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Graph neural networks (GNNs) have essentially taken over as the de facto model for learning graph-structured
data. However, the majority of existing methods perform transductive learning in a known graph, which is
unable to tackle abundant in-the-wild unseen graphs with potential domain shifts. Even worse, these graphs,
accompanied by domain shifts on structural topology and node attributes, bring in vulnerable data bias and
thus a huge drop in performance. To tackle this, we propose a novel GNN method named spectral optimal
transport (SPOT) for effective domain generalization on graphs. Our method is motivated by the fact that
the high-frequency graph spectrum is more likely to indicate domain differences. In particular, we formulate
the structural augmentation as an optimal transport problem to retain low-frequency key knowledge and
solve the problem using Sinkhorn-Knopp algorithm. In addition, we incorporate an adaptive perturbation
strategy to deep features, where the direction of the additive noise is determined by the homophily degrees to
maintain semantic properties. Accordingly, we meticulously construct a collection of real-world benchmark
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datasets to assess the domain generalization capability of our model on graphs, and extensive experiments
confirm the effectiveness of our proposed SPOT.
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1 Introduction
The real world is always filled with abundant graph-structured data [90], which could manifest as
social networks [41, 99], biological networks [55, 96], and transportation networks [43, 111, 112].
Graph neural networks (GNNs) have provided an effective tool for graph data mining [5, 41, 94,
115]. In particular, they often use a message passing mechanism that aggregates information from
neighboring nodes to update the central nodes, bringing in superior node classification performance.

Despite their tremendous popularity, GNNs are primarily studied in common semi-supervised [11,
23, 41, 88, 98] and domain adaptive settings [16, 28, 56, 89]. The former concentrates on transductive
learning on a single graph, while the latter transfers information from label-rich graph data to label-
scarce graph data. They both demand that the test nodes be in a known graph, which constrains
their applications in real-world scenarios with a variety of unknown test graphs. Two essential
components of graphs, i.e., nodes and edges, indicate two different forms of domain variance in
test graphs, i.e., structural shifts and nodal shifts. The first denotes shifts in adjacency matrices,
which could originate from a variety of sources and standards to create edge connectivities. The
second refers to distribution shifts of node attributes, which may come from the changes in the
background or environment [53, 114]. To fill up this gap, this study investigates the problem of
domain generalization on graphs, which calls for learning GNNs from a heterogeneous collection
of training graphs to generalize well on unseen test graphs.

Although domain generalization on Euclidean data has been well studied in previous works [8,
44, 105, 117], formalizing a domain-invariant framework on graphs is still a difficult task because
of two difficulties. First, model performance could suffer from structural shifts between graphs. It
has been proven that GNNs are vulnerable to edge variance during message passing [15]. However,
in practical applications, edges are always sensitive to temporal and source variation [28]. For
instance, social networks allow for the addition or deletion of user relationships over time. Even
worse, several sources (such as DBLP and ACM) could generate multiple relational graphs for the
same collection of objectives [89]. Therefore, it is highly anticipated to train GNN models invariant
to these structural variances. Second, the majority of current efforts on domain generalization are
focused on independent and identically distributed (i.i.d.) data [8, 20, 21, 39, 45, 51, 68, 69, 79,
80, 87, 95, 103, 108]. Hence, they cannot be utilized for capturing distribution shifts in relational
nodes on graphs. Specifically, it is crucial to take the relational structures into consideration when
dipping into attribute distribution in case of semantics loss. It is important to note that there has
been a preliminary development of out-of-distribution (OOD) generalization on graphs [47, 48,
104, 119]. In OOD generalization, in-distribution (source) data and OOD (target) data are usually on
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the same graph [27, 30], whereas in domain generalization, the source domains and target domains
are different graphs, making the task more challenging.

In this article, we provide a novel perspective for domain generalization on graphs. Our motiva-
tion originates from a basic observation that the high-frequency signals are more related to the
distribution shifts rather than key semantics in signal processing fields [53, 59, 82]. We deduce that
the high-frequency component in the graph spectrum is more likely to indicate domain difference,
while the low-frequency component in the graph spectrum would retain the key semantic infor-
mation. To validate this, we try various popular graph augmentation strategies in recent works
[31, 100, 120] and validate that retaining low-frequency components in the graph spectrum can
obtain better performance for out-of-domain generalization.

Based on the above insight, we propose a novel GNN method named spectrum optimal
transport (SPOT) for effective domain generalization on graphs. Optimal transport is initially
proposed to measure the distribution divergence, which has been extended to search for global
solutions in various fields [7, 14, 17]. Here, we use optimal transport to perform spectrum-aware
structural augmentation, which retains low-frequency semantics knowledge in the graph spectrum.
In particular, we encourage maximizing global alignment between the edge variance matrix and a
high-pass prior matrix inside the transportation polytope to generate balanced and appropriate
perturbations for each node. The optimization problem is then solved by Sinkhorn-Knopp algorithm
[14], resulting in a semantic-preserving fictitious structure with potential domain shifts. In addition
to structure augmentation using optimal transport, we also model the distribution variance of
structural data via partitioning all the nodes according to the homophily degree of nodes and
then measure the statistics of deep features, which would imply the perturbation direction with
structure semantics embedded. We also build benchmark datasets, including social datasets and
biological datasets, to evaluate the domain generalization capacity on graphs. We perform extensive
experiments, and the results validate the effectiveness of our SPOT compared with competing
baselines. Our main contributions are summarized as follows:

—Problem and Perspective: We study the problem of domain generalization on graphs that aims
to learn a GNN model with high generalization capability to unseen target graphs using
various source graphs, and build the connections between graph spectrum with the model’s
domain generalization ability.

—Novel Methodologies: We propose a novel method named SPOT which not only formulates
an optimal transport problem for the key structural augmentation but also models node
distribution variance with the consideration of node homophily.

