-
icantly boosting performance and often outperforming tra-
ditional TGNN architectures. Topological methods capture
long-range dependencies and temporal dynamics by model-
ing global and higher-order patterns, without relying solely
on sequential updates.

Prediction-Focused Temporal Learning. Despite these
advances, most temporal learning methods remain fo-
cused on prediction tasks such as dynamic link predic-
tion, node classification, or next-event forecasting. Mod-
els like JODIE (Kumar, Zhang, and Leskovec 2019),
DYREP (Trivedi et al. 2019), TGN (Rossi et al. 2020), and
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APAN (Wang and Zhang 2021) primarily target node- or
edge-level predictions over time. Recent benchmarking ef-
forts such as the Temporal Graph Benchmark (TGB) (Huang
et al. 2023) also emphasize predictive tasks across diverse
domains, highlighting the relative scarcity of methods de-
signed specifically for graph-level classification in temporal
settings. Furthermore, sequence-based models often exhibit
sensitivity to timestamp irregularities and noise, which can
degrade the learned representations when applied to tasks
requiring robust global graph understanding.

Temporal Graph Classification. While much of the re-
search on temporal graph learning has centered around
temporal graph property prediction tasks, the problem of
temporal graph classification remains relatively underex-
plored (Kim et al. 2022). Only a few recent efforts have
extended TGNNs to temporal graph classification (Yang,
Zhao, and Shen 2025; Cai et al. 2021), and many existing
approaches struggle to effectively leverage fine-grained tem-
poral information, particularly when the dynamic evolution
cannot be easily discretized into snapshots (Ekle and Eberle
2024). Recognizing this gap, (Tieu et al. 2024) recently in-
troduced a suite of benchmark datasets and baseline methods
to promote further study of temporal graph classification.
Nevertheless, most current models continue to rely heav-
ily on rigid discretization schemes or sequence-based as-
sumptions, limiting their ability to capture continuous struc-
tural evolution. Our work addresses these limitations by
proposing a hybrid framework that integrates global struc-
tural modeling with timestamp-aware topological and spec-
tral summaries, enabling effective classification of evolving
graphs without requiring fixed snapshot sequences.

2.2 Temporal Graph Learning

Many real-world systems are inherently dynamic, where the
graph structure evolves over time through the addition or
removal of nodes and edges. To capture such temporal be-
havior, graphs can be extended to the temporal domain using
either continuous-time or discrete-time representations.

Let a static undirected graph be defined as G = (V, &),
where V is the set of nodes and £ is the set of edges. Each
node v € V is associated with a feature vector x,, € R?, and
each edge (u,v) € & has a corresponding feature e,,,,. The
neighborhood of a node v is denoted by N (v).

A temporal graph models evolving graphs as a sequence

of timestamped interactions:
G = {(u,v,x,(t),xy(t), €4 (t), t) }1=t,, Where each event
indicates that nodes u and v interacted at time ¢, and x,,(¢),
Xy (t), and e, (t) are the corresponding node and edge fea-
tures at that time.

2.3 Persistent Homology

Persistent Homology (PH) is a central tool in Topological
Data Analysis (TDA) that captures multiscale topological
features such as connected components, loops, and voids
that persist across different scales (Dey and Wang 2022).
Originally developed for point cloud data, PH has since
been successfully extended to graphs, images, and other data
modalities (Coskunuzer and Akcora 2024).



PH typically consists of three main steps: constructing
a filtration, obtaining persistence diagrams, and perform-
ing vectorization. The process begins with filtration, where
a nested sequence of simplicial complexes is built to track
the evolution of topological features. Given an unweighted
graph G = (V, ) and a filtration function f : V — R with
thresholds Z = {«; }, we construct subgraphs G¢ = (V;, &;),
where V;, = {v € V | f(v) < «a;} (See Figure 1 for
toy example). The filtration function can be based on graph
structural properties (e.g., degree, betweenness centrality)
or derived from domain-specific information (e.g., atomic
number in molecular graphs). For weighted graphs, edge
weights can also serve as a natural filtration (Coskunuzer
and Akc¢ora 2024). The primary goal is to establish a hierar-
chy among nodes or edges that yields a meaningful sequence
of subgraphs aligned with the downstream task. In temporal
graphs, a natural choice would be timestamps on edges as a
valuable filtration function.
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Figure 1: Graph Filtration: For G = G5 in both examples, the
top figure illustrates a superlevel filtration using the node
degree function with thresholds 3 > 2 > 1, where nodes
of degree 3 are activated first, followed by those of lower
degrees. Similarly, the bottom figure illustrates a sublevel
filtration based on edge weights with thresholds 1.5 < 1.8 <
2.1.

