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Abstract

Dynamic Graph Neural Networks (DyGNNs) are
facing challenges with distribution shifts between
training and test data that are similar but not identi-
cal. Existing DyGNNs for out-of-distribution sce-
narios primarily focus on discovering invariant pat-
terns in the spatial domain, overlooking its im-
pact on the structural properties in the spectral do-
main. In this paper, we propose a spectral-based
graph augmentation framework designed to inves-
tigate and improve generalization behavior in dy-
namic graphs under distribution shifts. Specifi-
cally, we augment the input graph spectra into a
mixture of shift components by maximizing the
variance of spectral distance and propose an effi-
cient approximation to reduce the computational
cost brought by eigen-decomposition. Building
on this, we develop a multi-encoder architecture
in which each encoder targets a specific spectral
shift component to generate referential representa-
tions. Our method adopts a new learning objective
to encourage the model to rely on robust spectral
properties for better generalization under distribu-
tion shifts. Extensive experiments on both real-
world and synthetic datasets demonstrate that our
proposed method significantly outperforms state-
of-the-art approaches in node classification and link
prediction tasks. Source codes are available at
https://github.com/SSQiana/DSPA.

1 Introduction

Dynamic graphs can represent complex relationships in the
real world, where nodes correspond to entities and edges in-
dicate their interactions. Dynamic graph neural networks
(DyGNNs) have been proposed to tackle complex struc-
tural and temporal information over dynamic graphs, and
have demonstrated significant advancements in various do-
mains, including social networks [Zhu er al., 2024; Jiang et
al., 2024], recommendation systems [Zhang and Gan, 2024;
Abolghasemi er al., 2024], and transportation networks [Xia
et al., 2024; Chen er al., 2024; Zhou et al., 2020].
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Figure 1: Comparison between uniform and spectral augmentations.

Despite their great success, most DyGNNSs are trained and
evaluated under the assumption that dynamic graph data are
independent and identically distributed. However, this as-
sumption does not always hold because distribution shifts nat-
urally emerge as graphs evolve. For instance, in social net-
works, user interaction patterns may change significantly in
response to trending topics, making past data less representa-
tive of current behaviors. If a classifier relies heavily on such
spurious patterns from the training set, it inevitably fails to
generalize to unseen test sets under distributions.

Invariant learning [Arjovsky et al., 2019; Wu er al., 2022]
addresses the out-of-distribution (OOD) problem by identify-
ing correlations that remain stable across training and testing
environments. A prominent strategy within this paradigm is
to create multiple training environments via data augmenta-
tion to develop robust predictors. For example, prior works
have investigated distribution shifts caused by modifications
to graph structure [Zhu er al., 2021; Buffelli er al., 2022],
node features [Liu et al., 2023; Wu et al., 2024b], or graph
sizes [Liu et al., 2022b; Li et al., 2022], under the assump-
tion that target data conform to a specific shift type. The ef-
fectiveness of these methods makes the augmentation strat-
egy a critical component for model generalization. However,
the real-world distribution shifts and graph dynamics are un-
known, which could be any combination of multiple distribu-
tion shift components. Fixed combinations of uniform aug-
mentations, fail to comprehensively cover the potential shift
configurations in practical scenarios, resulting in undesirable
generalization on new unseen nodes.
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To validate this insight, Figure 1 presents a preliminary
analysis comparing augmentation strategies. We employ the
EERM [Wu et al., 2022] framework on the COLLAB dataset,
which minimizes mean and variance risks across multiple
augmentation branches. Specifically, we conduct a com-
parative analysis of two topology augmentation heuristics:
1) uniform augmentation, which perturbs edges uniformly
at random; and 2) spectral augmentation, which flips edges
within and across node clusters to induce principled changes
in graph properties [Lin ef al., 2023; Lin et al., 2022]. The
results demonstrate that, under an equivalent perturbation
budget, the spectral-based strategy consistently outperforms
uniform augmentation across varying perturbation rates and
numbers of branches. The performance gap between these
two strategies motivates us to improve common uniform aug-
mentations and explore effective graph augmentation strate-
gies that better preserve graph invariance.