—Empirical Validation: We build both social and biological benchmarks for the evaluation of
domain generalization on graphs, and extensive experiments validate the effectiveness of our
SPOT compared with various state-of-the-art baselines.

2 Preliminaries
Problem Definition. In our problem, we are given" source graphs {�1, · · · ,�" }, and each source
graph is expressed as �< = {+<, �<} where +< denotes the node set with size =< and �< ⊂
+< ×+< denotes the edge set. ^< ∈ R=<×� is the node feature matrix where � is the attribute
dimension. .< denotes the label matrix where ~<

8:
= 1 if node 8 belongs to the :th category and

~<
8:

= 0 otherwise. We train a model using source graphs and evaluate our model on an unknown
target graph �C = {+ C , �C } with potential domain shifts.
Graph Spectrum. Given the graph � = (+ , �), adjacent matrix G and degree matrix J , R̂ =

O= − Ĝ = J−
1
2 (J −G)J− 1

2 represents the symmetric normalized graph Laplacian [18, 57], which
can be decomposed into [�[>, where [ =

[
u>1 , . . . , u

>
=

]
∈ R=×= and � = diag (_1, . . . , _=) are
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composed of eigenvectors and eigenvalues, respectively. Without loss of generality, we assume
0 ≤ _1 ≤ · · · ≤ _# < 2 [41] and then the graph Laplacian can be viewed as a signal filter.
In particular, the graph spectrum [63] denotes these amplitudes of frequency components. For
example, the graph spectrum of the graph Laplacian is naturally 6(_8 ) = _8 , and message passing
with the normalized adjacent matrix corresponds to the graph spectrum 6(_8 ) = 1 − _8 .

GNNs. Every example is linked by abundant edges in graphs, which is different from i.i.d. image
and text data. As an effective tool to encode graph-structured data, GNNs [22, 41, 75, 77, 94, 106,
107] are typically formulated as H(;+1) = 5

(
A,H(; ) ;W(; )

)
where A, H(; ) and W(; ) denote the

adjacent matrix, the latent embedding matrix at the ;th layer and the parameter weights at the ;th
layer, respectively. These methods typically adopt the paradigm of message passing, where each
node attains knowledge from its neighbors along the edges to update the node representation. The
representative GCN [41] is formulated as:

H(;+1) = f
(
D̃−1/2ÃD̃−1/2H(; )W(: )

)
, (1)

where Ã = A+ I# is the adjacent matrix with self-loop, D̃ is its degree matrix for normalization and
f (·) is an activation function. In comparison to convolution neural networks, structural relation
is sufficiently utilized through the feature propagation operation along the edges to boost the
performance in semi-supervised settings.

3 Problem Insights
Domain variances would bring both structural shifts and nodal shifts, and we can find clues in
computer vision [61] to tackle the latter. Therefore, the primary challenge of our problem is to
model the structural shifts. Here, we look into the relationships between the graph spectrum and
generalization ability. In detail, we choose four classic graph augmentation strategies, i.e., PageRank
[120], Personalized PageRank (PPR) [25], Edge Perturbation [100], and Heat Diffusion [31]
and measure the change of the amplitude under augmentations for various frequencies by matrix
perturbation theory. In formulation, the eigenvalue change, i.e., Δ_8 = _′8 − _8 under augmentations
can be deduced using matrix perturbation theory [70]. On this basis, we plot the graph spectra of
the augmented adjacent matrices in Figure 1.

According to the findings, we can observe that PPR and Heat Diffusion tend to give more
modification in the high-frequency regions, while Edge Perturbation and PageRank do so in the
low-frequency regions. In addition, we explore the generalization ability under these augmentation
strategies by training a GNN model in a source graph and testing it in a different target graph
with potential domain shifts. From the compared results in Figure 1, we observe that there is a
relation between the perturbation in the graph spectrum and the generalization capability of the
model adopting the augmentation. Specifically, we can observe that perturbing the high-frequency
regions of the graph spectrum during model training is beneficial to the model’s generalization
capability in the task of domain generalization. This is demonstrated by the higher performance of
PPR and Heat Diffusion augmentations. This observation is also consistent with the fact that in
computer vision [59], the low-frequency phase is more closely connected to semantic information
while the high-frequency phase tends to be redundant noise. Based on this observation, we design
the spectrum-aware structural augmentation that augments the high-frequency regions in the
graph spectrum and uses optimal transport to obtain the augmentations.

Additionally, we argue that a data-centric solution is better than the model-centric alternative
of enforcing low-pass filters. First, stacking low-pass filters has the risk of over-smoothing [38].
Second, graphs contain both low-frequency and high-frequency signals. The proposed spectrum-
aware structural augmentation allows the model to train on graphs with different high-frequency
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Fig. 1. The graph spectra and generalized performance of four graph augmentation strategies.

spectra, improving the robustness against domain shifts. By comparison, enforcing low-pass filters
directly discards the high-frequency signals, leading to information loss. Third, stacked graph
convolution layers like GCN [41] can be viewed as low-pass filters [62], and we show in Section 5.2
that our method outperforms these baselines.

4 Methodology
4.1 Overview
We propose a novel method named SPOT for effective domain generalization on graphs. Potential
domain shifts on graphs consist of structural variances on connectivity and nodal variances on
attributes. Therefore, the primary task of our SPOT is to explore the graph spectrum to simulate
the structural domain variance with an augmentation operator O( . In particular, we solve an
optimal transport problem using Sinkhorn-Knopp algorithm to generate the fictitious structure with
semantics incorporated. In addition, we take the homophily degree into account to derive a feature
augmentation operator O� to maintain relational semantic properties. With two augmentation
operators, we decompose the GNN network into 5 2

k
◦ 5 1

\
where 5 1

\
denotes the shallow layer to

generate node features and 5 2
k

outputs the final prediction. The loss function is written as:

L =
1
"

"∑
<=1

1
=<

∑
8∈�<

ℓ

(
5 2 (O� (5 1 (x8 )),O( (GB )), ~8

)
, (2)

where ℓ (·, ·) calculates the cross-entropy loss. An overview of our SPOT is illustrated in Figure 2.
Then, we elaborate on our two key augmentation operators in our method.

