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Abstract

Although dynamic graph neural networks (DyGNNs) have
demonstrated promising capabilities, most existing methods
ignore out-of-distribution (OOD) shifts that commonly exist
in dynamic graphs. Dynamic graph OOD generalization is
non-trivial due to the following challenges: 1) Identifying in-
variant and variant patterns amid complex graph evolution,
2) Capturing the intrinsic evolution rationale from these pat-
terns, and 3) Ensuring model generalization across diverse
OOD shifts despite limited data distribution observations. Al-
though several attempts have been made to tackle these chal-
lenges, none has successfully addressed all three simultane-
ously, and they face various limitations in complex OOD sce-
narios. To solve these issues, we propose a Dynamic graph
Causal Invariant Learning (DyCIL) model for OOD general-
ization via exploiting invariant spatio-temporal patterns from
a causal view. Specifically, we first develop a dynamic causal
subgraph generator to identify causal dynamic subgraphs ex-
plicitly. Next, we design a causal-aware spatio-temporal at-
tention module to extract the intrinsic evolution rationale be-
hind invariant patterns. Finally, we further introduce an adap-
tive environment generator to capture the underlying dynam-
ics of distributional shifts. Extensive experiments on both
real-world and synthetic dynamic graph datasets demonstrate
the superiority of our model over state-of-the-art baselines in
handling OOD shifts.

Introduction
Dynamic graphs are ubiquitous across various domains
(Yang et al. 2020a; Zhao et al. 2019; Liu et al. 2025). Many
dynamic graph neural networks (DyGNNs) methods have
been proposed to learn meaningful node embedding, achiev-
ing remarkable success in various downstream tasks (Pour-
safaei et al. 2022; Huang et al. 2023; Wu, Fang, and Liao
2024; Zhang et al. 2024). Despite their great progress, most
existing methods (Seo et al. 2018; Pareja et al. 2020; Sankar
et al. 2020; Zhong et al. 2024) are based on the data assump-
tion of independent identically distributed (IID), where the
training and test data share the same distribution. However,
in real-world dynamic graphs, distribution shifts are com-
mon due to the confounding environmental biases in their
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generation process. Most DyGNNs don’t consider the ef-
fect of confounding biases from unstable and variant envi-
ronments, limiting their ability to capture invariant spatio-
temporal patterns and generalize to dynamic graphs with
out-of-distribution (OOD) shifts.

To tackle this issue, and inspired by recent research in in-
variant learning (Arjovsky et al. 2019; Krueger et al. 2021;
Wu et al. 2022b), we argue that the causal patterns in dy-
namic graphs to the labels remain stable and invariant across
different environments. Therefore, we study generalized dy-
namic graph representation learning under OOD shifts by
effectively capturing invariant spatio-temporal patterns from
a causal view. However, it is non-trivial due to the following
key challenges: (1) Identification: How can we distinguish
between invariant and variant patterns in dynamic graphs
amid complex evolution? (2) Extraction: How can we ex-
tract the intrinsic stable evolution rationale from the iden-
tified patterns? (3) Generalization: How can we enable the
model to generalize to a wide range of unseen data with dis-
tribution shifts in the presence of limited observable data?

Several recent attempts have been made to address these
challenges (Zhang et al. 2022, 2023b; Yuan et al. 2023; Yang
et al. 2024; Tieu et al. 2025). However, they suffer from var-
ious issues and limitations. First, DIDA (Zhang et al. 2022),
SILD (Zhang et al. 2023b), and EAGLE (Yuan et al. 2023)
fail to identify causal dynamic subgraphs or explicitly learn
invariant patterns, which are crucial for understanding the
mechanisms behind OOD generalization in dynamic graphs
and providing better interpretability. In addition, DIDA and
SILD extract evolution rationales using the entire dynamic
graph, which makes the evolution rationales that they ex-
tract unstable since the dynamic graph contains environ-
mental biases. On the other hand, EAGLE and EpoD (Yang
et al. 2024) overlook the evolutionary rationales of invari-
ant patterns. Lastly, DIDA, SILD, and EpoD generate dis-
crete and limited environment instances by using observable
graph snapshots for interventions, while OOD-linker (Tieu
et al. 2025) overlooks the role of environmental factors in
dynamic graphs. Both limitations weaken their generaliza-
tion ability in more challenging dynamic OOD scenarios.
EAGLE enhances its generalization capability by inferring
environment distributions to generate sufficient instances,
but it requires additional labels (a mixture of time index and
environment index), which limits its scalability in various
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dynamic OOD scenarios.
To address the limitations of these methods while simul-