In this paper, we propose spectral augmentation as a sur-
rogate for structural graph augmentation to enhance out-of-
distribution generalization. Specifically, we define the spec-
tral distance between an original graph and its perturbed
counterpart measured by their Laplacian eigenvalues. The
key idea of our approach is to decompose the input graph
into multiple shift components by maximizing the variance
of spectral distance and learn predictors that focus on ro-
bust spectral components. However, calculating the spec-
tral distance requires the eigendecomposition of the graph
Laplacian, which results in a prohibitive time complexity of
O(N?) with N nodes in a graph. We introduce an approxi-
mate solution based on the Rayleigh quotient, reducing the
computational complexity from O(N?) to O(m?) with m
non-isolated nodes in the graph. On top of this, we propose
a novel objective that minimizes both the variance and the
constructive risk across multiple spectral components. This
objective encourages the classifier to focus on robust spec-
tral components that remain stable under small edge pertur-
bations (i.e., environment-insensitive) while reducing depen-
dency on unstable components susceptible to perturbations
(i.e., environment-sensitive). The main contributions of this
work are summarized as follows:

¢ A Novel Framework: We propose a new approach to
migrate dynamic graph distribution shifts by decompos-
ing and mitigating complex distributional shifts on the
spectral domain.

* A Novel View: We propose to extrapolate distribution
shifts into a mixture of spectral components and encour-
age the model to encode crucial topological information
that remains invariant under such shifts.

e Superior Performance: We conduct comprehensive
experiments on both real-world and synthetic datasets
to evaluate the performance of the proposed method.
DSPA outperforms state-of-the-art methods on both link
prediction and node classification tasks.

2 Related Works

OOD Generalization on Graphs. Out-of-distribution gen-
eralization on graphs often relies on invariant learning, which

assumes that invariant factors related to the label remain sta-
ble across environments, while variant patterns may still be
predictive. As a widely adopted framework, IRM [Arjovsky
et al., 2019] aims to learn a representation function that en-
ables a shared classifier to perform optimally across multiple
environments. Based on these principles, existing approaches
for graph OOD generalization can be broadly categorized into
two types: (i) Graph data augmentation [Liu er al., 2023;
Liu er al., 2022a; Wu et al., 2024b], which perturbs the graph
structure in a rule-based manner; and (ii) Disentangled rep-
resentation learning [Yu er al., 2024; Zhang et al., 2022;
Zhang et al., 2023], which attempts to separate feature rep-
resentations into domain-invariant and domain-specific com-
ponents. In this work, we focus on graph data augmentation
to enhance the generalization capability of DyGNNSs.

3 Preliminaries

Dynamic Graph. Let G be a dynamic graph defined over a
global node set V with |V| = N, which captures the temporal
evolution of node interactions and attributes. The dynamic
graph is represented as a sequence of discrete-time snapshots
G = {G;}1_,, where each snapshot is defined as a tuple G; =
(V, &, X+, At), comprising a node set V; C V, an edge set
&, a node feature matrix X; € RIVt!Xd~ and an adjacency
matrix A;. Here, d denotes the dimension of node features.

Graph Spectrum. For a given graph snapshot G, =
(Vt, &), the normalized Laplacian matrix is defined as:
Losim: = I — D, /2A;D; /%, where I is the identity ma-
trix, A; is the adjacency matrix, and Dy is the diagonal degree
matrix. Since this matrix is real and symmetric, it admits the
eigendecomposition Lyom,: = UtAtUtT . In this decomposi-
tion, Ay = diag(A1¢,..., An,) is the diagonal matrix of real
eigenvalues; the set of these eigenvalues constitutes the graph
spectrum. The corresponding matrix U; = [uy, ..., un ]
is an orthogonal matrix whose columns are the orthonormal
eigenvectors, also known as the spectral bases.