4.2 Spectrum-Aware Structural Augmentation
The major challenge of domain generalization is to model structural domain variance, which has a
huge difference from traditional domain generalization methods on i.i.d. data [84]. According to our
discovery in Section 3, it is preferable to modify high-frequency regions rather than low-frequency
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Fig. 2. The schematic of the proposed framework SPOT. On the one hand, we look into the graph spectrum
and formulate an optimal transport problem to generate an augmented structure with more high-frequency
signals filtered. On the other hand, we separate nodes based on their homophily degrees and generate
augmented node features with structural semantics embedded.

regions for domain generalization. Toward this end, we formulate an optimal transport problem
for the structural augmentation, which would allow low-frequency semantics knowledge in the
graph spectrum [57, 64] to be retained from a global perspective.

In particular, we first decompose the variation of the adjacent matrix into two positive matrices,
i.e., ¤G+ − ¤G− . To generate meaningful structures, we introduce a transportation polytope (i.e.,
a polytope’s configuration matrix) for ¤G+ and ¤G− . Taking ¤G+ as an example with the omitted
subscript, the transport polytope [2, 6] is formulated as:

U =

{
¤G ∈ R=×= | ¤G1= = e, ¤G>1= = e

}
, (3)

where e is the normalized degree vectors.U can be illustrated as a set of all plausible meaningful
perturbations forG, which enforces that the perturbed edge numbers for each node are balanced by
proportionating to its degree. Then, to keep the low-frequency regions, we maximize the similarity
between our target matrix ¤G and a high-pass filter matrix V . In formulation, the optimal transport
problem is written as:

¤G∗ = argmax
¤G∈U

Uf

(
)A ( ¤G) V/‖V ‖2)

)
+ n�

( ¤G)
, (4)

where f (·) denotes an activation function, )A (·) denotes the traces of the matrix, | |V | |2 is to
normalize the prior matrix V . � (V ) = ∑

8, 9 V 8, 9 (1 − log(V 8, 9 )) measures the matrix entropy, which
serves as a regularization for diverse edges. Note that the normalized graph Laplacian naturally
filters more low-frequency signals, we utilize V = R̂ for simplicity. However, the solution of Equation
(4) is difficult to deduce, and thus, we convert the constraint of the transport polytope into soft
penalties using the Lagrange multiplier method. The objective T can be written as:

arg max
¤G∈R+
T = arg max

¤G∈R+
Uf

(
)A ( ¤G) V/‖V ‖2)

)
+ n� ( ¤G) +

〈
f , ¤G1= − e

〉
+

〈
g, ¤G>1= − e

〉
, (5)

where f ,g ∈ R=×1 denotes the Lagrange multipliers to regularize ¤G for being a polytope. 〈·, ·〉
measures the product of two vectors. To maximize the objective, we calculate the partial of T with
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Algorithm 1: Sinkhorn-Knopp Algorithm

respect to ¤G8 9 as:
mT
m ¤G8 9

=
U

| |V | |22
f ()A ( ¤G) V )) (1 − f ()A ( ¤G) V 8 9 )))V 8 9 − n log ¤G8 9 + f 8 + g 9 . (6)

On the basis of [57], the existence of the solution to Equation (5) can be promised using the
following proposition with proper multipliers.

Proposition 1. When UV8 9

4 |V | |22
+ f 8 + g 9 < 0, T can reach the maximal value for ¤G8 9 ∈ (0, 1).

Proof. Since
mT
m ¤G8 9

=
U

| |V | |22
f ()A ( ¤G) V )) (1 − f ()A ( ¤G) V 8 9 )))V 8 9 − n log ¤G8 9 + f 8 + g 9 , (7)

we have mT
m ¤G8 9
| ¤G=0 → +∞ and mT

m ¤G8 9
| ¤G=1 ≤

UV8 9

4 |V | |22
+ f 8 + g 9 < 0. Note that mT

m ¤G8 9
is continuous with

respect to ¤G8 9 . According to the intermediate value theorem, ∃ ¤G8 9 ∈ (0, 1), s.t. mT
m ¤G8 9

= 0. Hence, T
can reach the maximal value. �

However, mT/m
( ¤G)

= 0 is hard to solve. Note that ¤G would be updated smoothly in our experi-
ments, we turn to an iterative algorithm where the previous value of ¤G is utilized to obtain the
current value. By incorporating these current values, we have:

U/| |V | |22f ()A (V , ¤G
′)) (1 − f ()A (V , ¤G′)))V 8 9 = n log ¤G8 9 + f 8 + g 9 , (8)

where ¤G′ denotes the value at the previous epoch. Hence, the updating rule for ¤G is written as:

¤G8 9 ← diag

(
exp

(
f 8
n

))
exp

(
U

| |V | |22
f ()A (V , ¤G)

)
(1 − f ()A (V , ¤G)))V 8 9 ) diag

(
exp

(
g 9
n

))
. (9)

Recall the restriction of the transport polytope, i.e., 1= = e, ¤G>1= = e. We solve the optimal transport
problem using the Sinkhorn-Knopp algorithm [14], which conducts iterative row- and column-
normalization on exp( U

| |V | |22
f ()A (V , ¤G)) (1 − f ()A (V , ¤G)))V 8 9 ) instead of calculating f and g. The

Sinkhorn-Knopp algorithm is summarized in Algorithm 1.
Based on the algorithm and [57], we can show the approximate difference between ¤G and ¤G′ is

bounded.

