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Abstract—Dynamic graph neural networks, i.e., DyGNNs, have been extensively explored in literature to handle structural and temporal
properties in graphs. On the one hand, there naturally exist distribution shifts in real-world scenarios relevant to dynamic graphs. On the
other hand, the dynamics may further bring extra uncertainties to patterns in dynamic graphs. However, existing DyGNNs merely exploit
variant patterns with respect to labels under distribution shifts, failing to accurately make predictions when there exist distribution shifts
together with uncertain patterns from training data to test data. To deal with this issue, in this paper we propose to handle spatio-temporal
distribution shifts in dynamic graphs via the discovery and utilization of invariant patterns, taking uncertainties in patterns into account,
where the invariant patterns include structures and features whose predictive abilities are stable across distribution shifts. Nevertheless,
we face the following key challenges: i) How to discover the complex invariant and variant spatio-temporal patterns involving time-varying
topological structures and node-level features; ii) How to utilize the invariant and variant patterns to deal with the spatio-temporal
distribution shifts in dynamic graphs; iii) How to handle the pattern uncertainties upon capturing the hidden invariance and variance with a
theoretical guarantee. To tackle these challenges, we propose the Information Bottleneck guided Disentangled Dynamic Graph ATtention
network (IB-D2GAT). Our proposed IB-D2GAT model is able to effectively handle spatio-temporal distribution shifts with uncertainties in
dynamic graphs through discovering variant and invariant spatio-temporal patterns via information bottleneck. Specifically, we propose a
disentangled spatio-temporal attention network to capture the invariant and variant patterns. Next, guided by the information bottleneck
principle, we propose the distribution-based invariance optimization strategy which injects stochasticity into the invariant pattern
identification so as to prevent the variant information from influencing the prediction, thus eliminating the spurious impacts of variant
patterns. We further theoretically show that our proposed tailored invariance optimization strategy can lead to accurately capturing the
invariant patterns with stable predictive abilities and therefore is capable of handling distribution shifts. Experiments on multiple real-world
datasets and one synthetic dataset demonstrate the superiority of our method over state-of-the-art baselines under distribution shifts.

Index Terms—Graph Neural Network, Dynamic Graph Neural Network, Out-Of-Distribution Generalization.

<+

1 INTRODUCTION

Ynamic graphs widely exist in real-world applications,
D including financial networks [} 2], social networks [3! 4],
traffic networks [5} 6], etc. Distinct from static graphs, dynamic
graphs can represent temporal structure and feature patterns, which
are far more complex yet common in reality. Dynamic graph neural
networks (DyGNNs) have been proposed to tackle highly complex
structural and temporal information carried in dynamic graphs, and
have achieved remarkable progress in many predictive tasks [[7 8]

Nevertheless, the existing DyGNNs fail to handle spatio-
temporal distribution shifts naturally existing in dynamic graphs
due to various reasons such as selection bias [9, [10]], survivorship
bias [11], trending [12] etc. For instance, external factors such
as period or market would affect the correlations between the
payment flows and transaction illegitimacy [13] in financial
networks. Interaction patterns in coauthor networks [14] and
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recommendation networks [15] may also be heavily dependent
on trends or communities. DyGNNs will fail to generalize to the
unseen test distributions as long as they follow the existing learning
strategy of highly relying on spatio-temporal patterns, which are
variant under distribution shifts. Moreover, although some methods
target at mining generalized subgraphs for stable performances
under distribution shifts, they follow a static manner in essence that
tries to learn generalized subgraphs with deterministic and static
representations to approximately represent dynamic graph patterns
in the real-world dynamic environment.

To address the problem, we study handling spatio-temporal
distribution shifts in dynamic graphs via discovering and utilizing
invariant patterns where the structures and features whose pre-
dictive abilities are stable across distribution shifts in this paper,
which is highly non-trivial and remains largely unexplored in the
literature with the following challenges.

e« How to discover the complex variant and invariant spatio-
temporal patterns which involve time-varying graph structures
and node features in dynamic graphs?

o How to deal with spatio-temporal distribution shifts in a sys-
tematic way by resorting to the discovered variant and invariant
patterns?

o How to capture the uncertainties of dynamic patterns which are
crucial for modeling dynamic graph data?
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« How to design a theoretically guaranteed optimization objective
which is capable of learning accurate invariant patterns?

To tackle the challenges, we propose a novel DyGNN model,
Information Bottleneck guided Disentangled Dynamic Graph
ATtention network (IB—DZGA. The proposed IB-D?GAT model
is able to handle distribution shifts through discovering and utilizing
invariant spatio-temporal patterns with stable predictive abilities.

In particular, we first propose a disentangled spatio-temporal
attention network to capture the variant and invariant patterns in
dynamic graphs, enabling each node to associate with all its historic
neighbors through a disentangled attention message-passing mech-
anism. Then we propose a spatio-temporal intervention mechanism
that is capable of creating multiple intervened distributions via
sampling as well as reassembling variant patterns across spatial
neighborhoods and time intervals in order to eliminate spurious
impacts from variant patterns. Given that the variant patterns are
highly entangled across nodes, and conducting intervention via
directly generating and mixing up subsets of structures together
with features tends to be computationally expensive, we propose
to approximate the intervention process with summarized patterns
returned by the disentangled spatio-temporal attention network
rather than the original structures and features. We further propose
an invariance regularization term to minimize prediction variance
in multiple intervened distributions, enabling the capability of cap-
turing and utilizing invariant patterns with stable predictive abilities
to make predictions under distribution shifts. In order to handle
uncertainties in patterns, we next propose a distribution-based
invariance optimization objective derived from the information
bottleneck (IB) principle, which is able to eliminate the spurious
impacts of variant patterns and identify the invariant patterns with
stable predictive ability, taking uncertainties into account.

We theoretically prove that our proposed IB-D?GAT model
can accurately capture the invariant patterns for generalizing under
distribution shifts. Extensive experiments on five real-world and
synthetic datasets demonstrate the superiority of our proposed
IB-D?GAT model over state-of-the-art under distribution shifts.

The contributions of our work are summarized as follows:

e We propose Information Bottleneck guided Disentangled
Dynamic Graph Attention Network (IB-D?GAT), which can
handle spatio-temporal distribution shifts in dynamic graphs.
This is the first study to handle spatio-temporal distribution
shifts in dynamic graphs with information bottleneck regular-
ization, to the best of our knowledge.

o We propose a disentangled spatio-temporal attention network
to capture variant and invariant graph patterns, as well as
design a spatio-temporal intervention mechanism for the
creation of multiple intervened distributions such that the
spurious impacts from variant patterns will be eliminated, and
the invariant patterns can be fully utilized.

e« We propose a distribution-based invariance optimization
strategy based on information bottleneck, taking uncertainties
into consideration, to accurately capture the invariant patterns
and eliminate the spurious impacts of variant patterns for
generalization under distribution shifts.

o Experiments on four real-world datasets and one synthetic
dataset demonstrate that our proposed IB-D?GAT model
is superior against state-of-the-art baselines on both node
classification and link prediction tasks.

1. The codes of this work are publicly available at https://github.com/
THUMNLab/IB-D2GAT

In particular, compared with the most relevant work [16], this
manuscript makes the following significant contributions:

1) The proposed IB-D?GAT model in this manuscript is able
to handle uncertainties in dynamic patterns through learning
invariant patterns on dynamic graphs via the information
bottleneck guaranteed objective, which is able to further
improve the generalization ability of dynamic graph neural
networks under spatio-temporal distribution shifts. This is the
first study of spatio-temporal distribution shifts in dynamic
graphs with information bottleneck regularization, to the best
of our knowledge.

2) Our newly proposed distribution-based invariance optimization
can inherently boost the invariance property of the invariant
patterns in the training process by incorporating stochasticity
without bringing in extra time and memory complexity.

3) IB-D?GAT jointly integrates the uncertainty-aware invariant
pattern identification and information bottleneck objective into
an end-to-end optimization framework, so that it becomes pos-
sible to make accurate out-of-distribution (OOD) generalized
predictions based on invariant patterns.

4) We analyze why the IB principle is not only applicable but also
essential for DyGNNs under spatio-temporal distribution shifts,
as outlined below:

a) Temporal Uncertainty and Spurious Patterns: Dynamic
graphs often exhibit time-varying patterns whose predictive
value fluctuates across time and environments. Simply
learning from observed spatio-temporal correlations risks
overfitting to transient, variant patterns. The IB principle
provides a principled mechanism to suppress these spurious
patterns by constraining mutual information with the input
while preserving label-relevant signals.

b) Spatio-Temporal Disentanglement: In DyGNNs, both
structure and feature information evolve across time. This
dynamic nature introduces entangled variant and invari-
ant components that are more difficult to separate than
in static graphs. By integrating the IB principle with
disentangled spatio-temporal attention, our method learns
compact, uncertainty-aware representations that preserve
causal invariance and discard unstable variations.

¢) Theoretical Soundness under Dynamic Shifts: We ex-
tend the IB principle to dynamic graphs by designing
a distribution-based invariance objective (Eq. (I8)) and
provide a theoretical guarantee (Theorem. [T]in Section
showing that optimizing our IB objective leads to accurate
recovery of invariant patterns under spatio-temporal shifts.
This grounding further supports its use in dynamic settings.

d) First to Integrate IB with Dynamic Graphs under
Distribution Shifts: To the best of our knowledge, this
work is the first to apply the IB principle to DyGNNs in
the context of OOD generalization, offering a theoretically
justified and empirically validated framework for handling
spatio-temporal distribution shifts.

5) More extensive experiments are conducted to demonstrate that
IB-D?GAT can achieve significant improvement over the state-
of-the-art baselines, including the original model proposed in
the previous conference paper.