OOD Generalization on Dynamic Graphs. In the con-
text of dynamic graphs, we use the random variables Gy.;
and Y; to indicate the sequence of ego-graphs up to time ¢
and their true labels, while G;.; and y; refer to their spe-
cific empirical observations. We aim to learn a parameterized
DyGNN mapping, fo : Gi.4 — Y, designed to generalize
label predictions to unseen testing data.Aligning with stan-
dard practices in dynamic graph analysis [Gui ef al., 2022;
Yang et al., 2024], our research concentrates on node-level
predictions. For any given node v associated with a temporal
ego-graph G, 1., the training loss for the sample (G, 1.1, y¢)
is computed as £(y;, fo(Gy,1:¢)). The core pursuit of OOD
generalization is to ensure the model maintains stable per-
formance across diverse testing environments, motivating the
optimization objective below:

0" = arg;nin EG, ... v1,)~pe (Y, fo(Git)) |- (D)

4 Methodology

The framework of the proposed DSPA is illustrated in Fig-
ure 2. We formulate the generalization problem as a two-
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Figure 2: A conceptual diagram of the DSPA architecture. We construct DSPA and decompose the generalization problem into two distinct
phases: (left) Decomposing the input graph spectrum into a mixture of spectral components to accommodate target shifts; (right) Mitigating
distribution shifts by constraining each individual spectral component to reduce the corresponding surrogate shift.

stage framework: (i) Surrogate estimation: Decomposing
the graph into a mixture of spectral components that serve
as surrogates for target shifts, explicitly designed to capture
the heterogeneity of the graph structure; and (ii) Mitigation:
Neutralizing individual shift components via invariant learn-
ing to prioritize robust spectral component. We next present
the specific methodology designed to realize this framework.

4.1 Spectral Augmentation for Shift Extrapolation

This section introduces our dynamic graph spectral augmen-
tation strategy, which focuses on perturbing edges that induce
significant changes in structural properties. We first formulate
the augmentation principle as a spectral perturbation. Subse-
quently, we derive an approximation method to alleviate the
computational overhead associated with large graphs.

Probabilistic Edge Flipping Mechanism

Instead of relying on fixed heuristic rules, we draw inspira-
tion from SPAN [Lin et al.,2023] and formulate topology
augmentation as a learnable probabilistic process. We intro-
duce a set of K learnable probability matrices, denoted as
{®,®s,..., P}, whereeach @, € [0,1]V*Y governs the
generation of the k-th augmented view.

For a specific view k, each entry (®y),, represents the
probability of flipping the edge status between node w and
v. To physically realize this augmentation, we first determine
the permissible direction of modification using a structural
direction matrix D € {—1, 1}V*¥:

D=A-A, 2)
where A represents the adjacency of the complement graph
(without self-loops). Consequently, D,,,, = 1 implies that the
edge (u, v) does not exist and can be added, whereas D,,,, =
—1 indicates an existing edge that can be removed.

To generate the augmented adjacency matrix A®) | we
sample a binary perturbation mask B(*) from the Bernoulli

distribution parameterized by ®:
AR = A+DoB®. (3)

k) _

P

Bq(ﬁ)) ~ Bernoulli((‘@k)uv) )

Here, o denotes the Hadamard product. If B 1, the
operation defined in D,, is applied (adding or removing
the edge); otherwise, the connection remains unchanged.
The expectation of this stochastic augmentation is given by
E[A®)] = A 4+ D o ®,, making the topology shift differen-
tiable with respect to the probability parameters.

Optimizing for Spectral Diversity

To ensure the augmented views cover a wide range of spec-

tral shifts, we optimize the probability matrices {®;}5_, to

maximize the diversity of their resulting spectral properties.

Specifically, we focus on the graph spectral distance variance.
Let Dspec(‘} «) be the spectral distance of the expected aug-

mented graph for the k-th view:

cig(Lap(A®)) - eig(Lap(A))Hz. @

The optimization objective is then formulated to maximize
the variance of these distances across all K views:

m%};eg Var ({Dspec(ék)}i(;l) ’

Tyeees

Dspec((I)k) = ‘

ﬁaug = % @)
where () constrains the perturbation budget. By maximizing
this variance, the model is incentivized to generate views that
exhibit distinct spectral characteristics.