Proposition 2. We have |Z ¤G8 9 − ¤G
′
8 9 | < d + X where X =

2V8 9+
∑

8′≠8,9 ′≠9 V
2
8′ 9 ′
¤G′8′ 9 ′

V 2
8 9

+ max ¤G′ (1 −

f ()A (V , ¤G′))) and d =
Z

1−W {3 (r , e) + 3 (c, e)}. r and c are the initial row and column vectors for
normalization in Algorithm 1. W is the contraction ratio as in [65].
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Proof. First, we recall the convergence of Sinkhorn-Knopp algorithm, which gives the following
inequation: 


log ¤G; − log ¤G




∞
≤ 1

1 − W

{
3

(
r; , e

)
+ 3

(
c; , e

)}
, (10)

where ¤G; and ¤G refer to the results at ;th iteration and the final value and W is a fixed coefficient.
r; and c; refer to the row and column vectors for normalization at ;th iteration. The proof of
Equation (10) can be directly achieved from [65]. Let ; = 0 and we have:����� U

n | |V | |22
f ()A (V , ¤G′)) (1 − f ()A (V , ¤G′)))V 8 9 − log ¤G8 9

����� ≤ 1
1 − W {3 (r, e) + 3 (c, e)} , (11)����� U

n | |V | |22
f ()A (V , ¤G′)) (1 − f ()A (V , ¤G′)))V 8 9 − ¤G8 9

����� − 1 ≤ 1
1 − W {3 (r, e) + 3 (c, e)} . (12)

Let Π =max ¤G′ (1 − f ()A (V , ¤G
′))), we have����� ΠU

4n | |V | |22
(2 +)A (V , ¤G′))V 8 9 − ¤G8 9

����� − 1 ≤ 1
1 − W {3 (r, e) + 3 (c, e)} , (13)����� ΠU

4n | |V | |22

(
2V 8 9 +

∑
8′≠8, 9 ′≠9

V 2
8′ 9 ′
¤G′8′ 9 ′ + V 2

8 9
¤G′8 9

)
− ¤G8 9

����� − 1 ≤ 1
1 − W {3 (r, e) + 3 (c, e)} . (14)

Let Z =
4n | |V | |22
ΠUV 2

8 9

, and we can obtain:

|Z ¤G8 9 − ¤G
′
8 9 | <

Z

1 − W {3 (r, e) + 3 (c, e)} + W +
2V 8 9 +

∑
8′≠8, 9 ′≠9 V

2
8′ 9 ′
¤G′8′ 9 ′

V 2
8 9

. (15)

�

Similarly, we derive the optimal ¤G∗− by:

( ¤G−)8 9 ← diag

(
exp

(
f 8
n

))
exp

(
− U

| |V | |22
f ()A (V , ¤G−)) (1 − f ()A (V , ¤G−)))V 8 9

)
diag

(
exp

(
g 9
n

))
.

(16)

To maintain the sparsity of the derived adjacent matrix, we restrict the perturbation to the neigh-
borhood around each node. The augmented adjacent matrix is written as:

Ĝ = OB (G) = G + 1G>0 � ( ¤G
∗ − ¤G∗−), (17)

where � is the Hadamard product of two matrices. In addition, to maintain the diversity for
augmented graphs, we vary U ∈ (0, U<0G ) randomly in Equation (5).

4.3 Homophily-Aware Feature Augmentation
Feature perturbation has been a frequently used tool to boost the model generalization ability since
deep features are often fully linearized [53, 79, 118]. However, this technique usually deals with
i.i.d data rather than relational data on graphs. The relational semantics would change if all nodes
are treated independently. To address this, we quantify node homophily degrees and modify node
embeddings in the feature space in data-dependent directions.
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In detail, we first measure the homophily degree, which is crucial for comprehending the
structural information in the graph. Here, the homophily degree of node 8 is defined as:

B8 =
|{ 9 |~8 = ~ 9 , 9 ∈ # (8)}|
|{ 9 | 9 ∈ # (8)}| , (18)

where | · | calculates the number of elements in the set. A high B8 implies more semantically
similar neighboring nodes around node 8 . Then, we divide all nodes into  bins, [0, C1], · · · , [C −1, 1]
according to these homophily degrees where  is a predefined parameter. The nodes in the same
bin share similar homophily degrees, which could exhibit similar properties under distribution
shifts. To maintain the structural information, we utilize a Gaussian mixture model to measure the
distribution of deep features in each bin. In particular, a normal distribution N(-:2 , �:2 ) is used to
characterize the distribution for each class 2 in the :th bin. Then, we augment deep features with
semantics statistics preserved. In formulation, the augmented features are written as:

ẑ8 = O� (z8 ) = z8 + [#8 , (19)

where #8 is sampled from N(0, �:2 ) and [ is a coefficient to determines the strength of perturba-
tion. Here �

:
2 is a covariance matrix estimated from deep features from the corresponding bin.

Compared with i.i.d. feature augmentations, our strategy would follow a skew distribution to keep
the semantics and crucial structural relations in the graphs. In particular, deep features with lower
homophily degrees tend to show large variances in their distribution and our homophily-aware
feature augmentation keeps their structural property. The homophily-aware feature augmentation
and spectrum-aware structural augmentation are performed when training on the source domains.
During testing, the target graphs are not augmented.

