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Abstract

Graph neural networks (GNNs) have gained superior perfor-
mance in graph-based prediction tasks with a variety of appli-
cations such as social analysis and drug discovery. Despite the
remarkable progress, their performance often degrades on test
graphs with distribution shifts. Existing domain adaptation
methods rely on unlabeled test graphs during optimization,
limiting their applicability to graphs in the wild. Towards this
end, this paper studies the problem of multi-domain gener-
alization on graphs, which utilizes multiple source graphs to
learn a GNN with high performance on unseen target graphs.
We propose a new approach named Topological Adversarial
Learning with Prototypical Mixup (TRACI) to solve the prob-
lem. The fundamental principle behind our TRACI is to pro-
duce virtual adversarial and mixed graph samples from a
data-centric view. In particular, TRACI enhances GNN gen-
eralization by employing a gradient-ascent strategy that con-
siders both label prediction entropy and graph topology to
craft challenging adversarial samples. Additionally, it gen-
erates domain-agnostic node representations by characteriz-
ing class-graph pair prototypes through latent distributions
and applying multi-sample prototypical Mixup for distribu-
tion alignment across graphs. We further provide theoreti-
cal analysis showing that TRACI reduces the model’s excess
risk. Extensive experiments on various benchmark datasets
demonstrate that TRACI outperforms state-of-the-art base-
lines, validating its effectiveness.

Introduction

Graph neural networks (GNNs) have demonstrated promis-
ing performance in various graph machine learning prob-
lems (Kipf and Welling 2017; Ju et al. 2024a). Learning la-
tent representations of these graph structures is beneficial
for various downstream tasks (Lu et al. 2021; Chen et al.
2022b; Huang et al. 2024). Graph neural networks usually
learn node representations using the neighborhood aggre-
gation mechanism where each node updates the represen-
tations using its neighborhood information iteratively (Xu
et al. 2019). These informative node representations would
be incorporated into various downstream applications in-
cluding social network analysis (Zhang et al. 2022b), drug-
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drug interaction (Ma and Lei 2023), recommender systems
(Liu et al. 2021), and traffic flow forecasting (Zhao et al.
2023; Ju et al. 2024b; Li et al. 2024).

Despite their immense prevalence, GNNs are data-hungry
and usually require the accessibility of target nodes. In par-
ticular, early efforts are hugely made in transductive learning
(Kipf and Welling 2017; Tang and Liu 2023), which infers
unlabeled nodes from a graph with partially labeled nodes.
Recently, graph domain adaptation (Guo et al. 2022; Wang
et al. 2024b; Liu et al. 2024) has been put forward to transmit
knowledge from a label-rich graph to a label-scarce graph
and handle distribution shifts across different graphs at the
same time. These methods usually develop more advanced
GNNs for representation learning and incorporate domain
adaptation techniques to reduce the domain shift. However,
these methods require the availability of all the target nodes,
while real-world applications are always with a range of un-
seen target graphs in the wild. Therefore, in this paper, we
study a novel yet under-explored problem of multi-domain
generalization on graphs, which learns a powerful GNN us-
ing a set of training graphs (domains) so that it can general-
ize effectively on unseen test graphs.

However, designing a new multi-domain generalization
GNN framework remains challenging, which requires us to
answer the following two questions. Firstly, how fo enhance
the generalization capacity during optimization? Since we
cannot acquire any target graphs, the core of multi-domain
generalization is to enhance the generalization capacity of
GNNs. Although domain generalization has been studied in
Euclidean data such as images and texts (Chen et al. 2022a;
Hsu et al. 2023; Long et al. 2024), the problem on graphs
would confront structured data, which requires us to take
the structural semantics into consideration. Secondly, how
to reduce the distribution shift across multiple domains?
Domain shifts on graphs include both structural shifts and
nodal shifts. Structural shifts refer to differences in link
construction, which could bring in various densities of the
graphs. In contrast, nodal shifts refer to distribution discrep-
ancy in nodal attributes across graphs. Therefore, it is highly
challenging to generate domain-invariant and discriminative
node representations across various graphs.