2 RELATED WORKS

We review related works in this section, covering dynamic graph
neural networks, out-of-distribution generalization, and disentan-
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gled representation learning. structural causal models under the assumption of independence
between cause and effect to learn graph representations adaptable
2.1 Dynamic Graph Neural Networks across different size distributions for graph classi cation. Another

Dynamic graph neural networks (DyGNNSs) have garnered Sign?_pproach 33 employs data augmentation by interpolating node

. . 2 eatures and graph structure in the embedding space to enhance
cant attention for addressing the intricate structural and tempo D generalization. Techniques in araph self-sunervised learnin
dynamics within dynamic graphs/[[8]. Typically, DyGNNs g ) d grap P 9

integrate a GNN to encapsulate structural details at each temp&%ﬂ' 55’.SGJ and expla_ma_tory method_:STj show promise n
. L . addressing structural distribution shifts in grap/b8][ Time-series
instance, which is then processed by a sequential model such a:

S N ) "
RNN [17, [18, [13, 20] or temporal self-attention mechanisE]. dg{é distribution shifts are also a critical area of OOD research

. : . 12, 159, 60, 61, 62, 63, 64], with studies like L2] proposin
For instance, GCRN(] leverages graph convolutional rmworkémethods to adjust for sta]tistical changes ovg-r ]tiI’F:'IeFi[O ao?dress
to capture structural nuances at each timestamp and employds

. . . . L . i<tribution shifts. Despite these advancements, the challenge of
GRU to depict graph evolution over time, with variational mferencg atio-temporal distribution shifts in dvnamic araphs. intearatin
applied to represent node dynamics in a latent spi€le DySAT P P y graphs, 9 g

2] employs a methodology akin to graph attention networks %oth structural and temporal changes, remains underexplored. This

- . . aper pioneers the investigation of spatio-temporal distribution
assimilate neighborhood data at each snapshot and utilizes temporal ~ . . . o
self-attention for temporal data aggregation, enabling the modet > " dynamic graphs, marking a novel contribution to the-eld.
to assign adaptive weights based on past graph contexts. Certain . .
studies 7, [18] adopt hyperbolic space for embedding dynamié-3 Disentangled Representation Learning
graphs, leveraging the space's hierarchical structuring and expBime goal of learning disentangled representations is to de-
sive capacity. Another approach within DyGNNs incorporates timeempose the observed data into multiple underlying factors,
encoding techniques to depict temporal links, followed by spatiehch represented by distinct vectors, as outlinedébj. [This
or memory modules to analyze structural d&@3, 23, 24, [25], methodology is widely applied in elds such as computer vision
such as TGAT's[24] use of functional time encoding based or{66, 67, 68, 69, 70, 71, 72, 73] and recommendation systems
Bochner's theorem to enable time-re ective node embeddings. To4, 75, 76, 77, 78, 79, 80, 81]. In recent advancements, graph data
achieve nuanced continuous node embeddings, some methodologéesbeen addressed through the introduction of disentangled Graph
integrate neural interaction processg§][and ordinary differential Neural Networks (GNNs)d2, 83, 84]. DisenGCN B5] innovates
equations|27]. For instance, EvolveGCN1B] offers a unique in disentangled node representation by integrating a neighborhood
perspective by evolving the parameters of graph convolutiomaluting mechanism within graph convolution networks to segregate
networks via RNNSs, facilitating adaptability to node set changésctors in uencing node connections. IPGDNg aims for
without requiring full temporal node knowledge. DyGNNs ndindependence among graph latent factors by reducing their mutual
utility in diverse applications like dynamic anomaly detectiodependence using a kernel-based approach. Factor@@Nflits
[28], event prediction(29], dynamic recommendation systemshe input graph into various factor graphs that are individually
[3Q], social character assessme8f][ user modelingl32], and processed by distinct GCNs, allowing for the dissection of the
temporal knowledge graph completioB83[. This paper delves graph into factorized representations. DG@8][and IDGCL
into the understudied area of spatio-temporal distribution shifts [[B9] focus on acquiring disentangled graph-level representations
DyGNNSs, contributing a new dimension to the existing literaturarough self-supervision, minimizing bias from supervised learning.

on dynamic graph neural networks. However, these methods are typically suited for static graphs and
might not effectively disentangle factors considering the structural
2.2 Out-of-Distribution Generalization and temporal attributes of graphs. Additional research has been

The prevalent assumption in most machine learning methodolog?:eonducred on decomposing deep generative models based on node,

is the independence and identical distribution of training and testieége’ static, dynami®f}, or spatial, temporal, and graph factors
. . . : ﬁ%l] to enable interpretable generation of dynamic graphs.
datasets, an assumption which may not hold in various real-wo

contexts [B4]. Notably, the potential distribution shifts between . .

the training and testing datasets could signi cantly degrade tRe* Graph Invariant Learning

model's performance. To address this issue, the Out-of-Distributi@raph invariant learning has emerged as a powerful approach for
(OOD) generalization issue has emerged as a focal point of reseagcaph representation learning, focusing on capturing the stable
across numerous eld8H, 35,136,(37,138,139]. In this vein, IRM relationships between graph data and tasks. Recent works have
[40Q] represents a notable approach to OOD generalization, striviagplored various applications of graph invariant learning in out-
to develop an invariant predictor that minimizes empirical risksf-distribution generalizationlp, 44, 48, 85, 92]. For instance,
across training domains, thereby ensuring consistent classi er dbtR [43] discovers causal rationales that remain invariant across
representation performance across various environments. Sififferent distributions while Itering out spurious patterns that
larly, GroupDRO 1] focuses on minimizing the risks for theare unstable. EERM4H] proposes Explore-to-Extrapolate Risk
worst-performing groups within the training domains, prioritizindMlinimization, an invariant learning framework that leverages
domains where the model incurs higher errors. VRE3 pims adversarially trained graph structure editors to create virtual
to diminish the risk variability across training domains, thusnvironments, enabling GNNs to extrapolate from a single observed
mitigating the model's vulnerability to distributional changesnvironment for robust node-level prediction. GR3[ addresses
Recent studies have also delved into addressing distribution shifte challenge of OOD generalization in graphs by identifying
in graph datal1Q, 43, 44, 45, 46, 147, 148, |49, |50, 51], where invariant subgraphs, inferring latent environments from variant
shifts might occur in graph topologies, such as graph sizes astductures. However, these methods primarily focus on structural
structural attributes. For instance, certain reseé@hdonstructs distribution shifts and do not consider the temporal dynamics



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, OCTOBER 2025 4

inherent in dynamic graphs. In contrast, our work extends the!ABLE 1: The key notations and corresponding descriptions.
concept of graph invariant learning to dynamic graphs, addressirg

. . . . Notations Descriptions
both spatial and temporal distribution shifts. | P
G(k“) Ego-graph trajectory
o i X1iAL Features and adjacency matrix of ego-graph of node k at time t
2.5 Graph Debiasing Learning GL =(X L;AL) Y, | Ego-graphinduced by node k at time t, the node's label
G};k Invariant subgraph for node k's ego-graph at time t
t

Graph debiased learning aims to mitigate the impact of spuri-

. . . Gy, Variant subgraph for node k's ego-graph at time t
ous correlations in graph data, enabling models to learn more M arap ge-arap

N X le:k Embedding of invariant pattern
robust and causally-relevant representations. Recent studies have 7y, Embedding of variant pattern
explored debiasing strategies for improving generalization and  f,:f¢ Classi ers for invariant patterns and full-graph patterns
fairness in graph neural network®4 95, 96]. For instance, DisC mi;my Structural mask of invariant and variant patterns
[95]proposes a disentangled GNN framework that separates causq\ |‘(u); VA \‘, (u) Summarizations of invariant and variant patterns for node u at time t

3 A A - Agg, ();Aggy () Aggregation functions for invariant and variant patterns
and bias substructures via edge masking, encodes them with Hidden embeddings for node u at time t

dedicated GNNSs, and synthesizes counterfactual unbiased samples 10 Mutual information

to improve generalization and interpretability under severe dataset

bias.GraphDE96] introduces a uni ed probabilistic framework

that models latent environments to simultaneously debias GNilthe ego-graph induced by nolleat timet, then the distribution of
training by down-weighting outliers and enable effective OOBraph trajectory can be factorizedjnto ego-graph trajectories similarly
B4, 103, ie., p(Y'jG'™) = T, p(ykiGk). HereY' can be

tection. However, most existing graph iasin r : . .
detectio owever, most existing graph debiasing app Oad?]%de properties or link occurrences between nodes atttinde. An

focus on removing static structural bia_ses gnd 0\_/erlook tri}_?stance ofGL, denoted a€l = (X L:AL) includes nodé and its
challenges posed by temporal or evolving biases in dynamig,op neighbors at timg whereA 't andX & are its adjacency matrix
graphs. In contrast, our work extends graph debiasing to dynaraifd node features, respectively. We summarize the key notations and
settings, addressing both spatial and temporal bias shifts. Differentresponding descriptions in Table 1.

from representative debiasing methods such as D& dnd Dynamic Graph. Consider a grap® with the node seV and the
GraphDE P6|, which primarily target static structural biasesgdge SeE. A dynamic graph can be de ned &= (fG ‘gt ), where

our method extends debiasing to dynamic settings where bia%[e§ the number ogfime stamp&g= (V_;E') is the graph slice at

evolve over time. In particular, our spatio-temporal interventioIme stampt, V = VE E = ‘T=1 E'. For simplicity, a graph
-np ' P P ice is also denoted &8 = (X ';A"), which includes node features

mechanism addresses a fundamental gap, as existing approaghgsdjacency matrix at time We useG' to denote a random variable

are not designed to handle time-varying spurious correlations tiyaat .

emerge and disappear across different temporal contexts. Prediction tasks. For dynamic graphs, the prediction task
can be summarized as using past graphs to make predictions, i.e.