Once the subgraphs are defined, each G' is extended to its
clique complex G, producing a sequence G} C G2 C --- C
_C’TN . As the filtration evolves, topological features such as
connected components (0-holes), loops (1-holes), and cav-
ities (2-holes) emerge and disappear. Each k-dimensional
feature o is associated with a birth index b, and death in-
dex dy (1 < by, < d, < N), recorded as a point (b, d,)
in the k-th persistence diagram PD(G) = {(bs,ds) | 0 €

H(G")}. Since persistence diagrams are sets of points in
R2, a vectorization step is necessary for compatibility with
machine learning models. Techniques such as persistence
images, landscapes, silhouettes, and Betti curves (Ali et al.
2023) are commonly used to transform diagrams into fixed-
size feature representations.

While PH effectively captures complex structural pat-
terns, its integration into temporal graph learning remains
challenging. Most prior methods are limited to static graphs
and fail to model evolving topological features. Addition-
ally, combining PH summaries with temporal dynamics and
node attributes is nontrivial. To address these issues, we pro-
pose a hybrid framework that extracts topological descrip-
tors from temporal subgraphs, aligning them with sliding
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windows to track structural changes over time. This enables
scalable, interpretable temporal graph classification without
relying on rigid snapshots or heavy discretization.

2.4 Density of States for Graphs

The density of states (DoS) is a classical concept from spec-
tral graph theory that captures the distribution of eigenvalues
of a graph Laplacian (Chung 1997). It provides a coarse-
grained summary of the graph’s structural complexity, bot-
tlenecks, and connectivity properties.

Given an undirected graph G = (V, ), let L denote its
normalized Laplacian matrix. The eigenvalues of L, denoted
by {\;}}Y), lie within the interval [0,2]. The DoS is then
defined as the empirical distribution of these eigenvalues:

VI

DoS(\) = ﬁ Z S = \)

where J(-) denotes the Dirac delta function.

In practice, the DoS is approximated by constructing
a histogram over a fixed number of bins partitioning
[0, 2] (Dong, Benson, and Bindel 2019). This yields a com-
pact and interpretable vector representation that captures key
spectral characteristics of the graph. The resulting descriptor
is permutation-invariant, robust to small perturbations in the
graph structure, and encodes information about fundamental
graph properties such as connectivity, expansion, and com-
munity structure (Spielman 2011). When applied to tempo-
ral graphs, the DoS computed over sliding subgraphs pro-
vides a dynamic signature of the evolving spectral complex-
ity (Huang et al. 2024), complementing topological features.

3 Methodology

We propose a hybrid framework that integrates global struc-
tural modeling with timestamp-aware topological and spec-
tral descriptors for temporal graph classification. Our ap-
proach is composed of four key components: temporal filtra-
tion via sliding windows, topological and spectral descriptor
extraction, static graph construction with temporal node fea-
tures, and a unified classification architecture that combines
multiple embeddings through self-attention.

3.1 Temporal Filtration via Sliding Window

A fundamental obstacle in temporal graph classification is
that interactions arrive as continuously timestamped events
rather than as a predetermined sequence of discrete snap-
shots. To address this, we introduce a temporal filtration
framework inspired by persistent homology, in which the
timestamp annotation itself induces a filtration over the un-
derlying static graph.

Formally, let G = (V, £, 7) denote a temporal graph with
node set V, edge set £, and the relation 7 : £ — R as-
signing each edge its timestamp (or multiset of timestamps
for repeated interactions). Given a window length 6 > 0,
we define a family of subgraphs G ;15 = (Vt, Et), where
E={eec&|T(e) e t,t+d}and Vs = {u eV |
Je € & withu € e} (See Figure 4 for toy example). To
control the granularity of the sliding windows, we also use
a stride parameter ¢ € (0, ) that defines the step size of



the windowing process, resulting in the filtered sequence
Gi = Glio, io+s) (See Appendix B.5).