To answer the following two questions, in this work, we
propose a new approach named Topological Adversarial



Learning with Prototypical Mixup (TRACI). The core of our
TRACI is to produce virtual adversarial and mixed graph
samples from a data-centric view '. In particular, to boost
the generalization capacity of GNNs, we add perturbations
to both node attributes and latent features. A new objective
is proposed for adversarial sample generation, which aims
to not only maximize the entropy of label predictions and
maximize the average distance of the neighboring nodes in
graphs. In this way, we can generate challenging graph sam-
ples with high-frequency graph noise for robust optimiza-
tion. In addition, to generate domain-invariant representa-
tions, we first characterize the prototype of each graph-class
pair using a Gaussian distribution in the latent space and then
propose a multi-sample Mixup strategy for mixed virtual
samples. Different from previous methods which mix rep-
resentations from two nodes (Wang et al. 2021; Park, Shim,
and Yang 2022), our TRACI introduces prototypical learn-
ing to generate infinite augmented views by sampling from
distributions. We also incorporate contrastive learning be-
tween different mixed views to enhance the alignment be-
tween graphs. We conduct extensive experiments on various
benchmark datasets. Experimental results validate the supe-
riority of the proposed TRACI over a range of baselines. The
contribution of this work is highlighted as follows:

* Problem Formulation. We investigate a practical yet un-
derexplored problem of multi-domain generalization on
graphs, which aims to learn a powerful GNN using a set
of training graphs and expects the learned model to gen-
eralize effectively on unseen target graphs.

New Methodology. We propose a new approach named
TRACI, which not only adopts projected gradient as-
cend with the consideration of both entropy and graph
structure for hard adversarial samples, but also conducts
multi-sample prototypical Mixup to enhance the graph
alignment in the latent space.

Theoretical Insight. We provide a theoretical analysis
demonstrating that the proposed method reduces the ex-
cess risk of the model.

Empirical Validation. Extensive experiments on various
benchmark datasets validate the superiority of the pro-
posed TRACI over a range of baselines.

Related Works

Domain Generalization aims to construct a model that is
capable of generalizing to unobserved target domains using
multiple source domains (Li et al. 2017, 2018a; Wang et al.
2022a, 2024a). One potential solution to domain generaliza-
tion is to minimize the distribution discrepancy for domain-
invariant representations in the embedding space. A range of
approaches (Ghifary et al. 2016; Li et al. 2020; Wang et al.
2024a) usually introduce different metrics to measure the
distribution discrepancy such as maximum mean discrep-
ancy (Li et al. 2018b), and second-order correlation (Ghifary

!'The data-centric view emphasizes an approach that focuses on
transforming and enriching the data itself, particularly through syn-
thetic data generation and manipulation, rather than only optimiz-
ing the model’s architecture or parameters.
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etal. 2016; Jin et al. 2020). Another line to generate domain-
invariant representations is to utilize adversarial learning
(Rahman et al. 2020; Dayal et al. 2024), which involves
a domain discriminator with a gradient reserve layer. Re-
cently, self-supervised learning has been incorporated into
this problem, which involves various self-supervised tasks to
enhance the generalization of representations (Carlucci et al.
2019; Maniyar et al. 2020). However, domain generaliza-
tion is mostly studied in texts and images while the problem
in non-Euclidean graph data remains underexplored. There-
fore, in this paper, we explore the multi-domain generaliza-
tion problem on graph data, and utilize rich structural infor-
mation for better generalization capability on graphs in the
face of domain shifts.

Graph Transfer Learning (Lee et al. 2017) has been a
long-standing problem that aims to transfer a pre-trained
model to a new problem. Early efforts have been made
for graph domain adaptation (Wu et al. 2020; Guo et al.
2022; Wang et al. 2024b; Liu et al. 2024; Yin et al. 2022),
which transfers knowledge from source graphs into target
graphs. These methods usually incorporate domain align-
ment techniques such as adversarial learning into graph
neural networks. Recently, out-of-distribution problem (Gui
et al. 2022; Liu et al. 2023; Luo et al. 2023b,a) has received
increasing attention, in which test data are not in the same
distribution of training data. However, these methods often
fail to utilize information across domains (Wu et al. 2022) or
allow the use of testing input for training (Liu et al. 2023),
which would be difficult in real-world applications and thus
different from domain generalization. Therefore, in this pa-
per, we propose a new approach named TRACI for graph
domain generalization, which produces virtual adversarial
and mixed graph samples from a data-centric view.