2.6 Graph Causal Inference properties or occurrence of links between nodes at timd . In
Graph causal inference aims to incorporate causal reasoning ithie paper, we mainly focus on node-level tasks, which are commonly
graph representation learning to improve robustness, interpretabifgopted in dynamic graph literatures g]. Following [44, 103, we
and generalization under distribution shifts. Existing studies spiftorize the distribugipn of graph trajectory into ego-graph trajectories,
causal rationale discovery, intervention-based training, and count&-P(Y_ 1 G~) = ", ply" j Gy7). An ego-graph induced from
factual reasoningd7, 98, 99, 100 101]. For example, CaNetl02 nodev at timet is de ned asG, = (X v;Av), whereA is the

X T T I ) : ! - adjacency matrix including all edges in node L -hop neighbors at
introduces causal interventions into GNN message passing to blggke t, i.e. N!, andX ! includes the features of nodes h'. The
spurious correlations and enhance causal feature utilization éptimization objective is to learn an optimal predictor with empirical
OOD generalization. DyGNNExplaine®8] proposes a structural risk minimization:

causal model (SCM)-based generative approach that disentangles Min Eyiaityp o gtopl | GE Yyt )

causal relationships and generates spatio-temporal masks to provide

interpretable insights into the _prfedictions of_dynamic graph neudl o ot is a learnable dynamic graph neural network. We @&,
networks. However, most existing causal inference methods {rto denote the random variable of the ego-graph trajectory and its
graphs focus on static or single-snapshot settings, overlooking thieel, and ¢!, y' to refer to the respective instances.
spatial-temporal causal dependencies critical to dynamic graphs Spatio-temporal distribution shifts. However, the optimal pre-

In contrast, our work extends causal reasoning to dynamic graghistor trained with the training distribution may not generalize well

jointly capturing spatial and temporal causal patterns to impro}fe the test distribution when there exist distribution shifts. In the
generalization in evolving environments. Different from stati terature of dynamic graphs, researchers are devoted to capturing laws

. f network dynamics that are stable in syste@f [L04, 105 106, 107].
causal methods such as CaNE?g and recent dynamic approacheszjowing them, we assume the conditional distribution is the same

like DyGNNEXpIainer 98], our framework integrates CaUE‘:a'l;)tr (Yt ] Glzt) Pt (Yt J Glzl )7 and 0n|y consider the covariate shift
reasoning directly into the learning process through interventigineblem wherey, (G'') 6= g (G!). Besides temporal distribution
based training and information bottleneck constraints, rather thairifts which naturally exist in time-varying data? 59, 60, 61, 62]
focusing solely on post-hoc explanation. and structural distribution shifts in non-euclidean déit3, g4, 109,
there exist much more complex spatio-temporal distribution shifts in
dynamic graphs. For example, the distribution of ego-graph trajectories
3 NOTATIONS may vary across periods or communities.

In this paper, we de ne the uppercase letters as random variables

(e.g.,G), while the uppercase calligraphic letters as samples gf M
variables (e.g.5). We follow previous dynamic graph literature ETHOD
and mainly focus on node-level tasks. Gt denote the random We introduce an intervention-based dynamic graph neural network
variable of the whole graph at timeandG}, the random variable as our base model to handle spatio-temporal distribution shifts in
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dynamic graphs without considering uncertainties in Section 4Halancing hyperparameter. The idea can be informally explained that
4.4. Moreover, in Section 4.5-4.8, we further propose informaticas in Eq.(3), variant pattern®!, have no in uence on the labgl*
bottleneck guided disentangled dynamic graph attention networgisien the invariant patterr} , then the prediction would not be varied
i.e., IB-D?GAT, to handle more complex and challenging uncertaintj we intervene the variant patterns and maintain invariant patterns as
properties of the spatio-temporal patterns, with better theoreti¢hby are.

guarantees for generalization under distribution shifts. Remark 1. Minimizing the variance term in E¢é) helps the model

to satisfy the constraint of' ? P, (v) j Pl (v) in Eg. (3), i.e.,

4.1 Handling Spatio-Temporal Distribution Shifts py' PV PL (W) =p y'jPl(v) .
The rst thing that needs to be considered is handling the distribution i i i
shifts of spatio-temporal patterns in dynamic graphs. 4.2 Disentangled Dynamic Graph Attention Networks
In this secti_on, we will discuss in detail the disentangled dynamic
4.1.1 Spatio-Temporal Patterns graph attention networks.

Over recent years in the development of dynamic graphs, varioys 1 Disentangled Spatio-temporal Graph Attention Layer

researchers have strived to identify meaningful patterns in netwq_r) namic Neighborhood. To simultaneously account for the spatio-

dynamics, illustrating the evolution of real-world networks ovef ' . h ) .

. . S L emporal information, we characterize the dynamic neighborhood
time [109 110 111, 112. For instance, triadic closure prlnC|pIesa Npt W=1f:(uv)2E ‘g encompassingyall nodes tghat have
suggest that in social networks, two nodes sharing common neighbf??t%ractions wifh n(,)de U at timét

are likely to interact in the futurelp6 113 114. In addition to

. ; : To capture the spatio-temporal pattern for each node, we introduce
structural data, att.rlbut.es of nodes play a crucial role in ‘h‘?se patteﬁ@patio-temporal graph attention mechanism to enable each node to
such as how social ties may be in uenced by factors like gendgir

multaneously attend to its dynamic neighborhood. For a noale

and age 115. Rather than deducing patterns manually, our goal |s . . 0o
to discover them through the application of DyGNNs, enabling t e stampx and its nelghbors 2N " (uyst” t, we calculate the
ery-Key-Value vectors as:

extraction of more intricate spatio-temporal patterns that integra

various features and structures within dynamic graphs. Consequently, gy =W 4 hyjTE®) ;

we characterize the spatio-temporal pattern for node-level prediction 0 _ {0.. )

as a component of the ego-graph trajectory: kVO =W hVOUTE(tO) ! ®)
vy =Wy hyjiTEE?) ;

P'(v)=m }(G"); 2

) . hereh!, denotes the representation of nadat the time stamp, q, k,
wherem, () selects structures and attributes from the ego-graphjenotes the query, key, and value vector, respectively, and we omit the
trajectory. In L0, the pattern is explained as an open triad Withyias term for simplicity. TE( represents temporal encoding techniques
similar neighborhood, and the model tends to make link prediCtiogs gerive embeddings of timie enabling intrinsic consideration of the
to close the triad withf,,, =f P'(u);P *(v) based on the laws jini occurrence timeZ4, 25). Subsequently, we calculate the attention
of triadic closure 116. DyGNNs aim at exploiting predictive spatio-g.qres among nodes within the dynamic neighborhood to derive the
temporal patterns to improve prediction ability. However, the predictiv§,ctural masks:
power of some patterns may vary across periods or communities due to

spatio-temporal distribution shifts. Inspired by causal thebfy[ 118, m, = Softmax row ﬁgiq k7 : (6)
we make the following assumption. d

Assumption 1. For a given task, there exists a predicf¢) . For mv = Softmax row qﬂgkf : (7)
samples G, y') from any distribution, there exists an invariant d

patternP; (v) and a variant patterrPy (v) suchthay' =f P/(v) + g2 RNY s the query matrix of all nodes (stacked from all

and P{(v) = GJ'nPy (v),ie,y' 2Py (V)P (V). node-level query vectors);
k 2 R N9 s the key matrix of all nodes (stacked from all
node-level key vectors);
Softmax ow denotes applying the softmax function independently
to each row gwnode) for normalization;
m i ;my 2RYN  are the invariant and variant attention weight
L S matrices, respectively.
4.1.2 .Trglnln.g Objective L Here d denotes feature dimensiom; andmy are the masks of
Our main idea is that to enhance generalization capabilities, the moggl, riant and variant structural patterns. Through this way, dynamic
should depend on invariant patterns rather than variant patterns, SiRgghnors with higher attention scores in invariant patterns will possess
the former are adequate for prediction while the predictivity of theyer attention scores in variant ones, indicating a negative correlation
latter may vary under distribution shifts. Along this, our goal can Bgepween invariant and variant patterns. To capture invariant feature
reformulated as follows, pattern, we utilize a learnable feature mask = Softmax(w; )

to lter features from the messages of dynamic neighbors. Then
A3) the messages of dynamic neighborhood can be summarized with

st L(GM)= Piv)y'? PL(v)j PL(v): corresponding mas|1<5:
Zi(u)=Agg,(mi;v m 1)

Assumption 1 means that invariant patterrig¥) are adequately
predictive for labely' and can be leveraged across different periods
and communities without modifying the predictor, whereas the impact
of variant pattern®?, (v) ony' is mitigated by the invariant patterns.

r?;inz E(y‘:Gvii‘)p tr (y‘:G%“)L f, F>'It(V) ?yt

wheref | () make predictions based on the invariant patterng( ) .
aims to nd the invariant patterns. Backed by causal theady7] 118, Zy (u)=Agg y (Mmv;V);

119], the goal above can be transformed into: where Agd ) represents aggregating and summarizing messages from
. . dynamic neighborhood. To more effectively disentangle the invariant
min E; t.g1t t.gutyL f (G\:,Lt) 'yt + ; ; it ; ;
1 EENGE )P 0 G ) 12 ’ and variant patterns, we introduce distinct aggregation functions
_ Agg, () andAgg, () to speci cally summarize speci c messages

Varsss E o TN S ,(GF") ;y* ; from masked dynamic neighborhood respectively. Following this, the

WHGTIP v yHGyT oy =9) ) pattern summarizations are added up as hidden embeddings to be fed
Lilr]to subsequent layers:

®)

where do denotes do-calculus to intervene the original distrib
tion [118 120, S represents the intervention set andlenotes a hi Z [W+2Z Y u): 9)
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4.2.2 Overall Architecture the model's prediction ability when variant patterns are also exposed
The entire framework is a stacking of spatio-temporal graph attentifhthe model. Then the invariance loss is calculated by:

layers. Similar to classic graph message-passing networks, this enables _ ) t .

each node to access high-order dynamic neighborhood indirectly, Loo =Varszs Lmjdo(Py =si) ; (13)

N A , 2 h .
wherez, (u) andzy (u) atl-th layer is a summarization of invariant, .o 4o genotes the intervention mechanism as mentioned in
and variant patterns ihorder dynamic neighborhood, resp(':'Ct'VBIySection 4.3. The invariance loss measures the variance of the model's

fi)cr)icfllga]l}l%btg?ag?ltiez gt'g]r; (;?ar:int?re]gesrsc')lgei);t(;?%eg]é%gLﬂhﬁi?%(i;tég%diction capagity under mul_tiple intervened distribl_Jtions. The sam-
graph evolution [21] ling pool of variant patterns is composed of the variant embeddlngs
’ of all nodes at the current time as well as from all past time steps.
Finally, the training objective is:
4.3 Spatio-Temporal Intervention Mechanism

One way of intervening variant pattern distribution as @q.s directly
creating and modifying the variant patterns. Yet, this is impractical . L . .
for several reasons: Firstly, since it has to intervene the dynanfifere the task los& is minimized to leverage invariant patterns,
neighborhood and features node-wisely, the computational compleXfjereas the invariance lokse helps the model to discover invariant
is unbearable. Secondly, the generation of variant patterns, whitfhfl variant patterns, andis a hyperparameter to balance between the
encompass time-evolving structures and attributes, poses a signi cBip objectives. After training, only invariant patterns are utilized for
challenge. making predictions during the inference phase. The overall training

To address the aforementioned issues, we propose to approxinPARFess is outlined in Algorithm 1. Our method intervenes on the latent

the pattern®®! with summarized patternzs{ found in Section 4.2. €mbeddings of these variant patterns rather than on raw data. This
2. ; ; -

Sincez! (u) andZz!, (u) serve as summarizations of invariant an@€Sign has several theoretical consequences inIBAY framework.
variant spatio-temporal patterns for nodet timet, we propose to First, by intervening in the embedding space, we directly perturb the
approximate the intervention process by sampling and substituti'ﬁ@med representations that encode both invariant and variant factors,
the variant pattern summarizations instead of modifying the originkie"€by enforcing a more controlled regularization of the mutual
structures and features with generated ones. For the spatio-temptfgfmation between representation and label under distributional
intervention, we gather variant patterns of all nodes across all ting@!ts- Second, since embeddings already compress high-dimensional
from which we select one variant pattern to substitute the varigdfPuts, interventions at this level reduce noise and mitigate the
patterns of other nodes across time. We adopt a random sampf binatorial explosion of possible perturbations in the raw feature
strategy to select a subset of variant pattern summarizations from ﬁﬁg‘l:e' improving optimization stability. Third, this strategy implicitly
training data, making the intervention tractable and avoiding cosflySumes that the encoder falthfully dlsentang!es invariant and variant
combinatorial overhead. For each node—time pair, we replace its varighfPonents; hence, the validity of our latent interventions—and the
pattern summarization (i.ez, (u)) with one randomly sampled from resulting invariances—depends on the inductive bias of the embedding
the pool of variant summarizations derived from other nodes and tirfdchitecture. In other words, the learned invariances may align with
steps, while keeping the invariant summarizatigu) unchanged. causal fa(_:tors on!y insofar as th_e encoder preserves them. Taken
This substitution is performed multiple times within each mini-batcfp9ether, intervening on embeddings trades off stricter guarantees
to generate diverse intervened distributions. For example, the varihih® raw input space for computational tractability and sharper
pattern of nodev at timet, can be used to replace that of nadat information-theoretic control in the representation space.
time t; as:

mnL+ L g (14)

Zit(U);z () z t(u);Z 2 (v): (10) Algorithm 1 Training pipeline for Intervention-based Dynamic
Since the summarization of the invariant pattern remains unchang%?ph Neural Network
the label should remain constant. Owing to the disentangled spaB@quire: Training epochsL, number of intervention sampleS,
temporal graph attention, we acquire variant patterns across neighbor-hyperparameter
hoods and time, serving as natural intervention samples inside datafor!=1;:::;L do
so that the complexity of the generation problem can also be avoided. Obtainz}, ; zj for each node and time as described in Section 4.2
By doing Eq.(10) multiple times, we can acquire multiple intervened
data distributions for the subsequent optimization. The intervention i8:  Calculate task loss and mixed loss as Eq. (11) and Eq. (12)
conducted on summarized representations (i.e., attention-aggregated SampleS variant patterns from collections af, , to construct
embeddings) rather than on the raw graph structures or features. This intervention set S
design choice reduces the memory footprint and runtime overhead, forsinS do

while still achieving the desired intervention effect on the model's6: Replace the nodes' variant pattern summarizations svéh
perception of variant contexts. Section 4.3
7: Calculate mixed loss as Eq. (12)
S . . 8: end for
4.4 Optimization with Invariance Loss 9:  Calculate invariance loss as Eq. (13)

Drawing on the multiple intervened data distributions with distincto: ~ Update the model's parameters according to Eq. (14)
variant patterns, we can subsequently optimize the model to focuson end for

invariant patterns for making predictions. Here, we present invariance

loss to instantiate Eq4). Let z, andzy denote the summarized

invariant and variant patterns, we calculate the task loss by only

adopting the invariant patterns: 4.5 Invariant Causal Prediction via Mutual Information
L=" fzi)y ; (11) We begin with identifying three primary limitations in the current
design of existing approaches.

wheref() indicates the predictor. The task loss lets the model utilize b h ina th . f predicted val id
the invariant patterns for making predictions. Next, we calculate thet) We observe that using the variance of predicted values as evidence
that the variant features of nodes lack comprehensive node

mixed loss as:

Lm =" gzv:izi)y ; (12) information is practical but lacks a solid theoretical foundation.
R 2) The existing models, such as DIDA{], do not adequately
where another predictog() makes predictions employing both address uncertainties in dynamic graph patterns, potentially

invariant patterngy and variant patterns . The mixed loss measures compromising robustness and expressiveness.
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Fig. 1: Framework of the proposed IB2BAT. (Top) Given a dynamic graph with multiple timestamps, the IBSBT model incorporates
disentangled spatio-temporal message passing to capture summarizations of high-order invariant and variant patterns. (Bottom left) The
spatio-temporal intervention mechanism further enhances the framework by creating multiple intervened distributions through sampling
and reassembling variant patterns across space and time for each node. (Bottom right) Finally, the model is optimized using samples
from intervened distributions, enabling it to focus on invariant patterns and make accurate predictions by minimizing invariance loss.

3) The existing literature also does not have a rigorous theoreticgl ? Z . jZ|y . HereZ,‘;k = G} , where is the invariant
guarantee to capture the invariant dynamic graph patterns grattern extractor. Given that the variant patterns tend to change under
eliminate the variant impact of variant patterns. different distributions, the utilization of these variant patterns may

tgus inevitably increase the mutual information between the inputs

To address the rst limitation, we extract invariant patterns from th d the latent representations. Therefore. to mitigate the impact of
perspective of mutual information and provide a detailed analysis%? € 'atent representations. therelore, to gate the impact o

the loss function along with theoretical guarantees. Building upérT]C.hhva”am Iplaatltergs, wehproposle to cons}rar:n Fh;s mutgal |tr)1forlmat|okn,
the de nitions introduced in Section 3, we propose a hovel objecti\YﬁBIC naturally leads to the employment of the information bottlenec
function for the proposed IB-HGAT model to better nd the invariant (1B) theory. To be more speci ¢, we can factorize the main goal into the
causal relationship underlying each ego-graph and its corresponc{lyﬂlé.owmg optimization problems.. First, the invariant patterns should
label. To be more speci c, the input grafd can be divided into einformative of the class label:

two parts, i.e., the invariant (causal) pattefr and the variant ¢ ¢

(environmental) patter@y. . Following the literature40, 43, 46, 92, max| (G «); Yk : (15)
118 and using the language of causal inference, we can reasonably

assume that both the variant pattetax and the invariant pattern  To obtain better generalization ability, the model should rely on
Z|;k are correlated Wlth, but Only the relatlonshlps between thQn\/ariant patterns rather than variant patternsl i_e.,

invariant pattern and the label should be treated as causal relations

while the relationships between the variant pattern and the label are minl Z4 Y G L) (16)
considered to be spurious correlations. These de nitions and theories ’

can be summarized in the following assumptions. ) ) ) ) )
To avoid choosing pseudo-invariant features and geometric skews, we

Assumption 2. (1) For each G;";Y,), there exists an invariant adopt the representations with the least capacity,

patternZ{, and a variant patterrzy, , s.t.Zi, = G F'nZ . (2)

Y 6? 2, , meaning that the variant pattei@,, is correlated with minl Gk; (G &) : a7
the labelYy. )Yy 2 Z Yy jZix andY{ =f(Z [, )+ , where

f is a predictor. This assumption infers that the invariant patter
Z{, alone is suf cient for predicting the labet,, and that further
involving the variant pattern does not improve the prediction. Besid
one can always extract such invariant patterns from the ego-graphs
across different distributions, without adjusting the predictor f.