This sliding-window construction yields a pseudo-
filtration in time, where each edge may naturally appear
in multiple windows if it carries multiple timestamps. Cru-
cially, our approach avoids collapsing an edge to a single
timestamp (e.g. min, max, or average), which can obscure
temporal patterns. By avoiding coarse snapshotting, tempo-
ral filtration preserves high-resolution dynamics and yields
a structured subgraph sequence that captures both local tran-
sitions and global evolution.
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Figure 2: Sliding window construction: DoS and Betti vectors
{A:}) are extracted for each induced subgraph G; = Gy 1.6

3.2 T3Former

We present T3FORMER, a Topological Temporal Trans-
former framework that effectively incorporates topological
and spectral signatures of the temporal graph into a unified
graph transformer architecture.

Topological Descriptor Vectors. For each subgraph
Git,t+5)» We compute a topological descriptor vector:

oy = {|Vt|a|gt|760(é[t,t+5])aBl(é[t,t+5])7 where

G t,t+5] denotes the clique complex of Gj; ;1 5), and fo,
(1 denote the zeroth and first Betti numbers, respectively.
These features capture key aspects of connectivity and cyclic
structure over time, providing interpretable and noise-robust
summaries of the evolving graph topology.

Spectral Descriptor Vectors. In parallel, we capture
spectral properties of each subgraph using its density of
states (DOS) vector. Given the normalized Laplacian L, of
Git,t+5)> the DOS is approximated by a histogram over the
eigenvalues: ¢, = Histogram(Eigenvalues(L;)).

The DOS provides a complementary, geometry-sensitive
representation of the graph, encoding notions such as graph
complexity, bottlenecks, and expansion properties.

Global Structural Modeling via Graph Neural Network.
While the topological and spectral descriptors extracted
through the sliding window model fine-grained temporal dy-
namics, we also capture global structural patterns by apply-
ing a Graph neural network GSAGE (Hamilton et al. 2017)
to the full static graph G (ignoring timestamps). To incorpo-
rate temporal activity, we assign each node a binary feature
vector of length |7|, temporal degree (see Appendix B.1),
where each entry in a node’s feature vector is set to 1 if
the node is involved in at least one edge at that time step,
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Figure 3: T3Former Flowchart: Given a temporal graph
G = (V,&,7), GraphSAGE generates time-aware structural
embeddings. In parallel, a sliding-window module extracts
topological (Betti) and spectral (density of states) vectors.
These sequential features are processed through a Trans-
former to capture temporal dependencies. An attention-
based fusion module merges the multi-view representations,
which are then passed through a final neural layer for graph
property prediction.

and 0 otherwise. This encoding enables the static graph to
reflect temporal behavior while preserving its overall struc-
ture. Given initial node features (e.g., temporal degree, clus-
tering coefficient, or learned embeddings), GSAGE gener-
ates node embeddings, aggregated via global pooling into a
holistic graph-level representation.

Integration and Classification. Topological (¢;) and
spectral (v;) descriptors are processed through a Trans-
former encoder, yielding two streams of temporal embed-
dings that capture localized structural dynamics. These are
combined with global embeddings from GSAGE. A self-
attention mechanism adaptively fuses the three views, and
the resulting embedding is passed to a linear layer for final
graph classification.

The T3FORMER architecture (Figure 3) uses Graph-
SAGE to encode time-agnostic global structure, applies a
sliding-window filtration to extract timestamp-aware topo-
logical and spectral features, and fuses these views via at-
tention and a transformer encoder, capturing both high-level
global structures and fine-grained temporal dynamics in a
scalable framework for temporal graph classification.

3.3 Stability of Topological and Spectral
Descriptors

For temporal graph classification, robustness to small per-
turbations in the graph structure is critical, particularly in
real-world settings where data may be noisy, incomplete,
or prone to timestamp inaccuracies. In T3FORMER, we uti-
lize topological and spectral descriptors that are inherently
stable: small changes to the graph, such as edge insertions
or deletions for given time periods induce only bounded



changes in the extracted features. This stability ensures that
the learned representations are resilient to noise and minor
fluctuations over time, which is essential for reliable tempo-
ral graph classification.