The Proposed TRACI

Problem Definition. This work studies the problem
of multi-domain generalization on graphs, where M
source graphs {G',--- GM} are involved with G™ =
{Vm E™}. V™ and E™ C V™ x V™ represent the
node set and the edge set for the m-th graph, respectively.
X™ € RN"*din represents the node attribute matrix of
G™ where d;, is the attribute dimension and N™ is the
number of nodes. Let Y™™ denote the label matrix in which
Y;;' = 1if node ¢ is associated with the k-th category and
Y;7! = Oif not. These graphs share the same label space, i.e.,
{1,2,...,C} but have different data distributions and topo-
logical structures. We aim to learn a graph machine learning
model f using these source graphs to achieve superior per-
formance on unknown target graphs.

Framework Overview. In this paper, we propose a new ap-
proach named TRACI to solve the multi-domain generaliza-
tion on graphs problem. The core of our TRACI is to gener-
ate adversarial and mixed virtual samples from a data-centric
perspective. In particular, our TRACI mainly has the follow-
ing two modules: (1) Topological Adversarial Learning for
Challenging Samples. To increase the generalization capac-
ity of GNNs, we adopt projected gradient ascend with the
consideration of both entropy and graph structure for gen-
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Figure 1: The framework of the proposed TRACI consisting of (a) topological adversarial learning, and (b) prototypical Mixup.

erating hard adversarial samples. (2) Prototypical Mixup for
Graph Alignment. To decrease the discrepancy of multiple
domains, we estimate the latent distributions of prototypes
for class-graph pairs and conduct multi-sample prototypical
Mixup to enhance the graph alignment. An overview of our
proposed TRACI is shown in Figure 1.

Topological Adversarial Learning for Challenging
Samples

Since GNNs would be evaluated on unseen target graphs, the
major goal of domain generalization on graphs is to increase
the generalization capacity of GNNs. To achieve it, we in-
troduce a data-centric perspective (Yin et al. 2022; Yang,
Zhang, and Yang 2021; Yang et al. 2023a), which generates
adversarial virtual samples using structural perturbations to
both node attributes and hidden layers for robust optimiza-
tion. Here, we adopt projected gradient ascent (Madry et al.
2017) with the consideration of both the entropy of predicted
distributions and the topological structure for challenging
and feasible adversarial samples. These challenging graph
samples would be fed into GNNs for further optimization.

In detail, given a source graph G™ with attribute matrix,
we can add noise to X ™:

XM =X"4§(X™), (1)
where §(-) returns the perturbation matrix (i.e. the noise).
Here, we turn to projected gradient ascent to ensure the per-
turbed attributes within the feasible region, which is still
close to the original one. Previous works (Szegedy et al.
2013; Wang et al. 2022b) usually adopt the loss function for
adversarial learning. Here, we move forward by considering
the entropy of the prediction and graph structure. On the one
hand, the entropy is maximized to generate confusing sam-
ples following the adversarial learning routine. On the other
hand, we encourage our perturbation dissimilar to the graph
structure for challenging samples. In formulation, the loss
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function for adversarial learning is written as:

M
Zdv = Z( Z _Y~;’m log ffzm (2)
m=1 i€Vm™
+wa(d(X™H(D™ - A™)I(X™))),

where D™ denotes the degree matrix from the adjacency
matrix A™, w is the weight of the structure dissimilarity
term (second term), and tr(-) computes the trace of a ma-
trix. Here, the first term calculates the entropy of each node,
while the second term can be written as:

S = ZA ls(x1m) — (x|

3)

where §( X ™) denotes the perturbation of each node (Weiss,
Torralba, and Fergus 2008). S calculates the average dis-
tance of perturbation vectors between neighbors of graphs.
A small § would indicate a low-frequency signal related to
the graph structure. We expect the perturbation would be
irrelevant to the graph structure for challenging adversar-
ial samples. Low-frequent noise is more consistent with the
neighborhood information (graph structure), which makes
easy samples, while high-frequent noise makes challenging
samples (Liu et al. 2022). Thus, by maximizing this adver-
sarial objective, the more challenging high-frequent pertur-
bation is added to the adversarial samples.