Scalability

Directly optimizing the spectral distance in Eqn.4 requires
performing eigendecomposition of O(N?), which is compu-
tationally prohibitive for large graphs. To mitigate this, we
employ a first-order spectral approximation based on matrix
perturbation theory.
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Proposition 1 (Spectral Approximation via Rayleigh Quo-
tient). Let L be the Laplacian of the original graph and
{(Aj,u;)} be its eigenpairs. Consider the perturbed Lapla-
cian for the k-th view as L*) = L + AL(®},), where
AL(®y) represents the Laplacian change induced by the
probabilistic edge perturbation D o ®y.

Assuming the perturbation magnitude is bounded, the

perturbed eigenvalues ;\§-k) can be approximated using the

Rayleigh Quotient of L'*) evaluated on the original eigen-
vectors u;. Since the original eigenvectors are normalized,
this simplifies to:

A~ RIL® w;) = u] (L + AL(®))u;
=\ +u/ AL(®p)u;. (6

Proof. The Rayleigh Quotient R(M,x) = X Mx i sa-
tionary at the eigenvectors of M. Specifically, the gradient
VxR(M, x) vanishes when x is an eigenvector. According
to matrix perturbation theory, the perturbed eigenvector 1
can be expressed as ; = u; + O(||ALJ|). Substituting u;
into the Rayleigh Quotient of the perturbed matrix, we obtain:

A = RILY, 5) ~ RILY ) + O(|ALD). (@)
O

Proposition 1 essentially states that utilizing the fixed ba-
sis u; provides a robust first-order estimation of the spec-
tral shift. Accordingly, we pre-compute the eigenvectors
U = [uy,...,uy] of the original Laplacian L once. During
the optimization of the probability matrices ®j, we treat U
as a fixed basis and backpropagate gradients solely through
the perturbation term AL(®). This approximation avoids
computationally expensive repetitive eigendecompositions.

Furthermore, in the context of dynamic graphs, isolated
nodes in each snapshot are excluded from the spectral anal-
ysis, as they do not convey structural shift information. Re-
stricting the analysis to the subgraph of m active nodes re-
duces the per-iteration complexity from O(N?3) to O(m?),
resulting in an overall training complexity of O(T'-L- K -m?),
where 7', L, and K denote the number of time steps, opti-
mization iterations, and augmented views, respectively.

4.2 Mitigating Shift Components by Invariant
Learning

Having estimated the spectral surrogates via learnable prob-
abilistic flipping, we propose an invariant spectral filtering to
capture stable patterns in the spectral domain. We treat the
original graph as a reference anchor and apply contrastive
learning to align each augmented view with the original
graph, thereby eliminating the effects of the induced spectral
shift components.

The DSPA Workflow

We process the original graph and its augmentations through
a shared encoder to capture both invariant and variant fea-
tures. Formally, let G; denote the ego-graph instance at snap-
shot ¢t with adjacency matrix A;. The encoder is denoted
as h : G; — R? which projects graph snapshots into a la-
tent embedding space. h assumes two conceptual roles: the

Reference Encoder serves as an in-distribution module that
processes the original graph to extract the invariant compo-
nent, whereas the Shift Encoder processes augmented graphs
to generate variant components as illustrated in Figure 2. We
refer to the scenario where h produces referentially invariant
representations w.r.t. spectral surrogates while allowing het-
erogeneity across different spectral instances. The objective
function ensures that h generalizes under multiple shifts.

Invariant Component (Z;): The encoder processes the
original (in-distribution) graph G;, serving as a reference to
produce a stable and distribution-invariant representation:

Z; = h(Gy). ®)

Variant Components ({Zy;}X ): To capture potential
distributional shifts, the encoder processes the K augmented

views. Let gt(’“) be the graph instance associated with the

augmented adjacency Agk) (from Eqn. 3). The variant repre-
sentations are obtained as:

Zye=h(G"), fork=1,... K. 9)

These generated representations are then propagated to a
classifier u. Consequently, the overall model is defined as
f = p o h, with the prediction function articulated as:

$o(Ge) = n(n(Gy), (GM), ...