4.4 Compared with Existing Works
Finally, we discuss the differences and relations between SPOT and existing works.

Relation to Graph Contrastive Learning. Among various graph contrastive learning methods [46,
54, 72, 92, 100], SpCo [57] and our method both look into graph spectrum but in different scenarios.
Our method utilizes two types of augmentations to produce proper fictitious data while graph
contrastive learning attempts to maximize the mutual information between two augmented views.
In particular, SpCo maximizes the amplitudes of high-frequency signals to generate different views.
In contrast, we are the first to study the impact of graph spectrum on out-of-domain generalization
and develop an optimal transport problem for the structural augmentation.
Relation to Adversarial Augmentation. Several works in computer vision follow the worst-case

problem [79, 86, 118] to utilize adversarial learning for data augmentation, which generates chal-
lenging samples to learn a model robust to domain variance. For example, M-ADA [66] utilizes a
meta-learning scheme while L2D [86] turns to a style-aware variational module. These methods
and our method all construct desirable augmentations for out-of-domain generalization but focus
on different data types. Specifically, these methods almost address i.i.d. image data while our
method focuses on relational graph data and presents spectrum-aware structural augmentation
and homophily-aware feature augmentation for our problem.

4.5 Time Complexity Analysis
In this subsection, we provide a time complexity analysis of the proposed SPOT. For simplicity,
we consider one source domain (one graph) with |+ | nodes and |� | edges in a single epoch. For
spectrum-aware structural augmentation, the Sinkhorn-Knopp algorithm (Algorithm 1) has the
overall complexity of O()B: |+ |2), where )B: is the number of iterations in the Sinkhorn-Knopp
algorithm. In practice, this algorithm converges within several iterations [6], and)B: can be viewed
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as a constant, leading to the overall complexity of O(|+ |2). Furthermore, modern research in optimal
transport [52] has shown that the Sinkhorn-Knopp algorithm can be further optimized to have
complexity of Õ(|+ |). For homophily-aware feature augmentation, the computation of homophily
degree is O(|� |) and the augmentation is O(|+ |). The overall time complexity is O(|+ |2). For sparse
graphs, the algorithm can be further optimized to have complexity of Õ(|+ |).

5 Experiments
In this section, experiments are conducted to demonstrate the effectiveness of the proposed SPOT.
Furthermore, a comprehensive analysis is provided on the performance of the model and the role
of spectrum-aware structural augmentation and homophily-aware feature augmentation.

5.1 Experimental Setup
Datasets. In the experiments, we construct two benchmarks with real-world data: the Citation
benchmark and the Proteins benchmark.
The Citation benchmark contains three real-world citation networks [74] including ACMv9,

Citationv1, and DBLPv7. The citation networks contain papers published in different time ranges
and collected by different sources. More specifically, ACMv9 network is constructed by ACM and
contains papers published after 2010. Citationv1 network is constructed by Microsoft Academic
Graph and contains papers published before 2008. DBLPv7 network is constructed by DBLP and
contains papers published between 2004 and 2008. Each node in the network corresponds to a paper,
and the edges represent citations. Note that we consider the network as an undirected graph. As for
the node attributes, we construct bag-of-words vectors using the keywords from the paper titles.
Each node (paper) belongs to some of the five categories (“Networking,” “Information Security,”
“Computer Vision,” “Artificial Intelligence,” and “Databases”), and thus, we use F1 scores to measure
the classification performance.
The Proteins benchmark contains four proteins which consist of single chain. The sequence

identity between these four proteins is less than 30%. We fetched their experimentally resolved
structures from PDB database (PDB id: 1S5J, 6BBM, 6N8P and 3UJZ) [3], and the secondary structure
types of each residue were computed by DSSP [34] as the target for prediction. Graph input for each
protein was constructed, and every residue is represented by a node whose attribute comprises
ESM-1b protein language embedding [67] and the residue type. Then, an edge between two nodes
was added when the distance between the �U atoms is below 10 Å.

The Open Graph Benchmark (OGB)-Products benchmark [13] is a product co-purchasing network
collected from Amazon. We use the version from the OGB [32]. The nodes in the graph depict
items, while the edges imply that the two items are purchased together. We adopt this benchmark
in the OOD generalization setting where we split the graph into two parts according to the degrees
of the nodes and use one part as in-distribution data for training, the other as OOD for testing.

Evaluation Setting and Metrics. For both benchmarks, we adopt the leave-one-domain-out evalu-
ation protocol in alignment with previous works [20, 95]. For each task, we select one domain as
the test domain and train the model on all other domains. For the Citation benchmark, we use A,
C, and D to denote ACMv9, Citationv1, and DBLPv7. Thus, we can construct three tasks: AC→ D,
AD→ C, and CD→ A. Similarly, for the Proteins dataset, we leave one network out and construct
four tasks, namely P1, P2, P3, and P4. As for the evaluation metrics, we use micro f1 and macro F1
for citation networks and accuracy for protein networks.
Baseline Methods. We compare our model with a wealth of baselines, including GCN [41], GIN

[94], GAT [78], SGC [88], EGC [73], ADA [79], MAT [84], and FLOOD [58]. Their details are listed
as follows:
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—GCN [41] which uses normalized degrees as weights to aggregate neighboring node features
and achieves promising generalization capability.

—GIN [94] which is proposed to enhance the representation power of GNNs.
—GAT [78] which uses the attentionmechanism to compute the weights for aggregating adjacent
node features.

—SGC [88] which simplifies traditional GNNs by removing the non-linearity between the
convolution operators.

—EGC [73] which proposes an isotropic GNN and achieves promising results with lowermemory
consumption.

—ADA [79] which considers a worst-case formulation and adopts adversarial examples to
enhance the model’s generalization ability.

—MAT [84] which utilizes universal adversarial training to generate robust large-scale pertur-
bations that better help with the model’s generalization capability.

—FLOOD [58] which focuses on improving the generalization of models to OOD data by
leveraging the principle of invariance. By excluding the test-time-training objective, FLOOD
aligns more closely with the needs of multi-domain generalization settings, where the goal is
to ensure consistent performance across various domains without the necessity for domain-
specific tuning.