E’utting the above optimization constraints together, we obtain the
égllowing training objective for IB-BGAT,

max1(Z ;YY) 1(Z Vi YeiZik)

According to Assumption 2, only the real causal relationships G «:Zix ) stiZix (G ) (18)
remain stable and invariant across different time periods or spatial
communities. Therefore, we target at seeking the invariant patterns In the following sections, we will discuss the implementations and
Z|, that are sufciently predictive for labey,, hence achieving theoretical analyses of the above training objective.
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4.6 Dynamic Graph Attention Network via Wasserstein These embeddings are then propagated as inputs to the subsequent
distance layers of the neural network, facilitating a deeper and more complex

To mitigate the second limitation identied in the beginning Ogevel of pattern analysis.

Section 4.5, we incorporate multi-dimensional Gaussian distributions

as feature vectors for nodes, enhancing the model's ability to capture

uncertainties in dynamic graph patterns. Furthermore, we introdutd Objective Function Design
the Wasserstein distance metric to calculate attention weights for ) o o ) )
nodes, offering a more nuanced approach to measuring distributior41€ directly optimizing Eq(18) is intractable in practice, we turn to
differences. To solve the third limitation, we employ Informatiodnaximize its lower bound bty employing a variational approximation
Bottleneck (1B) principles to yield elegant theoretical results. While th@PProach. We assume théz | ) serves as an approximate [(_ap[esenta-
IB principles have been effectively applied in invariant feature learningon of the true marginal distributiop(Z ), and similarly.q(Yy jZ i )

they can not be easily adapted to dynamic graphs under distributRpProximatep(Y jZ i ). Additionally, we designatp(Z y jGi) to
shifts. Therefore, we rst modify the spatio-temporal graph attentioigpresent the stochastic encoder for our IBEAT model. With these
mechanism that allows each node to simultaneously engage withagsumptions, we can reformulate the loss function for the information
dynamic neighborhood. Speci cally, for a nodeat a given time stamp bottleneck as follows, providing a more tangible and computationally
t and its neighbors in N (u) for all t® t , we compute the Query- feasible framework for analysis.

Key-Value vectors to facilitate this interaction as de ned in Es).

Here, to measure the uncertainty, we use a parametric distribution to 1(Z f;k ;Yk‘) 1(Z f;k ;G}()

model the node spatio-temporal patterns, and the representhtames E flog q(Ydiz ke )

sampled from the according distributions. Then, we use Wasserstein Poliviz iy KTk
distance to calculate the attention weight for node u, v. p(Z It;k iGL)

E pgi, [09——5——I (23)
m, = Softmax Wasserstein(d,:k.) : (19) k% T "(Zix)
. 0
my = Softmax Wasserstein(gky ) ; Then the above loss function E@3) can be further by maximizing
The smaller the distance, the more similar the nadesare. So we the following objective,
use the negative values of the Wasserstein distance as the attention . .
weight. The Wasserstein distance is calculated as follows: Eatv, [L Yo:fi (Gy) I+
, ) Eci[KL(p (G DIGK iir((G ; (24)
Wasserstein(u;v) =k ¢ J10 K + (20)
1 1 i i i 1 i -
trace i+ Lo 2( I o 4 1 : wheref, is the classi er for invariant patterns, and is the cross

entropy loss. We then proceed with the second term of the objective
where and are the mean value and covariance matrix, respectivalfZ v ; Y« j Z |« ). Following the rules of variational approximation,

Discussions on Wasserstein distance. Here, we discuss our motivi€ have the following equation,
tions for considering the Wasserstein distance in the model design as

follows. (Y ZVkiZix )
1) The Wasserstein distance is advantageous at measuring the =H(Y KiZix ) HIY «iZvk;Zix)
dissimilarity between distributions, effectively quantifying the =HY fjZhe ) HIY Szb); (25)

variance of items presented in the form of distribution. This
metric is particularly effective as it satis es the triangle inequalit
offering good solutions to many cold-start scenarios and helpi
to capture relationships between nodes across different ti

hereH() denotes information entropy. It can be further rewritten as
rtﬁg subtraction of two classi cation losses as follows,

frames. C ot ot

2) The Wasserstein distance contributes to a more stable training pro- WY & Zvi 1 Zix)
cess, providing a smoother metric for comparing non-overlapping = E gt et logp s, Y. iGL) +
distributions, which is crucial in real-world scenarios where ek C ot
distant nodes indicate signi cant dissimilarities. Wasserstein Eci, vy 10gp re Yi j G (26)
distance demonstrates advantageous properties compared with E o e logp i, YiGl) @7

the KL divergence, which can yield in nite distances in such Ik

scenarios, leading to numerical instability.

Following the design with Wasserstein distance, our BT T;x?n::izt;etrhéelror\?velr bI(E)(Lq,I.r(‘éG())fISY n?pért\eg;ttlve. bT hr?]riﬁgcr::ii’inwﬁhgan
model is able to t a traditional attention network with uncertaint owing loss function in E ((27)k’ vikiZix ) by 9
properties, where each node aggregates information from its dyna |ﬁ wing unction in Eq. )

neighborhood. As such, our design with uncertainties taken into OVverall, we can maximize the objective function in Eg) by

account is able to develop more nuanced pattern representations: OPtimizing its tractable lower bound: Eq. (15)
¥
t — . .

Ztl(U)—Agg.(ml,v m ); (21) Lee Yifr (GL) +

Zy (u) = Agg ,(mv;V);
whereAgg () denotes the function responsible for aggregating and Dk. P (G WGk iir (G &)
summarizing variantAgg, ) and invariant Agg, ) messages from a 1 Eq. (17)
node's dynamic neighborhood. This process is crucial in the neural Lee GL:ify GL) - (28)

network's architecture, particularly when it encompasses multiple
layers. In such cases, the variadty() and invariant Z,) pattern

representations generated at each layer are cumulatively added to form . L ) . .
hidden embeddings: In this way, the objective function E¢18) is transformed into a

tractable objective Eq28), which is nally adopted in the optimization
hy, Z [u)+2Z y(u): (22) process. The overall algorithm is summarized in Table 2.
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Algorithm 2 Training pipeline for Information Bottleneck guidedgiscard all variant or spurious correlations. This justi es the design of

Disentangled Dynamic Graph Attention Network (IBGAT ) the loss: by explicitly minimizing(Z v ; Y j Zix ) andl(G «; Zix ]

Require: Training epochs L, hyperparameter , Y« ) while maximizingI(Z I Yk), the training encourages the epcoder
1 forl=1:::::Ldo to focus on the true invariant causal factors of the dynamic graph,
2. I/ Learn representations of and leading to both robust and generalizable predictions under distribution

3 Obtan L= (Gi)and | = (G}) foreach node k and Shifts. _ o

time t as described in Section 4.6. We conclude the whole section by pointing out that our base
4: |/ Sample ego-graph representations model, i.e., intervention-based dynamic graph neural network (DIDA),
5. Reparameterizel = L+ is able to handle spatio-temporal distribution shifts without considering
6 Calculate IB loss and regularization term as Eq24) and un_certalnt_les, while our IB-HSAT model, i.e., Ir_n‘ormatlon bot_tleneck

Eq. (27) guided Disentangled Dynamic graph Attention network, is able to
7:  Update the model according to Eq. (28) handle uncertainty properties of the spatio-temporal patterns with
8: end for theoretical guarantees for generalization.

4.9 Deeper Comparisons Analysis

4.8 Theoretical Analysis o )
To better highlight that dynamic graph neural networks (DyGNNs)

\;\ﬁenfgte?:gg'tquf f(r:(;mt aréhi,ofrt-'gﬁt' Sg?gﬁgrlth?g hf]Woog[nfT‘?rt]hof se fundamental challenges that set them apart from static GNNs
Ively capture nvart p ugh optimizing en applying IB-based techniques, particularly in the presence of

proposed objective as shown in Eg8). This capability is crucial ... "= . : .
for addressing spatio-temporal distribution shifts in dynamic grar%strlbutlonal shifts, we provide analyses as follows:

structures. Our analysis aims to provide a robust theoretical foundation . )
for the effectiveness of our approach in managing these complex @h8.1 Temporal Dynamics and Causal Complexity

evolving graph dynamics under distribution shifts. Unlike static GNNs, DyGNNs must capture evolving patterns over

Theorem 1. Suppose eadB, contains a subgrapl®,, s.t.Y, is fime, where both graph structures and node features change. This
determined byG,, in the sense tha¥c = f (G ,.) + ,ie., Introduces spatio-temporal dependencies that are absent in static
Y« =f(Z ., )+ for some deterministic invertible functidnwith graphs. Consequently, invariant features must be disentangled not

randomness that is independent @y, Gy« andGy . Then, for any only across structural variations but also across temporal contexts,
200:1], 2[0:1],Gik =G4 (6r eduivalenflyz|-k - Z.) which adds complexity to identifying stable causal relationships. Our

maximizes the objective. method explicitly models these time-dependent causal factors using a
disentangled attention mechanism and temporal interventions, which
Proof. Consider the following derivation: are not required in static settings.