Then, we perturb the input within a small region to keep
the semantics. In formulation, the node attribute is updated
at the step ¢ using projected gradient ascent as follows:

X ST (X 4 asgn (Vxn£eg,)) s ()

where II. projects the perturbed attributes back to the com-
pact set {X™|[|X™ — X™|| < ¢} and e is a preset small
parameter to decide the range of perturbation. o denotes the
learning rate. After T-step updating, we conduct adversarial
attacks on the input for subsequent optimization, which can
enhance the robustness of the GNN model. However, these
adversarial samples do not involve the graph structure. To
tackle this, we further add perturbation to the output of the



first GNN layer Z™,i.e., Z™ = Z™+6(Z™). As the GNNs
utilize the graph structure by neighborhood aggregation, the
hidden embeddings naturally contain structural information.
Then, Eqn. 2 can be written as:

M
Ll = (Y ~YlogY"
‘ mzzl z§ )

+wd(Z™T (D™ - A™)5(Z™)).

Similarly, we would rewrite Eq. 4 for adversarial learning
in the latent space:

Zmt — 11, (Zm’t + asgn <VZ””££dv)) ,  (6)

where ¢ decides the range of feature perturbation and o de-
notes the learning rate. We incorporate both types of pertur-
bations into graphs for extensive adversarial virtual samples.

Remark. Traditional adversarial training (Wang et al.
2022b; Andriushchenko and Flammarion 2020) usually uti-
lizes the same loss objective during parameter optimization
and adversarial sample generation. In contrast, our TRACI
utilizes a different loss objective for adversarial sample gen-
eration, which considers both the entropy of label predic-
tion and graph structures. The introduction of entropy can
tackle potential label shifts, while the high-frequency noise
is added for the generation of challenging samples while in-
corporating topological information.

Prototypical Mixup for Graph Alignment

Furthermore, a powerful and generalized GNN should be
invariant to environmental changes, focusing on target se-
mantics. To achieve this, a data-centric insight is to generate
virtual samples using multiple domains to amplify target se-
mantics (Yang et al. 2023b; Han et al. 2022; Zhang 2017).
Towards this end, we introduce a prototypical Mixup to en-
hance the graph alignment. Our prototypical Mixup first es-
timates the latent distributions in the hidden space for all
prototypes of class-graph pairs, and then selects prototypes
for each node. Then, a multi-sample Mixup strategy is used
to blend latent features with virtual samples from latent dis-
tributions with cross-domain interaction.

In particular, we characterize the prototype of each class-
graph pair as a Gaussian distribution N (g, ) in the hidden
space, incorporating node attributes into topological struc-
tures through GNNs. Then, each hidden feature correspond-
ing to this prototype can be viewed as a sample from the
latent distribution. Through them, we can estimate the mean
@t and covariance matrix X7 for the c-th prototype of G™.
Formally, they can be written as:

N™ m
21:1 1y,=cz;

pe = ; @)
21:1 1y§”:c
N™ T
ol (2T — (72" zZm 2”
Ezn _ Zz_l Yi ( 2 K ) ( 7 K ) (8)

N’VTL )
Zi:l 1y2":c
where 1. is an indicator for all samples with the same class.