—MARIO [119] which adopts the information bottleneck principle and the invariant principle.
MARIO improves graph contrastive learning in the face of OOD samples, which leads to better
results.

The baselines cover GNNs initially developed for single domains (GCN, GIN, GAT, SGC, and
EGC), domain generalization methods for i.i.d. data like images (ADA and MAT), and domain
generalization methods for OOD data (FLOOD).

Implementation Details. We implement the proposed SPOTwith PyTorch and train the model with
an NVIDIA RTX GPU. In Equations (4) and (5), we set U to 6.0 and n to 0.05. In Equation (19), we set
[ to 0.6, and Gaussian noise is also added to the feature. The number of bins in homophily-aware
feature augmentation (i.e.,  ) is set to 3. For optimization, Adam optimizer [40] is used and the
model is trained for 200 epochs with the learning rate of 0.003. For graph convolution, we use GCN
[41] as default. The proposed model contains two graph convolution modules. In the middle of the
two graph convolutions, we use a ReLU as non-linearity and we also use a dropout layer (with the
dropout probability of 0.1) to avoid overfitting. After ReLU and dropout, the features are augmented
using homophily-aware feature augmentation. During inference, neither spectrum-aware structural
augmentation nor homophily-aware feature augmentation is used in order for a stable and accurate
classification result.

5.2 The Performance of SPOT
The performance of SPOT in comparison with baseline methods is listed in Table 1 (the Citation
benchmark) and Table 2 (the Proteins benchmark and the OGB-Products benchmark). According to
the results, we have two observations described as follows.

First, the proposed SPOT achieves the best performance compared to various baseline methods
in both Citation and Proteins benchmarks. The significant improvement can be attributed to two
aspects: (1) The model leverages spectrum-aware structural augmentation to generate semantic-
preserving structures. This augmentation retains the key structures that generalize across domains,
while augmenting the high-frequent information that is more domain-specific. (2) The model adopts
homophily-aware feature augmentation that perturbs node attributes according to their homophily
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Table 1. Performance Comparison on the Citation Benchmark

Methods AC→ D AD→ C CD→ A

Micro F1 Macro F1 Micro F1 Macro F1 Micro F1 Macro F1

GCN [41] 66.45± 0.66 61.49± 0.60 62.96± 0.16 59.26± 0.67 63.04± 0.61 61.04± 1.51
GIN [94] 59.46± 0.70 53.09± 1.26 38.85± 5.05 32.29± 3.85 13.30± 4.19 10.37± 3.90
GAT [78] 53.34± 0.95 47.16± 0.84 50.02± 0.79 45.99± 0.39 52.15± 0.78 48.37± 1.52
SGC [88] 63.54± 1.06 55.24± 1.37 50.04± 5.21 39.73± 4.95 38.89± 4.53 29.93± 4.34
EGC [73] 64.08± 0.56 59.24± 0.51 55.46± 1.65 50.43± 3.50 48.88± 3.19 43.83± 4.58

ADA [79] 66.06± 1.11 61.06± 0.42 61.26± 1.73 56.63± 1.21 60.68± 0.85 57.17± 1.85
MAT [84] 65.81± 0.61 60.35± 0.74 58.90± 0.72 53.60± 0.65 58.49± 0.59 50.95± 0.49

FLOOD [58] 67.26± 0.50 63.34± 0.67 64.46± 1.86 59.07± 1.88 60.16± 0.60 55.92± 0.40
MARIO [119] 66.94± 0.18 61.84± 0.26 65.81± 1.50 60.75± 1.05 63.76± 0.39 58.76± 2.67

SPOT (ours) 70.76± 0.28 66.20± 0.42 69.68± 0.13 65.57± 0.78 67.52± 0.30 66.38± 0.26

The best results are marked in bold.

Table 2. Comparison of Prediction Accuracy on Both Proteins and OGB-Products
Benchmarks

Methods Proteins OGB-Products
P1 P2 P3 P4 Average

GCN 49.24 44.62 34.18 47.97 44.00 35.80
GIN 42.92 50.79 41.23 44.88 44.96 24.28
GAT 26.69 51.03 37.97 33.01 37.18 31.92
SGC 42.37 46.19 32.19 37.56 39.58 35.96
EGC 49.93 40.75 31.83 41.14 40.91 9.09

ADA 49.11 44.14 34.18 48.29 43.93 35.97
MAT 48.97 44.14 34.18 48.13 43.86 36.04

FLOOD 50.48 52.60 34.18 37.25 44.39 36.22
MARIO 49.70 52.92 38.82 45.04 46.62 37.06

SPOT 53.92 52.60 38.70 48.62 48.46 38.23

The best results are marked in bold.

degree. This helps the model overcome distribution variances in node attributes and provides better
augmentation for domain generalization on graphs.

Moreover, we observe that domain generalization methods proposed for i.i.d. data (e.g., images)
fail to achieve satisfactory accuracy in graphical data where the independence of data is not guar-
anteed. Most previous methods requiring the independence assumption (e.g., ADA and MAT) show
little performance gain compared to their GNN baseline (i.e., GCN). This demonstrates the existence
and importance of structural shifts in graph domain generalization, which drives us to design
structural augmentations that preserve domain-invariant structures. On the other hand, methods
like ADA and MAT also make the assumption that instances are identically distributed, which is
often violated in graphical data. This could be a possible reason for their inferior performance, and
in comparison, we utilize the homophily information in the network for better perturbation.