taneously tackling the three challenges as a whole, we first
construct a structural causal model (SCM) based on the gen-
eration process of dynamic graphs to explore the causal ef-
fects among various factors. Then, we instantiate a novel
Dynamic graph Causal Invariant Learning (DyCIL) model
based on the causal relationships to handle OOD shifts in
dynamic graphs via exploiting invariant spatio-temporal pat-
terns from a causal view. DyCIL can effectively capture
the invariant spatio-temporal patterns to label remain stable
across various latent environments through jointly optimiz-
ing three mutually promoting modules. Specifically, we pro-
pose a dynamic causal subgraph generator to explicitly iden-
tify causal dynamic subgraphs, offering deeper insights and
enhanced interpretability into the underlying mechanisms
of dynamic graphs OOD generalization. Then, we design a
causal-aware spatio-temporal attention module for learning
representations capable of OOD generalization under distri-
bution shifts by exploiting the intrinsic evolution rationale
of causal dynamic subgraphs. This endows DyCIL with a
higher capability to learn invariant spatio-temporal patterns.
Lastly, we introduce an adaptive environment generator that
adaptively infers environment distribution without requiring
additional information. This enables DyCIL to generate am-
ple continuous environment instances to capture the under-
lying dynamics of distributional shifts, thereby improving
the model’s generalization ability across complex OOD sce-
narios. Contributions of our work are summarized as fol-
lows:

• We introduce DyCIL, a novel model designed for OOD
generalization in dynamic graphs from a causal perspec-
tive. DyCIL can learn invariant spatio-temporal patterns
and generalize well in dynamic scenarios with various
OOD shifts.

• We develop multiple effective modules enabling DyCIL
to handle OOD shifts, including a dynamic causal sub-
graph generator that identifies causal dynamic subgraphs,
a causal-aware spatio-temporal attention module, and an
adaptive environment generator to enable the model to
learn generalized invariant representations under various
OOD shifts.

• Extensive experiments on both real-world datasets and
synthetic datasets demonstrate the superiority of our pro-
posed model over state-of-the-art methods on different dy-
namic graph prediction tasks with OOD shifts.

Related Work
DyGNNs model evolving structures and temporal dependen-
cies in real-world systems (Poursafaei et al. 2022; Huang
et al. 2023; Jiao et al. 2025). Existing methods include
continuous-time models (Nguyen et al. 2018; Jin, Li, and
Pan 2022; Rossi et al. 2020) that process event streams with
time encodings or memory modules, and discrete-time mod-
els (Sankar et al. 2020; Pareja et al. 2020; Zhang et al.
2023a) that represent dynamic graphs as timestamped snap-
shots using GNNs and sequence models. While effective
for temporal representation learning, they overlook OOD

shift. To enhance robustness, graph OOD generalization
has been explored through disentanglement-based methods
(Yang et al. 2020b; Liu et al. 2020; Li et al. 2022a) that sepa-
rate invariant and variant factors, and causality-based meth-
ods (Wu et al. 2022b; Li et al. 2022b; Jia et al. 2024) that
exploit stable causal mechanisms across environments. Mo-
tivated by these advances, recent studies extend OOD gener-
alization to dynamic graphs. DIDA (Zhang et al. 2022) and
SILD (Zhang et al. 2023b) address OOD shifts from the per-
spective of decoupled learning, while EAGLE (Yuan et al.
2023) and EpoD (Yang et al. 2024) enhance generalization
by modeling latent environments. OOD-Linker (Tieu et al.
2025) further improves invariance by leveraging the infor-
mation bottleneck principle.

Preliminary Analysis
A Causal View on Dynamic Graphs
We first take a causal look at the generating process of the
dynamic graph and construct SCM (Pearl et al. 2000) in Fig-
ure 1. It shows the causalities among six variables, where
each directed link from one variable to another denotes a
cause-effect relationship between variables. The key expla-
nations regarding SCM are as follows:

• Ct → Gt ← Et: The observed dynamic graph data is
generated by two unobserved latent variables: the causal
factor Ct and the environment factor Et. While Ct de-
notes the genuine causal relationship, Et is the unstable
variant patterns arising from changes in external variables
over time. For example, living and workplace will affect a
node’s future status in social networks.