We formalize these stability properties below. First, we
prove the stability of our topological descriptors. Notice that
our theorem is more general, and it applies to any sliding
window g[t’t+5] .

Theorem 3.1 (Stability of Topological Descriptors). Let
G = (V,E) be a graph and let 71,79 : € — R be two
timestamp functions on G. Then, for k > 0, we have

Hgk(g,ﬁ) - Ek(g772)||1 <Cp -l — 12l

where Ek (G, ;) represents the Betti vector corresponding to
PDy (G, 7:) obtained by sublevel filtration with respect to ;.

Next, we show the stability of our spectral descriptors.

Theorem 3.2 (Stability of Spectral Descriptors). Let G and
G’ be two temporal graphs differing by at most k edge
modifications (insertions or deletions) within any window
[t,t+0). Then, the Wasserstein distance between the spectral
descriptors 1y and 1)} is bounded by Ck/n, where n = |V|

and constant C' depends on the eigenvalue distribution.

The proofs of the theorems are given in Appendix A.

4 Experiments
4.1 Experimental Setup

Datasets. For the temporal graph classification experi-
ments, we employed benchmarks across three domains:
social, brain, and traffic networks. The social-network
datasets consist of five temporal graphs from the TU-
Dataset collection, Infectious, DBLP, Tumblr, MIT,
and Highschool (Morris et al. 2020). The brain-
network benchmarks are drawn from the NeuroGraph col-
lection and include DynHCP-Task, DynHCP-Gender,
and DynHCP-Age (Said et al. 2023). The traffic bench-
marks are derived from the PEMS collection, PEMS04,
PEMS08, and PEMSBAY, (Guo et al. 2019). These traffic
datasets were originally designed for temporal regression
tasks; to enable classification, we reformulated them as bi-
nary and three-class temporal graph classification problems.
Our adaptation extends their utility to new learning settings.
Key dataset characteristics are summarized in Table 1, with
additional details on temporal structure and task definitions
provided in Appendix B.1.

Task. We focus on temporal graph classification, where
each graph G has timestamped edges capturing structural
evolution over time. The label y is fixed and time-invariant.
The goal is to predict y by leveraging temporal connectivity
patterns and relevant domain-specific signals.

Model Configuration. We select the window length § = 6
and stride o = 4 based on validation (Appendix B.5), result-
ingin N = {ww + 1 windows per temporal graph.
From each window, we extract the following information:

» Topological tokens: Betti-0 and Betti-1 computed from
the clique complex of each window.
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Dataset Graphs Class Avg.Node Avg.Edge* timesteps
Infectious 200 50.00 459.72 48
DBLP 755 52.87 99.78 46
Tumblr 373 53.11 71.63 89
MIT 97 20 1469.15 5576
Highschool 180 52.32 544.81 203

DynHCP-Task 7443 100 843.04 34

[OSIN NS RN B ST (ST (S NS S

DynHCP-Gender 1080 100 874.88 34
DynHCP-Age 1067 100 875.42 34
PEMS04 708  2/3 307 680 24
PEMSO08 744 273 170 548 24
PEMSBAY 2172 273 325 2694 24

*Avg. Edges counts edge occurrences per snapshot (with repeats)

Table 1: Temporal Graph Classification datasets.

» Spectral tokens: Degree of Spectrality (DoS) histogram
with 4 bins over the normalized Laplacian spectrum.

* Global encoder: A 2-layer GSAGE encoder (Hamilton
etal. 2017) is applied to the static graph, using either tem-
poral degree features or domain-specific node features.

Topological and spectral tokens are processed through sepa-
rate Transformer encoders, while the static graph with node
features is encoded using GSAGE. To better exploit tem-
poral information in node features, we replace the standard
one-hot degree vectors with temporal degree vectors as ini-
tial embeddings (Appendix B.2). Each of the three branches
produces a 10-dimensional temporal graph representation.
These are concatenated into a 30-dimensional representa-
tion, which is then passed through a self-attention layer to
adaptively fuse the information. The final attended represen-
tation is fed into a linear layer for classification.