Unlike most DyGNNs that process all temporal snapshots
simultaneously—which is both memory-consuming for large
dynamic graphs and infeasible for true inductive learning.
Instead, our approach processes snapshots sequentially. We
leverage snapshot from the current timestep ¢ to predict edges
at the subsequent timestep ¢ 4 1. This strategy is suited for
inductive learning and aligns with the evolutionary nature of
dynamic graphs. We use GCN as the encoder h and train the
model using stochastic gradient descent.

r(G ). 0

Training Objective
To learn representations that are robust to distributional shifts,
we propose an objective that trains the model on both the orig-
inal graph and its spectrally diverse augmentations.
e Tusk Loss (L1). The task loss guides the model to utilize
invariant representations Zj for downstream prediction. It is
defined as:

L1 :é(u(zl)aY)v (11)

where p is the prediction head, and / is the task loss function.
e [nvariance Loss (L2). To encourage consistency across
spectrally shifted views, we minimize the variance of the task
losses computed from the K augmented components. The
invariance loss is defined as:

K

1
Ly =Var ({GHo) = =2 (=0 (12
k=1

where /}, denotes the prediction logit corresponding to the k-
th gugmented view, and ¢ :'% Zle ), represents the mean
logit across all augmented views.

e Contrastive Loss (L3). Note that the augmentation strategy
specifically targets edge perturbations that cause substantial
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variations in the graph’s structural characteristics. Drawing
inspiration from the InfoMin principle [Zhao et al., 2021;
Lin et al., 2023; Meng and Liu, 2023], we propose a con-
trastive learning objective that maximizes the correspondence
between Z; and Zy . This encourages the model to focus
on sensitive edges, while edges that introduce structural in-
stability are treated as noise and disregarded by the encoder.
This ensures that the model’s representations remain consis-
tent across different augmented views.

Specifically, let D; denote the denominator in the con-
trastive loss for sample ¢, computed as:

K N

N
s(z1 5,21 5) s(z1,i2v,1,4)
P ST 3 S R
J=1

=1 =1 j=1
J#i

Then, the contrastive loss L3 is formulated as:

K N 8(21,1,2V,1.1)
L& g & e (ememns)
Lo= e 2 2108

D; ’

where s(-,-) denotes the similarity function between two la-
tent vectors, and 7 is the temperature hyperparameter.

o Total Loss. Following recent advances in adversarial train-
ing on graphs [Wu et al., 2022; Feng et al., 2019], we opti-
mize the network’s parameters independently. We maximize
the spectral diversity of perturbations via ® while simulta-
neously minimizing the overall objective with respect to the
model parameters 6:

(14)

mein(cl + Lo(®") + aLs(P")) (15)
st. P =arg %;?géﬁaug’ (16)

where « is a hyperparameter balancing the contributions, and
Laug 1s the spectral distance variance defined in Eqn. (5).

5 Experiments

5.1 Experimental Setup

Datasets. We conduct experiments on four node property
prediction datasets: COLLAB [Tang er al., 2012], Yelp
[Sankar et al., 2020], ACT [Kumar et al., 2019], and Aminer
[Zhang et al., 2023]. Following [Yuan et al., 2023; Zhang et
al., 20231, we construct distinct in-distribution (ID) and out-
of-distribution (OOD) partitions for each dataset. For COL-
LAB, Yelp, and ACT, we adopt the challenging inductive fu-
ture link prediction task; where the model is evaluated on a
dynamic graph containing nodes that are unseen during train-
ing. For Aminer, we perform a node classification task on a
citation network; here, nodes represent papers, and a times-
tamped edge from u to v indicates that paper u (published at
time t) cites paper v.