• St → Ct ← Tt′ : For a dynamic graph, the causal fac-
tor Ct consist of spatial factor St and temporal factor Tt′ ,
where St denotes the topological information at times-
tamp t and Tt′ (t

′ < t) represents the temporal evolution
information from historical snapshots.

• Ct → Gt → Yt: This link indicates that the causal factor
Ct is the only endogenous parent to determine the gener-
ation of label Yt of Gt in dynamic graphs.

• Et → Ct: This link means that a spurious correlation ex-
ists between causal factor Ct and environment factor Et,
which usually changes over time in dynamic graphs.

According to the SCM of dynamic graphs, we recognize a
backdoor path between Ct and Yt, i.e., Ct ← Et → Gt →
Yt, which will cause a misleading correlation between Ct

and Yt. Furthermore, dynamic graphs collected from differ-
ent environments exhibit various confounding biases. The
spatio-temporal patterns extracted using confounding biases
are unstable, leading to the failure of most DyGNNs to gen-
eralize to OOD shift scenarios.

Backdoor Adjustment
To ensure that predictions in dynamic graphs are based
solely on causal factor Ct, it is imperative to tackle the con-
founding bias effect from the environment factor Et. To
achieve it, we utilize causal tools do-calculus on the vari-
able Ct to eliminate the backdoor path between Ct and Yt, a
process commonly referred to as backdoor adjustment (Pearl
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Figure 1: Structural causal model for the generating process
of the dynamic graph, where grey and white variables repre-
sent observed variables and unobserved, respectively.

2014). By doing so, the probability distribution P (Yt|do(Ct)
can be estimated without interference from Et. Specifically,
we can estimate P (Yt|do(Ct)) by stratifying Et between Ct

and Yt,

P (Yt|do(Ct)) =
∑

ei∈Et

P (Yt|St, Tt′ , Et = ei)P (Et = ei)

(1)
where ei denotes the discrete component of environment
factor Et. Detailed derivations are provided in Appendix B.

Model Instantiations
A dynamic graph can be denoted as a series of snapshots
G1:T = {G1,G2, · · · ,GT }, where T is the total number of
snapshots. Gt denotes the snapshot at timestamp t, which is
a graph with a node-set Vt, an edge-set Et and feature matrix
Xt, i.e., Gt = (Vt, Et,Xt). We denote At as the adjacency
matrix of Gt.In this paper, we mainly focus on dynamic
prediction tasks, which aim to utilize previous snapshot se-
quences to predict future states. i.e., P (Yt|G1,G2, · · · ,Gt),
where Yt denote the node properties or interactive relation-
ship at timestamp t+ 1. To tackle the OOD generalization
challenge in dynamic graphs, we propose a model named
DyCIL, which implements the aforementioned backdoor ad-
justment mechanism. The overall architecture of DyCIL is
illustrated in Figure 2.

Dynamic Causal Subgraph Generator
Based on the above analysis, we know that dynamic graphs
are generated from both causal factors and environmental
factors. Therefore, we assume that each dynamic graph G1:T

has a causal dynamic subgraph Gc
1:T = {Gc

1,Gc
2, · · · ,Gc

T }
whose correlation with the label is invariant across differ-
ent environments. We denote the complement of the causal
dynamic subgraph as the variant dynamic subgraph Ge

1:T =
G1:t \Gc

1:t = {Ge
1 ,Ge

2 , · · · ,Ge
T }, whose relationship with the

label is variant across different environments.
We employ a generator to identify the causal dynamic

subgraph Gc
1:T = Ψ(G1:T ). According to the invariant learn-

ing theory (Rojas-Carulla et al. 2018), we make the follow-
ing assumption about Ψ(G1:T ),
Assumption 1. Given a dynamic graph, there exists a
causal dynamic subgraph generator Ψ(G1:t) such that: (1)
Yt = f(Ψ(G1:t)) + ϵ, i.e., Yt⊥(G1:t \ Ψ(G1:t))|Ψ(G1:t),

where f is the predictor function, ⊥ denotes probabilistic
independence, and ϵ is random noise; (2) ∀ei, ej ∈ E,
p(Yt|Ψ(G1:t), ei) = p(Yt|Ψ(G1:t), ej), where ei, ej denote
instances randomly sampled from environment E.