I(Z i Ye) WZ 0 vi;YeiZik) WZ ;3 Gk) - (29) . .
ZIY «:Gk:Zik ) (G «:YkiZik ) 4.9.2 Pattern Uncertainty Across Time
Z vi:YeiZix) WZ 1« :Gk) (30) In dynamic graphs, the same node or edge pattern may exhibit
o~y ’ o inconsistent predictive behavior across time or environments. Static
=AY GGG Zi) NG ki YVidZix ) IB-based methods typically assume a xed structure and feature
(Z vk:iYiZik) WG «:Zixk i Yk) (31) context. In contrast, we introduce a distribution-based representation
1Y «:Gk) (X G« YeiZix ) and employ Wasserstein distance to capture uncertainties in spatio-
temporal patterns, enabling the model to measure and mitigate the

(G iZu i) 12 v ;Yk_JZ ) (B2) ik of relying on unstable variant patterns under dynamic distribution
=1 Y Gk @ MG ki YkiZik) shifts.
I(Z i GeiYe) HZ v YedZ ): (33)

The derivation in Eq.(29) to Eq. (30) uses the symmetry of 4-9-3 Intervention Granularity and Complexity
mutual informationl(Z ik ; Yx) = I(Y k;Zix ) and the chain rule Static graph IB models generally rely on masking features or subgraphs
I(Yk;Gk;Zik ) = (Y «;Zix ) + I(Y «; Gk j Z1x ). The derivation to identify causal components. However, this is insuf cient for dynamic
from Eq. (30) to Eq. (31) rewrites|(Z 1k ; Gk) via the chain rule settings where variant in uences span multiple time steps and spatial
IGk;Zixk) = (G «k;Zix;Yk) (G «;Yk | Zix) and merges neighborhoods. Our framework approximates spatio-temporal inter-
terms. From Eq(31) to Eq. (32), the chain ruld(Y«;Gk;Zix ) = ventions using disentangled summarizations, signi cantly improving
I(Yk; G)+I(Y «;Zix jGk) is applied, and the second term vanishescalability and relevance to real-world dynamic data, such as nancial
if Zx is a deterministic function oBx (or I(Y«;Zix j Gk) =0). networks or evolving recommendation systems.
Finally, the step from Eq.32) to Eq.(33) decomposelG k; Z« ; Yk)
It?,t: Irglke,gkrc)e;sli(gn.l;k +Gk ] Yi) and combines coef cients to obtain 4 g 4 tormation Bottleneck Objective for Dynamic Context

Since we have, =f(Z |, )+ according to Assumption 2, where We extend the IB objective to dynamic graphs by optimizing mutual

is independent o« andGy. , we can directly derive tha{G «; Yk j  information terms involving time-indexed latent variables (Bd)-
Z1 ) =0 andl(Z vx; Yk j Z,x ) = 0. This formalizes that once we Eqg.(28)), which account for the temporal evolution of both invariant
condition on the invariant representatidp, , neither the full graph and variant components. This dynamic-aware IB formulation is novel
Gk nor the variant componeity« provides additional information and grounded in theoretical guarantees (Theorem 1 in Section 4.8 ),
about the labeY, . Moreover, since&,, only contains information providing stronger support for generalization under dynamic shifts
relevant to ¥, we have 1(G¢; Z,, j Y«) = 0, which implies that the than static IB-based GNNs.
invariant representation is maximally informative about the label while In summary, while prior static GNNs benet from IB-based
being independent of other graph factors oigas known. Therefore, techniques, DyGNNs require a substantially different modeling
when we seG;x = G, in the objective of Eq(28), the mutual paradigm due to the presence of spatio-temporal variation, temporal
information terms in the lower bound are optimized, and the bounticertainty, and evolving causal structures. Our IBBT framework
becomes tight. In other words, this shows that the model achievussspeci cally designed to address these challenges, making it a
the theoretical optimum of the designed objective when the extractsdni cant conceptual and methodological advancement over previous
invariant patterns perfectly capture the label-related information asthtic graph IB applications.



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, OCTOBER 2025 10

5 EXPERIMENTS performance under spatio-temporal distribution shifts, we choose one

In this section, we conduct extensive experiments on various datasgid/category as Wll DS’ (which will not be used for training) and the
to verify that our IB-B:GAT model is able to handle spatio-temporaPtners as ‘w/o DS' (which are further split into training, validation,
distribution shifts with uncertainties through discovering and utilizir:%nd test set chronologically). Note that the “w/o DS' is a merged
invariant patterns via an information bottleneck based objective. fgnamic graph without eld/category information and “w/ DS' is
also conduct deep analyses regarding ablation studies, hyper-parantétgfen during training, which is more practical and challenging in real-
sensitivity, and visualizations to show the effectiveness of our |B¥Orld scenarios. We report the AUC (Y29 for the link prediction
D2GAT in terms of different designed components. task and the accuracy (%) for the node classi cation task.

We briey describe these real-world datasets as follows, and

TABLE 2: Summarization of dataset statistics. summarize the corresponding statistical information in Table 2.
Collab [126)? is a scholarly collaboration dataset that encom-
passes research papers published during the period from 1990

Dataset CoLLAB  Yelp Synthetic  Andv Reddt to 2006. In this dataset, nodes correspond to individual authors,
# Timestamps 16 24 16 20 10 while edges represent collaborative relationships between authors.
# Nodes 23,035 13,095 23,085 168,195 8,291 Notably, each edge contains valuable information about the
# Links 151,790 65375 151,790 3,127,274 264,050  specic eld of co-authored publications, including categories
Temporal Granularity ~ Year Month  Year Year Day such as "Data Mining," "Database,” "Medical Informatics,"
Feature Dimension 32 32 64 128 20 "Theory," and "Visualization." The temporal aspect is organized
Evolving Features No No Yes No No on a yearly basis, spanning a total of 16 distinct time slices. We
Classi cation Tasks Link Link Link Node Node select "Data Mining" as “w/ DS' and the remainder as “w/o DS'.

Yelp [21]3 is a dataset centered around business reviews, capturing
customer feedback on various businesses. In this dataset, nodes
represent both customers and businesses, while edges signify
5.1 Comparative Approaches interactions and review behaviors. The dataset is categorized into

We consider several representative graph neural networks (GNNs) Ve distinct business types, namely "Pizza,"” "American (New)
together with out-of-distribution (OOD) generalization methods, cover- Food,” "Coffee & Tea,” "Sushi Bars,” and "Fast Food." These
ing static GNNs, dynamic GNNs, invariant learning, and distribution ~ interactions were recorded from January 2019 to December 2020,

robust optimization as the baselines for comparisons with DIDA and  @nd the temporal granularity is delineated on a menthly basils,
IB-D2GAT . resulting in a total of 24 time slices. We select "Pizza" as ‘w/ DS

Statilf GNN?]: ) GAF EZZ is adrc_a_pr\?éinEt[ativ? StﬁtiC.GN% which ,aArr]Svtr[]elEeﬂT?sl,n; (e;irt:t?or\l,v é?atl\?v?)r.k between all Computer Science
stacks graph convolutions, and ii urther introduces . -

variatio?lalpvariables into GAE ) 42 (CS) arXiv papers indexed by MAGLP§. Each paper has a
Dynamic GNNS: i) GCRN R0 ié a representative dvnamic GNN 128-dimensional feature vector obtained by averaging the embed-
th);t adopts GCNJ[ZZ 10 obtain node gmbeddings aﬁd GRI2 dings of words in its title and abstract, where the embeddings

S of individual words are computed by running the skip-gram
to model the dynamics. ii) EvolveGCNLB] adopts LSTM 124 . X
or GRU [123 to exibly evolve the GCN 127 parameters model [L129 over the MAG corpus. The task is to predict the 40

instead of directly learning the temporal node embeddings. iii) subject areas of arXiv CS papers, €.g., Cs.Al, ¢s.LG, and cs.0S.

- ; We train on papers published between 2001 - 2011, validate on
Eéi';‘:;gﬁtli]og]()dels dynamic graph using structural and temporal those published in 2012-2014, and test on those published since

o L . . 2015. With the volume of scienti ¢ publications doubling every
3\/063 gnetn;rftljlizc?gro Cvr?: (?r:hr%?rﬁ-nﬁzlsswﬁ]% 2:?]1;"?;;??};1'2%0?”61” 12 years over the past century, spatio-temporal distribution shifts
training domains. ii) GroupDRO 41] reduces the differences in ﬂggugglgnzxgagg ?;jir?lgg ﬁ]rrlg:tglraphs. The dataset has 168,195
ok ross g domans o MizG (he models SenSIMY  Redar [130° i a large colecon o cata exvacted from the
training domains with larger errors when minimizing empirical popular social media platform Reddit, including text-based posts,
risk. iv) DIDA [ 16] is our base model which captures invariant comments, user mfo_rmatlon, and community details. The graph is
patterns on dynamic graphs but does not introduce information constructed_ by treating each node as a post,_where two nodes are
bottleneck. v) IB-BGAT is our proposed information bottleneck connected if they share keywords. Node attributes are generated

guided disentangled dynamic graph attention network using wgrd2vec13]]._ The total numbe_r of timestamp; in this
: dataset is 10. We train on papers published between timestamps

1 and 6, validate on those published on timestamp 7, and test
5.2 Experiments on Real-world Datasets between timestamps 8 and 10. Totally, the dataset has 8,291 nodes

In this section, we present experimental settings and results on four and 264,050 links.

real-world datasets.
5.2.2 Experimental Results

5.2.1 Experimental Settings Based on the results on the real-world dataset in Table 3 and Table 4,

We introduce four real-world dynamic graph datasets, i.e., COLLAWe have the following observations:

and Yelp for the future link prediction task, as well as Arxiv and 1) The baseline methods generally tend to fail under distribution
Reddit for the node classi cation task. For future link prediction, we  shifts. i) Although DyGNN baselines perform well on test data
consider the well-established inductive link prediction task, where without distribution shifts, their performance drops greatly under
the model exploits past graphs to make link predictions for the distribution shifts. In particular, the performance of DySAT, which

next time step. For node classi cation, we consider the challenging is the best-performed DyGNN in ‘w/o DS', drops by nearly

future node classi cation task on dynamic graphs where the nodes 12% in "w/ DS'. In Yelp, GCRN and EGCN even underperform

to be classi ed tend to exist in the future, e.g., classify new papers static GNNs, GAE and VGAE. This phenomenon shows that the
(nodes) written in the future via exploitation of the spatio-temporal

information in the citation network. Each dataset can be split into2. https://www.aminer.cn/collaboration

several partial dynamic graphs based on its eld/category information3. https://www.yelp.com/dataset

For brevity, we use "w/ DS' and "w/o DS' to represent test data with 4. https://arxiv.org/

and without distribution shifts, respectively. To measure the models. https://www.reddit.com/
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TABLE 3: Results (AUC, %) of different methods on real-world link prediction datasets.