Baselines. We compare DSPA with ERM and twelve base-
line methods in four categories: (1) Invariant Learning
methods: EERM [Wu er al., 2022], IRM [Arjovsky et al.,
2019], CaNet [Wu et al., 2024a]. (2) Dynamic Graph
Learning methods: VGAE [Chen er al., 2024], EGCN
[Pareja et al., 20201, DySAT [Sankar et al., 2020]. (3) Dy-
namic Graph OOD methods: DIDA [Zhang et al., 2022],

I-DIDA [Zhang er al., 2024], EAGLE [Yuan er al., 2023],
DyCIL [Zhang et al., 2026]. (4) Spectral Learning meth-
ods: SPAN [Lin ef al., 2023], SILD [Zhang et al., 2023].
Training Settings. All experiments are repeated five times
with different random seeds. Validation set performance de-
termines both model checkpoint selection and early stopping.
While we present results for ID and OOD test sets, we fo-
cus primarily on OOD metrics to assess generalization. Mod-
els are optimized via Adam with weight decay for up to 200
epochs, and we report the test performance corresponding to
the optimal validation epoch.

5.2 Distribution Shift on Real World Datasets

Settings. We use 3 real-world dynamic graph datasets:
YELP, ACT, and Aminer. Following the setup in [Zhang et
al., 2023], we adopt the challenging inductive link prediction
task on the COLLAB, YELP, and ACT datasets, where test-
ing is performed on dynamic graphs from domains that are
unseen during training. For the node classification task, we
train on the Aminer dataset using a temporal split, where pa-
pers published between 2009.and 2014 are used for training,
and those published after 2015 are used for testing.

Results. The results are presented in Table 1. Here, ID and
OOD indicate whether distribution shifts are present in the
test set. We have the following observations: (i) Although the
baselines perform well on the training data, their effective-
ness declines significantly during testing. These empirical
results support our hypothesis that DyGNNs tend to overfit
spurious correlations or non-causal features, leading to sub-
optimal generalization. (ii) When integrated into our frame-
work, invariant methods such as EERM and IRM exhibit im-
provements over state-of-the-art baselines. This demonstrates
that our training paradigm is more effective for handling dis-
tribution shifts in inductive settings. (iii) DSPA consistently
outperforms the baselines under distribution shifts. We at-
tribute this improvement to the training objective, which en-
courages invariance to distributional changes by leveraging
diverse augmented views.

5.3 Distribution Shift on Synthetic Datasets

Settings. We follow [Zhang et al., 2022] to generate addi-
tional node features that simulate distribution shifts. Specif-
ically, we sample a mix of positive and negative links from
the next time step’s edges, A4 1. A time-dependent sampling
probability p(t) is used to select p(t)|A¢41| positive links and
(1 — p(t))|A¢+1| negative links, where p(t) = p + o cos(t).
The original node features and the synthesized features are
concatenated as [X;||X}] and fed into the model. A larger
p(t) introduces stronger spurious correlations between the
perturbed features X, and future environments. To achieve
better generalization, the model should avoid relying on vari-
ant patterns that exploit spurious correlations introduced by
the additional features. In our experiments, we manipulate
the level of spurious correlation by varying p during training.
Specifically, we set p to 0.4, 0.6, and 0.8 during training, and
fix it to 0.1 during the testing stage.