Assumption 1 shows that we can develop a subgraph gen-
erator to generate causal dynamic subgraphs with sufficient
and stable predictive capability for dynamic node-level pre-
diction tasks across different environments. To characterize
the optimality of causal dynamic subgraph generator, we de-
rive the following result from Assumption 1, which formal-
izes the mutual information maximization property of the
optimal generator.
Theorem 1. Let Ψ be a subgraph generator mapping from
G1:t to a subgraph. Under Assumption 1, the following re-
sults hold:

• The optimal causal subgraph generator Ψ∗ satisfies:

Ψ∗ = argmax
Ψ

I(Ψ(G1:t);Yt). (2)

However, directly optimizing Eq. 2 is challenging, so we
address this issue by approximating it with a variational
lower bound.

• For any generator Ψ, the mutual information can be
lower bounded by a variational approximation:

I(Ψ(G1:t);Yt)

≥ Ep(G1:t,Yt) [log qϕ(Yt|Ψ(G1:t))] +H(Yt)
(3)

where qϕ is any variational distribution approximating
p(Yt|Ψ(G1:t)), parameterized by ϕ, and H(Yt) is the en-
tropy of label Yt.

We provide the detailed proof in Appendix C. In our work,
the bound is indirectly optimized from a causal perspective
through the invariance loss and the intervention loss. There-
fore, Ψ can be instantiated with learnable parameters to gen-
erate the causal dynamic subgraph. In static graphs, exist-
ing methods commonly utilize GNNs to generate soft masks
for identifying causal subgraphs (Wu et al. 2022b; Li et al.
2022b). However, such methods assume the causal struc-
ture to be fixed, which is incompatible with dynamic graphs
where both the topology and underlying causal subgraphs
evolve over time. To address this, we propose to quantify the
spatio-temporal importance of dynamic subgraphs by jointly
encoding spatial structure and temporal dynamics, thereby
enabling the generation of causal dynamic subgraphs with
temporal evolution.

Spatial and Temporal Encoding. We first utilize the de-
gree centrality commonly adopted in literature (Marwick
and Boyd 2011; Ying et al. 2021) to capture the spatial fea-
ture of nodes within the graph. Then we employ the temporal
encoding technique (da Xu et al. 2020) to incorporate tem-
poral dependency information. For node u in snapshot Gt,
we have,

Hu
t = W((Xu

t + deg(Du
t ))⊕ TE(t)), (4)

where W is the trainable parameters, deg(·) is learnable em-
bedding vectors specified by degree Du

t of node u in times-
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Figure 2: The framework of DyCIL.

tamp t as spatial encoding function, and ⊕ is the element-
wise addition. TE(t) denotes the temporal encoding func-
tion, specifically,

TE(t) =

√
1

d
[cos (w1t) , sin (w1t) , · · · , sin (wdt)] , (5)

where w1, · · · , wd are learnable parameters, d is the encod-
ing dimension. In this way, the spatial feature and temporal
dependency information can be inherently incorporated into
Hu

t .
Generate Causal Dynamic Subgraph. Subsequently, we

can obtain the spatio-temporal score of each edge in Gt with
a GNN-based generator,

αu,v
t = MLP(hu

t ||hv
t ), (u, v) ∈ Et, ht = GNN(Gt,Ht),

(6)
where || denotes concatenation operation, ht ∈ R|Vt|×|d|

summarizes the d-dimensional spatio-temporal matrix of all
nodes in Gt, hu

t and hv
t denotes the vector of node u and v

in ht, and αu,v
t denotes the spatio-temporal score of edge

between node u and node v in Gt. Then we will select the
edges with the highest spatio-temporal score to construct a
causal dynamic subgraph Gc

t and collect the complement of
Gc
t as variant dynamic subgraph Ge

t , particularly,

Ec
t = Topr(αt), Ee

t = Top1−r(1− αt), (7)

where αt denotes the spatio-temporal scores of all edges in
Gt, and Topr(·) selects the top−K edges with K = |Et|×r,
and r is the causal ratio.

Causal-Aware Spatio-Temporal Attention
In dynamic graphs, the state of node u at timestamp t is col-
laboratively determined from its current neighbors and past
neighbors, i.e., dynamic ego-graph. Therefore, inspired by
some literature (Sankar et al. 2020; Zhang et al. 2022), we
propose causal-aware spatio-temporal attention to learn the
invariant spatio-temporal pattern of each node with its causal
dynamic ego-graph, further to project the intrinsic evolution
rationale behind the causal dynamic subgraphs into node
embedding.