Training Details. We train our model using the Adam
optimizer with a cross-entropy loss function and a weight
decay of le—4. Hyperparameter tuning is performed
via grid search over the following ranges: learning rate
{0.01,0.005,0.001}, dropout rate {0.0,0.3,0.5}, and hid-
den dimensions {16, 32, 64, 128}. For the social and traffic
networks, we follow a 5-fold cross-validation protocol con-
sistent with the experimental setup in (Tieu et al. 2024). For
the brain network dataset, we adopt a 70/10/20 train/valida-
tion/test split using the same random seed as the baseline
paper (Said et al. 2023). Our implementation is written in
Python and experiments are conducted on a server equipped
with an NVIDIA H100 NVL GPU and 768 GB of RAM.

Computational Complexity and Runtime. Letn = |V)|,
m=|E],and N = [M +1 be the number of slid-

ing windows. Temporal filtration takes O(m) per window
(total O(IN'm)), topological descriptors cost Ciopo(n, m)
per window (worst-case O(n?), typically O(m®) for sparse
graphs where w < 2.4 (Otter et al. 2017; Milosavljevic
et al. 2011)), and spectral DOS extraction with k£ Lanc-
zos/Chebyshev steps requires O(km) per window (Weisse
et al. 2006). Running GSAGE with L layers and hidden di-
mension d on the static graph costs O(Lmd), and fusing the



Method Infectious DBLP Tumblr MIT Highschool

Shortest Path (Borgwardt et al. 2005) 67.00+7.50 56.00+4.90 58.00+14.30 50.80+2.90 56.00+8.00

Kernels Random Walk (Vishwanathan et al. 2010) 67.00+7.30 53.00+5.80 58.00+11.20 56.80+14.20 53.74+5.40
WL-Subtree (Shervashidze et al. 2011) 60.00+4.40 52.00+6.80 57.00+12.10 55.50+11.40 55.20+8.20

GSAGE (Hamilton et al. 2017) 58.00+4.11  56.2940.66 59.78+4.95 T72.00+9.91 62.78+7.51

Static  Graph2Vec (Narayanan et al. 2017) 56.50+£8.10  53.90+3.10 54.70+7.10 52.20+10.10 57.60+7.00
GNNs  NetLSD (Tsitsulin et al. 2018) 62.50+6.10 55.80+3.50 55.20+4.60 60.10+12.40 55.20+5.90
GL2Vec (Chen and Koga 2019) 54.50+5.10 56.20+3.00 55.80+8.00 55.20+4.80 57.60+4.10

TGN (Rossi et al. 2020) 52.00+1.90 58.00+0.30 51.70+2.50 60.23+5.37 63.33+6.83
Temporal EvolveGCN (Pareja et al. 2020) 52.10+9.30 40.00+8.90 39.50+8.90 40.00+9.45 41.73+9.32
GNNs  GraphMixer (Cong et al. 2023) 50.00+0.00 56.30+1.10 50.90+5.00 56.2843.33 57.61+7.88
Temp-G3NTK (Tieu et al. 2024) 74.00+5.80 60.00+6.30 63.00+6.80 58.40+11.50 58.10+4.20

Ours  T3Former 68.50+6.30 60.90+0.70 63.20+3.20 73.16+4.13 67.20+3.20

Table 2: Social Networks: Temporal graph classification accuracy results on social network datasets, following the Temporal

Graph Benchmark (Tieu et al. 2024).

PEMS04 PEMS08 PEMSBAY
Method
Binary Multi Binary Multi Binary Multi

GSAGE 85.31+3.48 80.79+437 9341+1.11 85.62£199 8461+1.74 71.40+6.10
GAT 87.42+£6.32 84.59£5.20 92.61+237 86.69+3.78 93.39+£0.43 88.30£3.93
UniMP 86.73£5.06 80.93+£4.38 93.28+1.95 85.49+3.00 90.60+8.04 73.51+£38.08
Graphormer 93.64+1.76  90.26£548 93.82+£3.09 87.71+£289 94.08+0.49 89.93+1.49
TGN 86.30 +4.11  80.09 £3.25 90.73+2.66  83.87+£3.19 9544+1.15 88.85+1.30
GCN+LSTM  91.18 £3.26  86.02+1.61 90.056+£1.86  84.81+£2.77 9486+2.21 8547+ 2.52
TGAT 90.85+7.18  86.02+3.18  82.77+£9.49  87.23£3.21 94.08+£2.64  88.75+4.66
T3Former 96.76 +1.92 92.66+1.93 95.16+1.50 89.65+2.02 96.68+1.30 92.35+1.52

Table 3: Traffic Networks: Temporal graph classification accuracy results on traffic network datasets, evaluated under both

binary and 3-class label settings.