Results. The results are shown in Table 2. We have the
following observations: (i) Our method better handles distri-
bution shifts than the baselines, especially when the shifts are
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Dataset ACT Yelp Node Classification
Split Model ID OOD 1D OOD Aminerl5 Aminerl6 Aminerl7
Base ERM  9220+047 8629+033 71.79+1.57 71.19+1.51 50.04+0.06 50.02+0.03 42.91+0.04
, EERM OOM OOM OOM OOM OOM OOM OOM
Invariant IRM  87.92+492 8627+3.20 58.89+0.15 5257+0.09 51.24+024 53.13+0.22 4842+0.16
Learning CaNet 88.62+0.23 87.61+0.20 5835+048 57.71+0.68 51.43+0.03 51.61+0.03 46.67+0.02
_ VGAE 89.86+043 8731074 66.73+£0.79 62.83+0.78 44.89+0.03 48.07+0.31 40.28+0.23
Dynamic EGCN  69.17+0.17 6429+0.09 7136025 6524+131 3854+0.13 3525+021 30.31+0.11
Graph Learning  pygAT 6379 £327 64.12+3.35 43.00+0.83 4558+0.69 46.46+033 42.42+034 40.42 +0.04
_ DIDA 83.87+0.27 77.03+0.34 67.50+2.54 71.52+2.60 5224+0.19 4325+025 40.24+0.06
Dynamic I-DIDA 85.61 +0.17 8521+0.18 75.53+0.26 73.19+030 5232+0.28 5223+047 4552+0.71
Graph OOD  EAGLE 84.44+022 8276+0.78 67.86+0.18 64.85+0.65 0OM OOM OOM
DyCIL 93.35+0.16 8551+0.12 81.79+0.02 51.54+0.77 52.18+0.35 5427+021 4598+0.15
Graph SPAN  88.73+0.14 87.23+042 6947+0.16 69.68+027 5247+0.14 53.66+0.63 52.76+0.30
Spectral Learning ~ SILD 7289031 7586+0.52 65.11£0.32 66.51+0.01 5143+032 5045+1.24 46.13+0.24
DSPA  92.67+0.59 88.90+1.10 74.11+0.90 7230+1.22 52.63+0.35 ©54.99+0.41 50.78 +0.23
Improve A—0.68 A+1.29 A—7.68 A—0.89 A+0.16 A+0.72 A—1.98

Table 1: Experimental results for the link prediction and node classification tasks are reported as mean AUC =+ standard deviation. The best
and second-best results are highlighted in bold and underline. “OOM” denotes an out-of-memory error under a 24GB memory constraint.

Synthetic-Collab

Model =04 7=0.6 7=0.8
ERM  79.83+0.83 81.20+0.48 80.98+0.32
EERM OOM OOM OOM
IRM 80.57+0.39 80.58+0.51 80.50+0.43
CaNet 81.92+0.28 80.20+0.21 82.86+0.45
VGAE 80.67+0.13 78.76 £0.64 79.33+£0.20
EGCN  80.14+0.21 7524+0.14 7424 +0.27
DySAT 84.29+0.40 84.40+040 84.36+0.39
DIDA  83.19+0.65 77.64+£0.24 62.78+0.25
I-DIDA 61.99+042 61.28+0.21 61.08+0.10
EAGLE 8535+0.16 86.16+0.21  80.14 +£0.56
DyCIL  91.02+0.12 87.34+0.04 83.09+0.32
SPAN  85.78 £0.17 85.77+0.19 . 85.75+0.11
SILD  59.10+0.28 59.80+0.16 59.17+0.32
Ours  86.98+0.77 87.59+0.78 86.34 +0.52
Improve A—4.04 A+0.25 A+0.59

Table 2: Experimental results for the node classification task, re-
ported as mean AUC = standard deviation. The best and runner-up

results are highlighted in bold and underlined, respectively.

strong. In the link prediction task, DSPA surpasses DyCIL
by an average of 1.17%. (ii) Our method exploits invariant
patterns across different levels of distribution shift. As the
shift intensity increases, almost all baselines exhibit a signifi-
cant performance drop. In contrast, the performance of DSPA
degrades slightly. This demonstrates that DSPA learns robust
structures and alleviates reliance on variant patterns, enabling
the encoder to maintain stable outputs across varying shifts.
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Figure 3: Results of ablation studies.

5.4 Ablation Study

We validate the effectiveness of various components in DSPA
by individually removing these modules. The ablated version
‘w/o Const’ removes contrastive loss L3, and ‘w/o Aug’ is
trained without the spectral augmentation only on the origin
input graph. From Figure 3, we have the following observa-
tions. First, our proposed method consistently outperforms all
its variants. This demonstrates the effectiveness of each com-
ponent within our methodology. Second, the performance of
both ‘w/o Const’ and ‘w/o Aug’ degrades significantly. This
decline indicates that our spectral augmentation scheme and
contrastive loss help the model focusing on invariant patterns
under distribution shifts.