Specifically, we first construct the causal dynamic ego-
graph of node u at timestamp t based on the iden-
tified causal dynamic subgraphs, denoted as Gc,u

1:t =
{Gc,u

1 ,Gc,u
2 , · · · ,Gc,u

t }. For node u at timestamp t′(t′ ≤
t), we utilize spatial self-attention integrated with spatial-
temporal scores αu,v

t′ to aggregate information from the
neighbors of Gc,u

t′ . On the one hand, αu,v
t′ helps learn causal

information with diversity, thereby aiding the model in ef-
fectively extracting invariant patterns. On the other hand, in-
volving the dynamic causal subgraph generator in the opti-
mization process allows for end-to-end training. This pro-
cess is formalized as follows,

zut′ =
∑

v∈Nu
t′

βu,v
t′ vv

t′ , β
u,v
t′ =

exp
(

qu
t′ (k

v
t′ )

T

√
d′ αu,v

t′

)
∑

j∈Nu
t′
exp

(
qu
t′ (k

j

t′ )
T

√
d′ αu,j

t′

)
(8)

qu
t′ = WqXu

t′ , kv
t′ = WkXv

t′ , vv
t′ = WvXv

t′ , (9)
where zut′ summarizes the causal patterns at timestamp t′
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,N u
t′ = {v : (u, v) ∈ Ec

t′} is the L-hop causal neighbors of
node u at timestamp t’, and d′ denotes the feature dimension.
qu
t′ , k

v
t′ , v

v
t′ represents the query vector of node u, key and

value vector of node v in timestamp t’, respectively.
After getting causal patterns zu1:t′ of node u across various

snapshots, we employ a temporal self-attention mechanism
to aggregate information from its causal dynamic ego-graph
Gc,u
1:t to obtain the final invariant spatio-temporal node em-

bedding zut of node u at timestamp t. Specially,

zut =
t∑

t′=1

γu
t,t′v

u
t′ , γu

t,t′ =
exp

(
qu
t (k

u
t′ )

T

√
d′

)
∑t

i=1 exp
(

qu
t (k

u
i )

T
√
d′

) (10)

qu
t = Wq (zut ||TE(t)) ,ku

t′ = Wk (zut′ ||TE(t′)) ,

vu
t′ = Wv (zut′ ||TE(t′))

(11)

where qu
t , ku

t′ , v
u
t′ represents the query, key and value vec-

tor of node u in timestamp t and t’, respectively. TE(t) is
utilized to account for the inherent temporal dependencies
across different snapshots.

Adaptive Environment Generator
Inferring environment instances directly from observed data
suffers from two key drawbacks: it yields only a limited
number of discrete environments and fails to reflect the con-
tinuous nature of dynamic OOD shifts. For example, in cita-
tion networks, authors gradually transition between research
fields. To overcome this, we infer the environment distribu-
tion and sample a large number of semantically similar yet
distinct instances. These continuous environment variations
help the model capture the underlying dynamics of distri-
butional shifts, thereby improving its generalization ability
across complex OOD scenarios. Specifically,

q(Et|Xe
t ,A

e
t ) =

n∏
i=1

q(Ei
t|Xe

t ,A
e
t ), (12)

q(Ei
t|Xe

t ,A
t
t) = N (Ei

t|µi
t, diag((σ

i
t)

2)), (13)

where Xe
t and Ae

t denote the feature matrix and adjacency
matrix of variant subgraph Ge

t , respectively, Ei
t represents

the i-th vector of Et, µi
t and (σi

t)
2 are the i-th values of en-

vironment mean vectors µt and environment variance vector
(σt)

2. Then we sample sufficient environment instances ei
from the approximate posterior distribution q(Et|Xe

t ,A
e
t )

of latent environment to conduct causal intervention, which
can endow the model with stronger generalization capabili-
ties across various complex dynamic OOD scenarios.

Additionally, to accurately characterize the environmen-
tal distribution, we take a new prior distribution on the envi-
ronment by allowing for prior parameters to be modeled by
information of variant dynamic subgraphs. In particular, we
can write the construction of the prior distribution adopted
in our work as follows,

p(Et|Xe
t ,A

e
t , t) = N (µp

t , diag((σ
p
t )

2)), (14)

(µp
t ,σ

p
t ) = MLP(GNN(Xe

t ,A
e
t )||TE(t)), (15)

where µp
t and (σp

t )
2) are the learned prior mean vector and

variance vector, respectively. Here, the temporal encoding
function is employed to preserve the temporal dependency
information in prior distribution. We can enforce the ap-
proximate posterior q(Et|Xe

t ,A
e
t ) to be close to the prior

p(Et|Xe
t ,A

e
t , t) by minimizing their KL divergence to opti-

mize the process,
LE = KL[q(Et|Xe

t ,A
e
t )||p(Et|Xe

t ,A
e
t , t)]. (16)