Additionally, the proposed SPOT generalizes well under distribution shifts, as is shown by the
results on the OGB-Products dataset in Table 2. This shows that the proposed method can also
be applied to the common OOD generalization setting, where the source data and target data are
usually on the same graph.
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Table 3. Ablation Studies on the Citation Benchmark

Methods AC→ D AD→ C CD→ A

Micro F1 Macro F1 Micro F1 Macro F1 Micro F1 Macro F1

w/o SAS Aug. 66.32 62.21 64.08 60.24 64.88 62.5
Edge Purterbation 66.33 62.58 64.07 60.35 65.04 63.01
w/o HAF Aug. 69.30 64.46 67.03 62.84 65.42 62.01
w/o Homophily 70.06 65.69 68.53 64.20 66.24 63.15

SPOT 70.76 66.20 69.68 65.57 67.52 66.38

5.3 Ablation Studies
In this subsection, ablation studies are conducted to demonstrate the effectiveness of the proposed
spectrum-aware structural augmentation and homophily-aware feature augmentation. To this end,
we evaluate the performance of four variants of SPOT:

—The model without spectrum-aware structural augmentation (“w/o SAS Aug.”).
—The SPOT model but replacing the structural augmentation with edge perturbation (“Edge
perturbation”).

—The model without the entire homophily-aware feature augmentation module (“w/o HAF
Aug.”).

—The model without homophily awareness (without dividing nodes into  bins) in homophily-
aware feature augmentation while preserving the feature augmentation (“w/o Homophily”).

The experimental results are shown in Table 3. According to the results, we have several ob-
servations. First, both spectrum-aware structural augmentation and homophily-aware feature
augmentation contribute to the model’s performance. Removing each model (Lines 1 and 3 in
Table 3) causes both micro F1 and macro F1 scores to drop. Relatively speaking, structural aug-
mentation plays a more significant role than attribute augmentation, with a 4.44% decline in macro
F1 compared to a 1.46% decline (AC→ D). This suggests that the potential structural shift is more
essential in graph domain generalization.

To further investigate the effect of spectrum-aware structural augmentation, we replace it with
another random augmentation: edge perturbation.The replacing augmentation does not differentiate
the magnitude of perturbation across the graph spectrum. As we can see from the result (Line 2 in
Table 3), it provides little performance gain with respect to both micro F1 and macro F1. This shows
that augmenting the graph structure uniformly does little help with the model’s generalization
capability and that by employing spectrum-aware structural augmentation, the proposed SPOT
better preserves domain-invariant information while perturbing the domain-specific information.

To better understand the effect of Homophily-aware attribute augmentation, we remove the ho-
mophily awareness in the model.The result (Line 4 in Table 3) shows that without homophily aware-
ness, the model’s performance drops, which validates the effect of homophily-aware
perturbations.

5.4 Hyperparameter Analysis
In this subsection, we explore the effect of hyperparameters on the Citation benchmark. Concretely,
we focus on two key hyperparameters: (1) U in Equation (5), which controls the weight of the
first term in the Lagrangian objective, and (2) [ in Equation (19), which controls the magnitude of
homophily-aware perturbation. The results are shown in Figure 3.
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Fig. 3. The model’s sensitivity to hyperparameters. The upper row shows the change in terms of micro F1 and
macro F1 with different Us (in Equations (4) and (5)) on AC→D, AD→C, CD→A, respectively. The lower
row presents the performance change with different [s (in Equation (19)) on AC→D, AD→C, CD→A,
respectively.

Generally, the proposed SPOT is not sensitive to these hyperparameters. For hyperparameter U ,
we observe that the model achieves the best performance when U is set to 6.0 or 7.0, which provides
the appropriate weight for the first term (the closeness between the high-pass filter matrix and
the perturbation). When U is too small, the entropy regularizer (second term in Equation (5)) gets
relatively more weight and the perturbation gets more uniformly distributed, degrading the spectral
property of the augmentation. On the other hand, a large U could diminish the regularization effect
of the entropy, which results in sub-optimal augmentations.

As for the hyperparameter [, the best performance is achieved when it is set to 0.6, which
provides the appropriate balance between homophily-aware perturbation and the original graph
signal. When [ is low, the perturbation is small which has worse performance compared to higher
[s. On the other side, when [ grows too large, it has the potential to overwhelm the original graph
signal, which hurts the performance.

5.5 Visualization of the Training Process
We also provide the visualization results of the training process. Concretely, we compare our model
with GCN and draw the curves of the cross-entropy loss. More specifically, we conduct experiments
on all three sub-tasks (i.e., AC→ D, AD→ C, and CD→ A) of the Citation dataset. The results
are shown in Figure 4, where the blue curves show the cross-entropy loss of the source domain
and the orange curves denote the cross-entropy loss of the target domain. As can be seen from the
figure, vanilla GCN easily overfits the source domain as the training proceeds after 50 epochs. The
loss continues to drop in the source domain but grows in the target domain, which is a signal of
overfitting the source data and limits the model’s generalization capability. By contrast, the proposed
SPOT avoids overfitting via efficient augmentations (i.e., spectrum-aware structural augmentation
and homophily-aware feature augmentation), which helps with the model’s generalization ability
to the target domain.
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Fig. 4. The cross-entropy loss on the source domain and target domain. The upper row shows the result of
GCN, while the bottom row presents the result of SPOT. The proposed model better avoids overfitting to the
source domains (blue curves) and generalizes well to the target domain (orange curves).

Fig. 5. Visualization of learned representations of each node in the Citation dataset using t-SNE. Top: the
representations learned by GCN. Bottom: the representations learned by SPOT.

5.6 Visualization of Learned Representations
In this section, we provide visualization results of learned representations of each node in the graphs
using t-SNE [76].The results of GCN and the proposed SPOT are shown in Figure 5.The experiments
are performed on all the sub-tasks of the Citation dataset. Specifically, AC→D is shown in the top
row, sub-figure (a1) and (b1); AD→C is shown in the middle row, sub-figure (a2) and (b2); CD→A
is shown in the bottom row, sub-figure (a3) and (b3). As can be seen from the results, the proposed
SPOT learns a more condensed and clustered representation of the nodes in the graphs across all
the sub-tasks. This suggests that the proposed method is able to transfer the learned knowledge
from the source domains to the target domain. Moreover, the results also show that the proposed
method tends to learn more separate representations in the feature space. For instance, in sub-figure
(b1) and (b2), Classes 0 and 4 are more separate than the corresponding baseline in (a1) and (a2).
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Fig. 6. The model’s performance on the single-source domain generalization setting in comparison with the
baselines. The experiments are performed on the Citation dataset (A: ACMv9, C: Citationv1, D: DBLPv7,
labeled as source→ target). The models are trained on a single domain and then tested on another domain.