5.5 Hyperparameter Sensitivity Analysis

Impact of Parameter a. Figure 4(a) illustrates the perfor-
mance of DSPA under different values of the hyperparameter
a. As the weight of the contrastive loss L3 increases, the
AUC improves across all datasets. This trend suggests that
enhancing the alignment between invariant and perturbed rep-
resentations by contrastive learning strengthens the model’s
robustness to structural perturbations, particularly in graphs
with high sensitivity to edge modifications.

Impact of Parameter . The hyperparameter K controls
the number of augmentation branches. As shown in Fig-
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Figure 4: Parameter sensitivity analysis.

Datasets YELP ACT COLLAB
#nodes 13,095 20,408 23,035
Pre-computation time (K=5) 69 95 67
Training time (iteration=100) 738 1,198 905

Table 3: Empirical running time (s) on four datasets.

ure 4(b), the model’s OOD performance is generally insensi-
tive to the choice of K on the YELP and ACT datasets, while
exhibiting a moderate dependency on K for COLLAB. This
discrepancy can be attributed to the more pronounced distri-
bution shifts in COLLAB, which make generalization inher-
ently more challenging. Moreover, the proposed spectral aug-
mentation strategy consistently outperforms uniformly ran-
dom edge perturbation, as the latter ignores the unequal in-
fluence of different edges on graph structural properties.

Impact of perturbation ratio. Asshown in Figure 4(c), in-
creasing the perturbation ratio slightly degrades performance
on YELP and ACT, while generally improving performance
on COLLAB. This difference is likely due to variations in
graph density and structural redundancy across datasets. In
particular, COLLAB is_a dense network with abundant re-
dundant structures, where a higher perturbation ratio helps
generate more informative augmented views.
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Figure 5: A case study on a random geometric graph.

Perturbation Ratio 0.1 0.3 0.5 0.7 0.9

SAE 0.058 0.129 0.180 0.225 0.260
AUC (Full) 7235 72.14 72.01 71.57 71.33
AUC (Approx) 7249 7246 7251 72.05 71.92

Table 4: Comparisons of approximation error (SAE) and AUC
scores between Exact (Full) and Approximate (Approx) methods.

5.6 Spectral Approximation Analysis

To empirically validate the approximation bound in Propo-
sition 1, we compare the Rayleigh quotient approximation
(Approx) with exact eigendecomposition (Full) under differ-
ent perturbation ratios on the COLLAB dataset. As shown in
Table 4, the Spectral Approximation Error (SAE) increases
monotonically with the ratio, empirically confirming that the
error is dominated by higher-order terms O(||AL||?). De-
spite this, the performance of Approx remains robust and con-
sistently outperforms Full. This suggests that the first-order
approximation acts as a spectral regularizer, effectively filter-
ing out high-frequency structural noise captured by the exact
decomposition while retaining semantically relevant shifts.

5.7 Visualization of Spectral Augmentation

To illustrate structural changes induced by spectral augmen-
tation, we visualize a random geometric graph. Figure 5(a)
shows the original topology, Figure 5(b) the graph maximiz-
ing Dspec, and Figure 5(c) the graph minimizing Dspec.
Maximizing the spectral norm tends to remove inter-cluster
edges, while minimizing it promotes cross-cluster connec-
tions. This augmentation mainly targets spurious edges af-
fecting structural properties. Similar observations were re-
ported in previous works [Lin et al., 2023; Lin ef al., 2022]:
smaller eigenvalues capture smooth intra-cluster similarities,
whereas larger eigenvalues reflect sharp inter-cluster differ-
ences.

6 Conclusion

In this paper, we propose DSPA, a novel framework to mi-
grate complex distribution shifts on dynamic graphs in the
spectral domain. DSPA distinguishes itself from traditional
invariant learning methods, which primarily rely on augment-
ing the training data to cover the test distribution shifts. In-
stead, our approach guides the encoder to identify sensitive
edges, whose perturbations cause significant spectral varia-
tions. This encourages the model to focus on robust spectral
components for improved generalization. Experimental re-
sults demonstrate that DSPA consistently outperforms base-
line methods on both real-world and synthetic datasets.
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