Optimization with Causal Intervention
Based on the learned invariant spatio-temporal embedding z
and generated environment instance ei, we further instanti-
ate the training objective of OOD generalization with causal
intervention. We first utilize two classifiers to project z and
ei into a probability distribution over labels y, where z and
y are the summarized invariant node embeddings and labels.
Inspired by (Wu et al. 2022b; Cadene et al. 2019), then we
formulate the joint prediction ŷdo(E=ei) under the interven-
tion do(E = ei) as ŷc masked by ŷei ,
ŷdo(E=ei) = ŷc ⊙ σ(ŷei), ŷc = Φc(z), ŷei = Φe(ei),

(17)
where ŷc is the predicted label obtained solely from the
causal dynamic subgraphs, ŷei measures the predictive abil-
ity of the variant dynamic subgraphs form environment, and
⊙ denotes element-wise multiplication, σ is the sigmoid
function used to help discover the causal subgraph via ad-
justing the output logits of z. Then we calculate the the in-
tervention loss and task loss as follows,
Ldo = Varei∈E

{
ℓ(ŷdo(E=ei), y)

}
, Linv = ℓ(ŷc, y).

(18)
The final loss function consists of three parts: invariance

loss, intervention loss, and the KL divergence of the envi-
ronmental distribution,

L = Linv + λ(Ldo + LE), (19)
where λ is the trade-off weight. We provide the overall train-
ing algorithm, complexity analysis, and time cost of DyCIL
in Appendix A, D, and G.

Experiments
Datasets and Baselines
We utilize three real-world datasets, namely Collab (Tang
et al. 2012), ACT (Kumar, Zhang, and Leskovec 2019),
and Aminer (Tang et al. 2008). Additionally, we synthe-
size two datasets by introducing manually designed dis-
tribution shifts, Temporal-Motif and Synthetic-Collab. Ta-
ble 1 summarizes the statistics of all datasets. We compare
our method with representative approaches from DyGNNs
(GCRN (Seo et al. 2018), EvolveGCN (Pareja et al. 2020),
DySAT (Sankar et al. 2020)), OOD generalization (IRM
(Arjovsky et al. 2019), V-REx (Krueger et al. 2021), Graph-
DRO (Sagawa* et al. 2020)), graph OOD generalization
(DIR (Wu et al. 2022b), EERM (Wu et al. 2022a), and
dynamic graph OOD generalization (DIDA (Zhang et al.
2022), SILD (Zhang et al. 2023b), EAGLE (Yuan et al.
2023), OOD-Linker (Tieu et al. 2025) ). More details about
the datasets, baselines, reproducibility, and experiment re-
sults are in Appendix E, F, and G.
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Dataset # Nodes # Edges # Snapshots # Features # Classes Train/Val/Test Temporal
Granularity Distribution Shift

Collab 23,035 151,790 16 32 - 10/1/5 year Cross-Domain Transfers
ACT 20,408 202,339 30 32 - 20/2/8 day Cross-Domain Transfers

Synthetic-Collab 23,035 151,790 16 64 - 10/1/5 - Feature Evolution
Temporal-Motif 5,000 298,709 30 8 3 24/3/3 - Motif Structure Transfers

Aminer 43,141 851,527 17 128 20 11/3/3 year Temporal Evolution

Table 1: The summary of the dataset statistics.

Dataset Collab ACT Synthetic-Collab

Method Type Model w/o OOD w/ OOD w/o OOD w/ OOD p̄ = 0.4 p̄ = 0.6 p̄ = 0.8

DyGNNs
GCRN 82.78±0.54 69.72±0.45 76.28±0.51 64.35±1.24 72.57±0.72 72.29±0.47 67.26±0.22

EvolveGCN 86.62±0.95 76.15±0.91 74.55±0.33 63.17±1.05 69.00±0.53 62.70±1.14 60.13±0.89
DySAT 88.77±0.23 76.59±0.20 78.52±0.40 66.55±1.21 70.24±1.26 64.01±0.19 62.19±0.39

OOD
IRM 87.96±0.90 75.42±0.87 80.02±0.57 69.19±1.35 69.40±0.09 63.97±0.37 62.66±0.33

VREx 88.31±0.32 76.24±0.77 83.11±0.29 70.15±1.09 70.44±1.08 63.99±0.21 62.21±0.40
GroupDRO 88.76±0.12 76.33±0.29 85.19±0.53 74.35±1.62 70.30±1.23 64.05±0.21 62.13±0.35