We attribute this to the augmentations, both structural (spectrum-aware structural augmentation)
and nodal (homophily-aware feature augmentation) that generate augmented views around the
input sample in the feature space and thus help the model to learn separate representations that
benefit the downstream classification task.

5.7 Performance for Single-Source Domain Generalization
We also verify the proposed SPOT’s generalizability to the single-source domain generalization
setting, where only a single domain is used for training the model. The experiments are performed
on the Citation dataset, leading to six sub-tasks in total (i.e., A → C, A → D, C → A, C → D,
D→ A, and D→ C). The results are shown in Figure 6. As presented in the figures, our method
outperforms all the baseline methods in all sub-tasks, which shows that our method generalizes
well on the single-source domain generalization setting. The proposed spectrum-aware structural
augmentation and homophily-aware feature augmentation are able to learn generalizable graph
features from a single domain. Moreover, when comparing with the performance with multi-domain
generalization setting, we notice that some methods’ performance on the multi-domain setting is
worse than single-domain setting. For example, in A→ C setting, GCN achieves over 65 Micro-F1
with only one source domain, whereas in the AD→ C setting (in Table 1), GCN only has less
than 63 Micro-F1 score. This suggests that the baseline models fail to fully utilize all information
from different source domains. Compared to these methods, the proposed SPOT achieves better
performance on average with an increasing number of source domains. This demonstrates that
the proposed model can better utilize information from multiple sources and learn transferable
representations across domains.

5.8 Efficiency Analysis
We also provide an efficiency analysis of the proposed SPOT in comparison with several baselines.
Specifically, we report the training time and the GPU memory in Table 4. The two metrics are
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Table 4. The Training Time and Memory Cost of the Proposed SPOT
and Baselines

Methods GCN ADA FLOOD SPOT

Training time (s) 19.1 29.2 29.65 34.0
GPU memory (GB) 2.3 2.3 4.2 2.4

measured in the Citation dataset (AD→ C setting). As can be seen from the results, the proposed
method can be trained very efficiently, with comparable training time and GPU memory to other
domain generalization or OOD generalization methods.

6 Related Works
6.1 Graph Machine Learning
With the advancement of various techniques in deep learning, GNNs have shown promising em-
pirical performance in analyzing graph-structured data in recent years [35, 37, 50]. A range of GNN
methods have been developed for various machine learning problems, such as node classification
[41, 94], link prediction [4], and graph classification [12]. Most GNNs can be formulated into a
message passing paradigm, with each node collecting propagated information from its adjacent
neighbors and engaging in a recursive node representation update [94]. Despite their enormous
success, existing methods usually neglect the potential domain shifts in real-world unknown graphs
[36]. To tackle this issue, we investigate the problem of graph domain generalization, which attempts
to learn a GNN model with superior generalization ability using several source graphs.

6.2 Domain Generalization
The target of domain generalization is to construct a model that can well generalize to unobserved
target domains using merely source data [81, 83]. Different from domain adaptation [16, 28, 56, 60,
89] or inductive learning [29], domain generalization aims to make the model more robust against
distribution shifts during training, without accessing the test input. Existing literature has offered
various solutions to this problem. By reducing differences across distinct domains, early approaches
often presuppose the presence of several source domains and attempt to learn domain-invariant
representations. These techniques typically either reduce the explicit distribution difference [49,
85] or accomplish implicit domain alignment via adversarial learning [1, 33, 110]. Recently, data
augmentation has been proven to be a powerful tool for domain generalization, which constructs
fictitious and challenging target data to solve data scarcity [79, 113, 118].

To improve the generalization ability of GNNs, efforts have been made in graph domain gener-
alization [9, 102] and graph OOD generalization [47, 48, 104, 119]. Comprehensive surveys [48,
104] have provided taxonomies of these approaches, including data-centric methods, model-centric
methods, and special training strategies. While some of these methods also adopt a data-centric
perspective [9, 119], this work tackles this problem from the less-explored graph spectrum per-
spective with solid theoretical foundations and proposes spectrum-aware structural augmentation
in addition to homophily-aware feature augmentation.

6.3 Graph Modeling with Spectrum Learning
The spectra of graphs [42, 97] provide a new perspective for modeling and learning on graphs.
Recently, efforts have been made in combining the graph spectra with GNNs [41], and methods
have been proposed to enhance graph modeling with graph spectra in various tasks, including
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contrastive learning [57], adversarial learning [10], heterophilic graph learning [19, 24, 93, 116],
domain adaptation [64, 91, 101], OOD detection [26], and generalization [71, 109]. This article
adopts the perspective of graph spectra for structural augmentation and reformulates the problem
into optimal transport, which is solved using Sinkhorn-Knopp iterations.

7 Conclusion
This study investigates an understudied yet useful problem of domain generalization on graphs
and proposes a novel solution dubbed SPOT. On the basis of our preliminary experiments, our
SPOT formulates the structural augmentation as an optimum transport problem to maintain low-
frequency important information. Furthermore, we implement an adaptive perturbation strategy on
deep features with structural semantics retained, where the direction of additive noise is governed by
homophily degrees. We build numerous benchmark datasets to evaluate the domain generalization
capabilities of graphs, and comprehensive experiments validate the efficacy of our proposed SPOT.
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