Method Task Gender Age
GSAGE (Hamilton et al. 2017)  90.93  66.20  40.65
GAT (Veli¢kovic et al. 2018) 89.67 67.13 4439
k-GNN (Morris et al. 2019) 73.03 6845 4425
UniMP (Shi et al. 2020) 89.66 7230 4441
Gen-GNN (You et al. 2020) 68.84  62.04  42.99
T3former 90.76 75,79  58.73

Table 4: Brain Networks: Temporal graph classification ac-
curacy results on brain networks, following NeuroGraph
benchmark (Said et al. 2023).

DoS and Betti sequences of length NV via self-attention in-
curs O(N2d + Nd?). Hence, the overall complexity is

O(N (m+Clopo(n, m)+km) + Lmd + (N?d+Nd?)),
which remains practical for moderate n, m, and N.

Our model demonstrates a clear computational advantage
by efficiently integrating temporal information without the
need for separate static GNN processing followed by se-
quential learning. This streamlined design results in signif-
icantly reduced runtime. On the large-scale Task dataset,
a complete run of our model takes approximately 98 min-
utes. More notably, for a single fold, our model requires
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only 5.34 minutes, whereas the GCN+LSTM baseline takes
84.42 minutes under the same configuration, making our ap-
proach roughly 15 times faster. The detailed runtime com-
parison is presented in Appendix B.1, highlighting the effi-
ciency and scalability of our method.

4.2 Results

Baselines. We evaluate T3FORMER across three domains:
social, brain, and traffic networks. For social networks, we
adopt the Temporal Graph Benchmark (Tieu et al. 2024).
Comparison models include (i) Graph kernel methods such
as WL-SUBTREE, SHORTEST-PATH, and RANDOM-WALK,
which respectively capture neighborhood structures, path-
length distributions, and walk-based similarities; (ii) Static
GNNs including GSAGE (inductive message passing),
GRAPH2VEC (skip-gram on rooted subgraphs), NETLSD
(spectral heat trace descriptors), and GL2VEC (graphlet-
based features); and (iii) Temporal GNNs such as GRAPH-
MIXER, TGN, EVOLVEGCN, and TEMP-G3NTK, which
incorporate temporal dynamics through attention, memory
modules, or time-aware kernels. For brain networks, we
follow the NeuroGraph benchmark (Said et al. 2023), com-



Social Networks Brain Networks Traffic Networks
Method Infect. DBLP Tumblr MIT HSchool \ Task Gender Age \ P04-2 P04-3 P08-2 PS08-3 PBAY-2 PBAY-3
GSage 58.00 56.29 59.78  72.00 62.78 91.57 63.83 37.55 | 8531 80.79 93.41 85.62 84.61 71.40
Topo+Tr 63.50  58.60 61.70  61.90 63.90 22.10 58.80 45.64 | 85.03 69.63 80.11 71.51 94.54 81.22
DoS+Tr 65.00  59.80 61.90 70.10 65.00 23.31 57.87 4583 | 8249 67.66 78.09  68.55 89.46 76.61
Concat-Fuse  63.50 58.94 63.00 72.16 65.56 90.58 73.58  57.78 | 9590 92.52 95.03 89.92 96.82 90.47
T3Former 68.50  60.90 63.20 73.16 67.20 \ 90.76  75.79  58.73 \ 96.76  92.66 95.16 89.65 96.68 92.35

Table 5: Ablation Study: Comparison of the standalone performance of each component in our architecture. Concat-fuse repre-
sents concatenation of these features instead of attention-based integration.

paring against UNIMP, K-GNN, GAT, GSAGE, and GEN-
GNN. Relevant references are provided in Tables 2 and 4.
In traffic networks, we additionally evaluate against the
transformer-based GRAPHORMER (Ying et al. 2021), as well
as temporal baselines including TGN (Rossi et al. 2020),
GCN+LSTM (Yu et al. 2018), and TGAT (Xu et al. 2020).