Graph OOD EERM OOM OOM OOM OOM OOM OOM OOM
DIR 88.18±0.12 76.07±0.30 88.24±0.46 75.71±2.15 76.81±1.11 67.97±0.35 66.53±0.60

Dynamic Graph
OOD

DIDA 91.97±0.05 81.87±0.40 89.84±0.82 78.64±0.97 85.20±0.84 82.89±0.23 72.59±3.31
SILD 92.36±0.19 84.14±0.31 89.28±0.41 79.91±0.65 85.95±0.18 84.69±1.18 78.01±0.71

EAGLE 92.34±0.13 84.24±0.19 92.43±0.71 82.99±0.83 88.12±0.47 86.97±0.50 82.08±0.96
OOD-Linker — 85.30±0.31 — 85.98±1.00 85.58±1.54 83.09±1.82 79.83±1.69

DyCIL 95.00±0.09 86.54±0.17 93.41±0.13 85.66±0.21 90.98±0.09 87.69±0.23 83.31±0.19

Table 2: AUC score (%) of link prediction. The best are bolded and the second best are underlined.

Results on Link Prediction Task

We show the results in Table 2. DyGNNs methods de-
teriorate significantly under distribution shifts, while Dy-
CIL achieves more progress in OOD scenarios. Specifi-
cally, compared to DySAT, DyCIL achieves improvements
of 7.01% and 12.9%, and 18.9% and 28.7% for the w/o OOD
and w/ OOD scenarios on the Collab and ACT datasets, re-
spectively. The general OOD generalization methods only
have limited improvements, as the environment labels they
rely on are not available in real-world dynamic graphs.
Graph OOD methods focus only on the causal rationale of
the structure without considering the temporal dynamics of
dynamic graphs, hindering their ability to handle OOD shifts
in dynamic graphs. DIDA and SILD rely solely on observ-
able data to perform causal interventions, which weakens
their generalization ability in scenarios with severe distribu-
tion shifts. Specifically, in the Synthetic-Collab dataset with
p̄ = 0.8, the performance of DIDA and SILD decrease by
10.3% and 6.68% compared to p̄ = 0.6, while our model
only drops by 4.41%. This demonstrates that DyCIL has
better generalization capabilities in dynamic graphs with se-
vere OOD shifts by capturing the underlying dynamics of
distributional shifts adaptively. EAGLE achieves further im-
provements by focusing on latent environment modeling of
dynamic graphs. However, it requires additional labels to in-
fer the environment and overlooks the intrinsic evolution ra-
tionale of invariant patterns that are commonly present in
real dynamic graphs, which hinders its scalability and per-
formance. Therefore, DyCIL shows a more significant im-
provement in the Collab and ACT real-world datasets com-

pared to EAGLE. Due to its neglect of environmental influ-
ences, OOD-Linker performs significantly worse than EA-
GLE and DyCIL on three synthetic datasets characterized
by severe OOD distribution shifts.

Results on Node Classification Task
The results are shown in Table 3. DyCIL outperforms all
baseline methods on both node classification datasets by a
significantly large margin. Specifically, DyCIL improves by
4.77%, 8.43%, and 12.23% over the best baseline, SILD, on
the Temporal-Motif dataset. As time evolves, the improve-
ment of DyCIL becomes more significant, mainly because
the emergence of more unseen variant motif structures leads
to more severe distribution shifts as time goes on. SILD
struggles to handle cases with severe OOD shifts, resulting
in a noticeable performance decline over time. In contrast,
DyCIL can continuously capture causal motif structures un-
der different degrees of distribution shifts, thus significantly
outperforming various baselines. On the Aminer dataset,
DyCIL handles OOD shifts better than all the baselines,
which validates that DyCIL can capture invariant spatio-
temporal patterns under distribution shifts. In addition, Dy-
CIL exhibits smaller variance in most cases, showing it’s
less sensitive to spurious correlations under different distri-
bution shifts.