Model COLLAB Yelp
Test Data w/o DS w/ DS w/o DS w/ DS
GAE 77.150.50 74.040.75 70.67 1.11 64.455.02
VGAE 86.470.04 74.951.25 76.54 0.50 65.331.43
GCRN 82.780.54 69.720.45 68.59 1.05 54.68 7.59
EGCN 86.620.95 76.150.91 78.210.03 53.822.06
DySAT 88.770.23 76.590.20 78.87 0.57 66.09 1.42
IRM 87.96 0.90 75.42 0.87 66.49 10.78 56.02 16.08
VREX 88.310.32 76.240.77 79.04 0.16 66.411.87
GroupDRO = 88.760.12 76.330.29 79.380.42 66.97 0.61
DIDA 91.970.05 81.870.40 78.22 0.40 75.920.90
IB-D2GAT 91.920.36 80.460.46 78.731.91 76.111.14

TABLE 4: Results (Accuracy, %) of different methods on real-world node classi cation datasets.

Model Arxiv Reddit

Test Data 2015-2016  2017-2018  2019-2020 8 9 10
GRCN 41.332.82 38.40535 40.744.63 34.381.35 31.08158 33.982.50
EGCN 44.861.37 43.072.47 39.962.70 29.24059 31.450.72 30.210.68
DySAT 4561021 42.87042 42.030.38 36.100.14 33.820.30 33.621.52

IRM 31.940.70 21.523.92 1898596 30.241.26 32.210.78 29.760.83

VREX 44.291.14 41.340.77 41.363.13 30.721.94 31.410.77 30.330.88

GroupDRO 41.203.30 37.395.25 35.875.19 31.650.35 30.68 1.33 31.550.32
DIDA 47.850.09 46.120.39 47.480.91 36.140.32 34.740.14 34.670.46

IB-DZGAT 51.590.30 50.550.21 52.580.51 41.850.80 40.161.40 40.241.29

TABLE 5: Results (AUC, %) of different methods on synthetic datasets.

Model Syn-0.4 Syn-0.6 Syn-0.8
Split Train Test Train Test Train Test
GCRN 69.601.14 72570.72 74.710.17 72.290.47 75.690.07 67.260.22
EGCN 78.821.40 69.000.53 79.471.68 62.701.14 81.074.10 60.130.89
DySAT 84.710.80 70.241.26 89.770.32 64.010.19 94.021.29 62.190.39
IRM 85.200.07 69.400.09 89.480.22 63.970.37 95.020.09 62.660.33
VREX 84.770.84 70.441.08 89.810.21 63.990.21 94.061.30 62.210.40
GroupDRO | 84.780.85 70.301.23 89.900.11 64.050.21 94.081.33 62.130.35
DIDA 87.920.92 85.200.84 91.220.59 82.890.23 92.722.16 72.593.31
IB-D2GAT 88.450.78 86.540.75 89.580.51 84.150.27 95.820.18 76.831.19

existing DyGNNs may exploit variant patterns and thus fail to
handle distribution shifts. ii) Moreover, as generalization baselines
are not specially designed to consider spatio-temporal distribution
shifts in dynamic graphs, they only have limited improvements
in Yelp. In particular, they rely on ground-truth environment
labels to achieve OOD generalization, which are unavailable for
real dynamic graphs. The inferior performance indicates that
they cannot generalize well without accurate environment labels,
which veri es that lacking environmental labels is also a key
challenge for handling distribution shifts of dynamic graphs.
DIDA can better handle distribution shifts than the baselines, espe-
cially in stronger distribution shifts. DIDA improves signi cantly
over all baselines in "w/ DS' for all datasets. Note that Yelp has
stronger temporal distribution shifts since COVID-19 happens in
the midway, strongly affecting consumers' behavior in business,
while IB-D?GAT outperforms the most competitive baseline
GroupDRO by 9.05% in “w/ DS'. In comparison to similar eld
information in Yelp (all restaurants), COLLAB has stronger
spatial distribution shifts since the elds are more different from 4)
each other, while IB-BGAT outperforms the most competitive
baseline DySAT by 4.87% in "w/ DS'.

Overall, the experiments reveal de ciencies in existing ap-
proaches to generalize under spatio-temporal distribution shifts

and underscore the need for DyGNN methods that can capture
robust, higher-level patterns invariant to data variations between
environments. IB-BGAT demonstrates superior performance

in handling distribution shifts compared to baseline approaches.
Notably, IB-D?GAT achieves greater gains over baselines on
datasets exhibiting stronger degrees of distribution shifts between
the training and test environments. In more detail, on Yelp dataset,
which features more pronounced temporal shifts due to exogenous
events like the COVID-19 pandemic midway disrupting consumer
behavior patternsif], IB-D2GAT outperforms DIDA by 0.19%

and all other baselines by over 9% under distribution shifts. The
Arxiv dataset contains signi cant spatial shifts across different
topic elds that vary substantially. Here IBABAT surpasses the
competitive DIDA baseline by over 4% under time distribution
shifts. Finally, IB-IF GAT achieves a performance improvement

of over 4% in each comparison on Reddit dataset, demonstrating
the effectiveness of introducing the information bottleneck into
the model design.

Static GNNs (GAE, VGAE) fail catastrophically under distribu-
tion shifts because they cannot capture temporal dependencies.
Their learned representations become obsolete when temporal
patterns change, leading to 10-15% performance drops. Standard
DyGNNs (GCRN, EvolveGCN, DySAT): While they capture
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temporal dynamics, they learn both stable and unstable patterns train results and decline in test results. This phenomenon shows
indiscriminately. Under distribution shifts, they over-rely on that as the relationship between variant patterns and labels goes
variant patterns that lose predictive power in new distributions. For ~ stronger, the existing DyGNNs become more dependent on the
example, DySAT's temporal self-attention mechanism amplies  variant patterns when training, causing their failure in test stage.
recent patterns that may be environmentally speci ¢ rather than Instead, the rise in train results and drop in test results of IB-
causally relevant. OOD Methods (IRM, GroupDRO, V-REX): D2GAT are signi cantly lower than baselines, which demonstrates
These methods assume access to environment labels during that IB-D?GAT can exploit invariant patterns and alleviate the
training, which are unavailable in real dynamic graphs. Without  harmful effects of variant patterns under distribution shifts.
explicit environment partitioning, they default to standard empiri-

cal risk minimization, explaining their limited improvements (1- )

3%). Our Framework's Advantages: IB2BAT succeeds by (1) 5.4 Ef ciency of the Method

explicitly disentangling stable from unstable patterns without rey this section, we conduct complexity and empirical time cost analysis
quiring environment labels, (2) using intervention-based traininfgr our proposed IB-BGAT model.

to test pattern stability, and (3) employing information bomenec&omplexity Analysis. We analyze the computational complexity of

constraints to prevent over tting to spurious correlations. IB-D2GAT as follows. DenotgVj andjEj as the total number of
These results suggest IB*BAT exhibits greater robustness tongdes and edges in the graph, respectively,chas the dimensionality
spatial-temporal distribution shifts, especially in scenarios involvingf the hidden representation. The spatio-temporal aggregation has a
stronger disparities between environments. The enhanced capabjjifye complexity ofO(Ejd +jV jd 2). The disentangled component
to generalize is particularly evident for datasets inducing MOEgds a constant multipli&; which does not affect the time complexity
turbulent changes to the graph distributions over time (Yelp) or spageaggregation. DenotiE ,j as the number of edges to predict 484
(Arxiv). The improved handling of distribution shifts demonstrates thgs the size of the intervention set. Our intervention mechanism has a
effectiveness of IB-BGAT in capturing higher-level, shift-invariant tjme complexity ofO(E pjjSjd) in training, and does not put extra
patterns compared to existing baseline approaches for dynamic grgfe complexity in inference. Therefore, the overall time complexity
learning. of IB-D2GAT is O(Ejd + jV jd 2 +JE ,jjSjd) . Notice thatjSj is a
hyperparameter and is usually set as a small constant. In summary,
5.3 Experiments on Synthetic Dataset IB-D2GAT has a linear time complexity with respect to the number of

. . . . nodes and edges, which is on par with the existing dynamic GNNs.
In this section, we present experimental settings and results on three

synthetic datasets. Empirical Time Cost. To further verify the ef ciency in pra(;tjce,
we compare our method IBABAT with DIDA and competitive
53.1 Experimental Settings baselines in Table 4 in terms of their training time. The results

) o N ) are shown in Figure 5, where we report the training time for each
To evaluate the model's generalization ability under spatio-tempoigdoch for comparisons. Overall, our method not only achieves better
distribution shifts, following #4], we introduce manually designed oop generalization compared with baselines but also has lower time

shifts in the dataset COLLAB with all elds/categories merged. Denotgssts, demonstrating the effectiveness and ef ciency of our f&BT
original features and structures¥$ 2 RN andA' 2 f0;1gN N method.