Social Network Results. Table 2 compares T3FORMER
against classical graph kernels, static GNNs, and recent tem-
poral GNNs on five temporal social graphs. Graph kernels
and static GNNs achieve only moderate accuracy and ex-
hibit wide variations across datasets, while temporal GNNs
improve on some networks but remain uneven in others.
In contrast, T3FORMER delivers consistently strong per-
formance on every benchmark, outperforming most base-
lines on each dataset and narrowing the gap to the very
best method where it does not lead outright. This uniform
gain highlights the strength of our hybrid design: by fusing
timestamp-aware topological signatures with spectral de-
scriptors through self-attention, T3AFORMER robustly cap-
tures both local dynamics and global structure in evolving
graphs.

Traffic Network Results. The temporal graph classifica-
tion accuracy across three benchmark datasets, PEMS04,
PEMSO08, and PEMSBAY, under both binary and 3-class la-
bel settings is presented in Table 3. Our proposed model,
T3FORMER, consistently outperforms all baseline meth-
ods across all settings. In particular, T3FORMER achieves
the highest accuracy on every task, with an average gain
of 1.90% and 2.25% over the best-performing baseline for
the binary and multi-class settings, respectively. Among
the baselines, the transformer-based GRAPHORMER and in-
ductive GNNs such as GSAGE and GAT perform com-
petitively but fall short in capturing fine-grained tempo-
ral dynamics. For a fair comparison, static GNN base-
lines are evaluated on concatenated node features across
all time steps, effectively flattening the temporal structure.
While some temporal models, such as GCN+LSTM and
TGN, show improvements over static counterparts, they
still underperform compared to T3FORMER, particularly on
more complex multi-class tasks. These results highlight the
strength of our multi-view designed model.

Brain Connectivity Results. Table 4 presents our re-
sults on the three DynHCP tasks alongside the NeuroGraph
benchmarks (Said et al. 2023). T3FORMER delivers compet-
itive performance compared to the top-performing method
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on the task detection, illustrating its ability to capture global
temporal patterns in brain connectivity. It outperforms all
baselines on gender classification and achieves a substantial
gain on age prediction, where modeling fine-grained, evolv-
ing connectivity is particularly challenging. These improve-
ments, together with the strong performance observed on so-
cial and traffic benchmarks, underscore the adaptability and
versatility of T3AFORMER, which consistently delivers supe-
rior results across diverse temporal-graph domains.

4.3 Ablation Studies

We evaluate several ablated variants of T3FORMER (Ta-
ble 5), including a static baseline (GSAGE), unimodal
transformer models based on topological (TOPO-TR) or
spectral (DOS-TR) descriptors, and a non-attentive fusion
model (CONCAT-FUSE). Unimodal variants perform well on
temporally driven datasets (e.g., Infectious, Tumblr)
but degrade in feature-dominated settings (e.g., Task),
while GSAGE shows the opposite behavior due to limited
temporal expressiveness.

This complementary nature strongly motivates the adap-
tive cross-modal integration provided by T3FORMER’s
Descriptor-Attention mechanism. As shown in Table 7, at-
tention allocation varies significantly across datasets, struc-
tural embeddings dominate social network tasks, whereas
topological and spectral descriptors receive higher weights
in certain traffic and brain network scenarios. Such adap-
tive weighting enables T3FORMER to flexibly harness the
most relevant features, consistently delivering superior per-
formance, robustness, and enhanced representation quality,
as also validated through improved class separation in t-SNE
visualizations (Appendix B.4).

5 Conclusion

We introduced T3former, a temporal graph classification
framework that unifies global topological invariants, spectral
descriptors, and local structural features via a transformer-
based Descriptor-Attention mechanism. Extensive experi-
ments across diverse temporal domains highlight both the
adaptability of T3former and the complementary strengths
of its descriptors, demonstrating superior performance.
Promising future directions include extending T3former to
streaming and continuous-time settings without relying on
predefined sliding windows, exploring adaptive temporal
resolutions, and incorporating additional topological invari-
ants for richer feature extraction.
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