Ablation Study
To further validate the contribution of each component in
our model, we conduct ablation experiments. We name the
DyCIL variants as follows, w/o SG: DyCIL without the dy-
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Dataset Temporal-Motif Aminer

Method Type Model T-M28 T-M29 T-M30 Aminer15 Aminer16 Aminer17

DyGNNs
GCRN 51.93±1.68 51.55±1.26 51.31±1.28 47.96±1.12 51.33±0.62 42.93±0.71

EvolveGCN 45.63±0.33 45.50±0.28 45.29±0.42 44.14±1.12 46.28±1.84 37.71±1.84
DySAT 48.44±0.56 48.20±0.45 47.99±0.45 48.41±0.81 49.76±0.96 42.39±0.62

OOD
IRM 50.17±0.71 50.01±0.52 49.84±0.67 48.44±0.13 50.18±0.73 42.40±0.27

VREx 51.32±0.77 52.64±0.63 50.79±0.46 48.70±0.73 49.24±0.27 42.59±0.37
GroupDRO 50.89±0.38 50.95±0.87 50.18±0.53 48.73±0.61 49.74±0.26 42.80±0.36

Graph OOD EERM 45.23±0.47 45.05±0.40 44.68±0.41 OOM OOM OOM
DIR 47.07±0.45 47.42±0.68 45.74±0.56 46.85±1.84 49.69±1.71 41.73±1.41

Dynamic Graph
OOD

DIDA 64.26±0.31 63.71±0.41 61.94±0.33 50.34±0.81 51.43±0.27 44.69±0.06
SILD 77.89±0.74 72.70±0.84 66.72±0.93 51.61±1.12 52.85±1.05 44.47±1.18

EAGLE 67.26±1.17 66.98±1.06 65.46±1.05 OOM OOM OOM

DyCIL 82.66±0.34 81.13±0.20 78.95±0.19 53.04±0.75 54.30±0.21 45.89±0.45

Table 3: ACC score (%) of node classification. The best are bolded and the second best are underlined.
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Figure 3: The ablation experiment results.
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Figure 4: A case study on Temporal-Motif dataset.

namic causal subgraph generator. w/o AM: DyCIL without
the causal-aware spatio-temporal attention module. w/o EG:
DyCIL without adaptive environment generator. We present
the ablation experiment results in Figure 3. Overall, DyCIL
outperforms all its variants across various datasets. Remov-
ing any of the three components leads to a significant per-
formance drop, further validating the effectiveness of each
component of our model. In summary, DyCIL jointly opti-
mizes three mutually promoting modules to effectively cap-
ture invariant spatio-temporal patterns and achieve OOD
generalization under distribution shifts in dynamic graphs.
More ablation analyses are provided in Appendix G.

Case Study
To verify whether DyCIL truly learns the causal dynamic
subgraphs and captures the evolutionary rationale in dy-

namic graphs, we conduct a case study on the Temporal-
Motif dataset. Since the node labels are determined solely by
the evolving ’house’ motif that constitutes the causal ratio-
nale, the causal dynamic subgraphs generated by the model
should contain more ’house’ motifs. Therefore, we calcu-
late the ratio of ’house’ motifs in the causal dynamic sub-
graphs to the total number of ’house’ motifs and show its
relationship with performance in Figure 4. We can notice
that as the number of training epochs increases, the iden-
tified causal dynamic subgraphs contain more ’house’ mo-
tifs, enabling successive improvements in performance. In
other words, the performance improvement of DyCIL comes
from capturing more ’house’ motifs. It demonstrates that
DyCIL captures genuine causal patterns to make stable pre-
dictions across various distribution shifts and explains why
DyCIL has good OOD generalization ability. This serves as
additional evidence that DyCIL enhances interpretability by
identifying causal subgraphs in dynamic graph OOD gener-
alization.

Conclusion

In this paper, we propose DyCIL, a novel model to handle
OOD shifts in dynamic graphs by exploiting spatio-temporal
invariant patterns from a causal view. DyCIL first gener-
ates causal dynamic subgraphs via a dynamic causal sub-
graph generator. Then DyCIL learns invariant node repre-
sentations by capturing the evolutionary rationale behind
its causal dynamic ego-graph. Finally, DyCIL instantiates
latent environments through inferred environment distribu-
tion and performs causal interventions. Experiment results
demonstrate that DyCIL can better handle OOD shifts com-
pared to state-of-the-art baselines. The ablation study further
validates the contribution of each module. Additionally, we
conduct a case study to demonstrate DyCIL’s capability to
identify causal dynamic subgraphs. One limitation is that we
mainly consider discrete dynamic homogeneous graphs. Fu-
ture work can explore OOD generalization in dynamic het-
erogeneous graphs and continuous dynamic graphs, which
are more common and challenging in the real world.
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