For each time, we uniformly samplep(t)iE "** j positive links and
1 p() jJE™ jnegative links inA %! . Then they are factorized into .

variant featureX b 2 RN with the property of structural preser-2.5 Ablation Study

vation. Two portions of features are concatenatedd &s [X §;X5] In this section, we conduct ablation studies to verify the effectiveness

as input node features for training and inference. The sampliogithe key modules in our proposed IB2BGAT model.

probability p(t) = clip( p + cos(t);0;1) refers to the intensity

of shifts, where the variant featuréé’, constructed with higher TABLE 6: Comparisons of different ablated versions of IBEAT

p(t) will have stronger correlations with future link™ . We set “Fyll' denotes the full version of the method. “w/o V.ind. denotes

Pest = 01, test = 0; wan = 0:05 and varypy,, from 0.4, : o p AR ‘
Y (called Syn-04. Syn-0.6. Syn-0.8, ré?pectively). Sinremoving the variant-pattern-independence constraint, “w/o 1B

the correlations betweex' and labelA *% vary through time and énotes removing information bottleneck constraint. "w/o Par'
neighborhood, patterns include), are variant under distribution shifts.denotes removing the Reparameterization, and "w/o Wass' denotes

As static GNNs can not support time-varying features, we omit thé@placing Wasserstein distance with attention mechanism.
results.

Dataset w/oV.ind. w/oIB w/oPar w/oWass Full

5.3.2 Experimental Results Collab 78.12 77.83 78.81 79.51 79.70
Based on the results on the synthetic dataset in Table 5, we have theYelp 75.11 65.07 65.33 70.85 77.79
following observations: Syn-0.4 85.54 84.49 85.73 84.91 87.06
1) Our IB-D*GAT can better handle distribution shifts than the ~ Syn-0.6 82.67 83.81 82.64 83.09 83.73
baselines. Although the baselines achieve high performance Syn-0.8 74.37 75.67 77.50 78.78 78.15
when training, their performances drop drastically in the test Reddit 40.63 40.42 40.46 38.08 40.94
stage, which shows that the existing DyGNNs fail to handle arxiy 52.43 50.37 52.29 52.83 53.89

distribution shifts. In terms of test results, DIDA consistently
outperforms DyGNN baselines by a signi cantly large margin. )
In particular, DIDA surpasses the best-performed baseline M§iant Pattern Independence. We rst remove the variant pattern
nearly 13%/10%/5% in test results for different shift levels, angidependence regularization term, i.e., settirg) in Eq. (28). This
IB-D2GAT further improves IB-BGAT . For the general OOD ablateq version is termed as w/o V.ind.". From Tablg 6, we can see
baselines, they reduce the variance in some cases while tf{Bft without variant patterns independence mechanism, the model's
improvements are not signi cant. Instead, DIDA and IB®AT performance drops signi car!tly, especially in t_he synthetic _dataset
are specially designed for dynamic graphs and can exploit tﬁ@d Yelp dataset, which veri es that by explicitly encouraging the
invariant spatio-temporal patterns to handle distribution shifts. Ndependence between variant patterns and labels, the predictions can
2) IB-D2GAT can exploit invariant patterns to consistently alleviat®® more accurate under distribution shifts.
harmful effects of variant patterns under different distribution shifnformation Bottleneck Principle. We remove the information
levels. As the shift level increases, almost all baselines increasebiottleneck in the objective function by setting= 0 in Eq. (28).
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(a) Arxiv (b) Syn-0.4 (c) Syn-0.6 (d) Syn-0.8
Fig. 2: Sensitivity of hyperparameter The results show the AUC on the test set of one real-world dataset Arxiv and the synthetic
dataset. The dashed line represents the performance of the base model DIDA.

(a) Arxiv (b) Syn-0.4 (c) Syn-0.6 (d) Syn-0.8
Fig. 3: Sensitivity of hyperparameter The results show the AUC on the test set of one real-world dataset Arxiv and the synthetic
dataset. The dashed line represents the performance of the base model DIDA.

(a) Arxiv (b) Syn-0.4 (c) Syn-0.6 (d) Syn-0.8
Fig. 4: Sensitivity of hyperparameter intervention ting&sThe results show the AUC on the test set of one real-world dataset Arxiv and
the synthetic dataset. The dashed line represents the performance of the base model DIDA.

removing this tailored design, showing that this regularization term can
help improve the model's prediction generalization capacity. Especially
in the Yelp dataset, the performance drops by nearly 13% when
removing the information bottleneck, demonstrating the effectiveness
of introducing the information bottleneck principle.

Reparameterizated Representation. We remove the reparameteriza-
tion in the Algorithm 2, which is termed as “w/o Par'. From Table 6,
we can see that without reparameterization, the model's performance
drops signi cantly, especially in the Yelp dataset, which veri es that
the reparameterization can help the model to learn more accurate
invariant patterns for predictions.

Wasserstein Distance. We replace the Wasserstein distance i{2Byj.
with the attention mechanism, which is termed as "w/o Wass'. From
Table 6, we observe that incorporating the Wasserstein distance
yields consistent improvements across most benchmarks (6 out of
7 datasets), with the magnitude of improvement varying according
to dataset characteristics. On Yelp, we obtain strong improvements
] ) o ] _of +6:94%, as consumer behavior data with signi cant temporal
Fig. 5: The comparisons of empirical time cost per epoch duriR@certainty bene ts substantially from distributional distance modeling,
training our method and baselines. particularly during periods of external disruptions. Similarly, Syn-0.4
(+2:15%) and Reddit £{2:86%) also demonstrate large gains, as
both datasets exhibit dynamic patterns where measuring distributional
This ablated version is termed as "w/o IB'. Therefore, there wilifferences between node representations effectively captures tem-
be more information about variant patterns to be included in tip®ral uncertainties. Moderate improvements are observed on Collab
invariant patterns for predictions, which leads to dif culties in making+0:19%), Syn-0.6 ¢0:64%), and Arxiv (+1:06%), indicating that
generalized predictions only based on the invariant patterns. Frivasserstein distance still provides value even in more stable network
Table 6, we can observe the signi cant performance drop wheaenarios. However, on Syn-0.8:63% ), we see a slight performance
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Fig. 6: Visualization of snapshots in COLLAB.

(a) VREx (b) GroupDRO (c) EGCN (d) IB-D?GAT
Fig. 7: Visualization of node embeddings produced by IBIAT and baselines on Arxiv.

drop, likely because the synthetic dataset's strong distribution shifitlsIB-D>GAT , governing the trade-off between the suf ciency and
are arti cially constructed, and the Wasserstein distance may not alighinimality of the learned invariant patterns in E88). To investigate

well with the imposed shifts. Overall, the variation in effectivenesgg sensitivity, we x the other hyperparameters in E28) and vary
re ects the adaptive nature of the Wasserstein distance: it provides th ver a wide rangél0 ® ;10 ;103 ;102 ;10 g. The results on

most bene t when genuine distributional uncertainties exist in spatio- Arxiv d dth hetic d din Ei 3
temporal patterns. Importantly, this component consistently improv@? rxiv dataset and the synthetic dataset are presented in Figure 3,

performance across diverse real-world datasets (Yelp, Reddit, Colfipwing that IB-BGAT maintains strong performance across a broad
Arxiv), while showing mixed results only on synthetic datasets wittange of values, which demonstrates that the method is not sensitive
arti cially constructed distribution shifts. This pattern demonstrates thab this hyperparameter; 3 denotes the number of interventions
Wasserstein distance is a crucial component that enhances the moggla|gorithm 2, which controls how many times variant patterns
ability to effectively handle real-world spatio-temporal distribution, e hertyrhed to facilitate learning invariant patterns. To examine its
shifts. o .
sensitivity, we x the other hyperparameters in E88) and varyS over
o the range10®; 10%; 10%; 10%g. The results on the Arxiv dataset and
5.6 Hyperparameter Sensitivity the synthetic dataset are shown in Figure 4, indicating that18AT
To further investigate the impact of hyperparameters on our modgthieves consistently strong performance across a broad rargye of
we conduct sensitivity analysis on three key hyperparameters in {Btues. Overall, these ndings demonstrate that IBEAT is robust
D®GAT , i.e., the weight of variant-pattern-independence constraigf variations in key hyperparameters, maintaining high performance
in Eq. (28), the weight of information bottleneck constraintin  without requiring extensive hyperparameter tuning, which highlights
Eqg.(28), and the intervention timeS in Algorithm 2. The results are jts applicability across diverse scenarios.
shown in Figure 2, Figure 3, and Figure 4, respectively. The results on
one real-world dataset Arxiv and the synthetic dataset are shown, while;  \/isyalizations
the results on the other datasets show similar patterns. Then we have
the following observations: 1) in IB-D2GAT plays a critical role in Showcase. Besides the quantitative comparisons with the baselines,
determining the model's predictive capacity, as theegularization W€ also visualize some snapshots to better clarify the mechanism
term plays an important role as information bottleneck to punish t capturing invariant patterns in our method. Especially, we
model training if capturing variant patterns for predictions. In orddfustrate the snapshots in COLLAB. In Figure 6, the numbers
to explore the hyper-parameter sensitivity of our method, we x thé€ ect edge weights, the solid lines, and the dashed lines denote
default hyper-parameter value in E8), and then vary the in a the invariant and variant patterns, respectively. We nd that our
wide rangef10 3 ;102 ;10 ;10°g to compare their IOerform‘—mces_method can continuously increase the invariant edges' weight and
The results on one real-world dataset Arxiv and the synthetic datag¥tematically capture optimal invariant patterns, progressively
are shown in Figure 2, while the results on the other datasets shd#gngthening its predictive capabilities and boosting generalization
similar patterns. The results illustrate that a smalialue may struggle Performances.
to capture invariant patterns essential for accurate and generaligéslializations of Learned Embeddings. To further verify the
predictions, whereas a model with an excessively largalue may effectiveness of our proposed method, we visualize the learned
include variant features in its learned representations. Neverthelesabeddings of our IB-BGAT and some baselines on Arxiv in
IB-D2GAT can achieve the best performance in a wide range nbde classi cation task. As illustrated in Figure 7, we colorize each
hyper-parameter settings, showing that our method is not sensitivade by its label and observe that our IB®AT can learn more
to the hyper-parameter choices; 2)s another key hyperparameterseparate node embeddings for classi cation, demonstrating that the
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