To reduce the computational complexity, we would utilize a
diagonal covariance matrix for each latent distribution.
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Then, given a node i, we would produce virtual sam-
ples from distributions with the same semantics. Then,
a multiple-sample Mixup (Zhang et al. 2022a; Abhishek,
Brown, and Hamarneh 2024; Jin et al. 2024) strategy is
leveraged to generate augmented latent features. Consider-
ing that we have M prototypical distributions for each class,
we introduce a Dirichlet distribution, which considers every
source graph equally as follows:

1 1 )
M’ "M
We can also change the parameters in the Dirichlet distri-
bution when we have some prior about target graphs. More-

over, v comes from a Beta distribution randomly to decide
the ratio for original features:

0 Beta(ﬁlaﬂ2)7

in which 7 and (5 are two coefficients. In practice, we set
B2 to 1. Finally, the augmented features of node ¢ with label
¢ from G™ can be written as:

()\17~-~,)\m)ND’iT( (9)

(10)

m
Z;

M
Tzl (- ()] AMem™), D

m’/=1

where eZ’/ is sampled from the c-th prototype in G™ to
indicate virtual samples. We stack these virtual nodes into a
matrix, denoted as Z™ .

Our prototypical Mixup has the following benefits as
follows: Firstly, through mixing with virtual samples, we
can extend the Empirical Risk Minimization (ERM) prin-
ciple to a more advanced Vicinal Risk Minimization (VRM)
(Chapelle et al. 2000; Zhang, Hsieh, and Tao 2018; Zhang
2017) principle, which has shown superior generalization
capacity by enlarging the datasets. Secondly, we incorpo-
rate prototypes from different source graphs to generate in-
finite augmented views, which can mitigate the distribution
discrepancy and thus produce unbiased label predictions.
Thirdly, compared with Mixup using features of real nodes
(Han et al. 2022), we can save computational costs by stor-
ing and sampling the distributions with a global view of pro-
totypical semantics.

Summarization

In a nutshell, we generate two groups of virtual samples
from different perspectives, i.e., adversarial samples and
mixed samples. These samples would be combined and fed
into our graph neural network to generate predictions, and
the cross-entropy objective is:

M
ﬁmce = Z CE(?mvym)a

m=1

12)

where C'E(+, ) is the cross-entropy and Y™ is label distri-
butions from virtual samples, i.e., X7, Z™T and Z™+.

Moreover, to further reduce the domain discrepancy in
the latent space, we introduce supervised contrastive learn-
ing (Chen et al. 2020; Khosla et al. 2020) with prototypical
Mixup, which enforces different views of augmented nodes



to be consistent compared with different nodes. In particular,
we regularize the difference between augmented nodes and
the original nodes using contrastive learning, formulated as:

M
Log=— Z Z log

m=1veGm

exp(hyt x hi?')
D oveam exp(hvm’+ *h™)

where A" and h'™ are deep features after L GNN layers.
* calculates the cosine similarity of two vectors. Our con-
trastive learning can further align node representations with
mixed information from different graphs to reduce the do-
main shift, by encouraging query and augmented views with
potential domain shifts to be close compared with the other
nodes.

The final objective of the proposed TRACI can be sum-
marized as follows:

(13)

L= ACrnce + )\‘Cclv (14)

where )\ is a parameter to balance two loss objectives.

For the optimization procedure, we first warmup the
model using the source graphs. At each epoch, we first gen-
erate adversarial (using projected gradient ascent with Eqn.
2 and 5) and virtual (using Eqn. 11) samples. Then we opti-
mize the model’s parameters using these generated data with
Eqn 14.

Theoretical Analysis

This section aims to provide a theoretical justification for
the integration of virtual samples into graph neural net-
works (GNNs), a step necessitated by the observed distribu-
tion shifts across different graph structures (Bartlett, Mon-
tanari, and Rakhlin 2021). We begin with a brief overview
of key notations. Remember, X™ is the observed node at-
tribute matrix, and Y™ the label matrix, with the distribu-
tion of observed samples (X", Y;™) form = 1,..., M and
i=1,..., Ny, denoted as P™(x, y). Here, the indices X ™
and Y;™ correspond to the i-th row in their respective matri-
ces. A significant challenge in GNNss is addressed by the dis-
tribution P™(«, y), which highlights how data distribution
changes across multiple graphs. To manage this challenge,
we introduce Py (x,y), representing the distribution for
a new graph’s samples (X, Y;*), where ¢ = 1,..., Nyoyw-.
For simplicity, and without loss of generality, we narrow our
focus to the case where m = 1, thus referring to P (x, y) as
simply P(x,y). It is critical to note that Pyew (¢, y) differs
from P(x,y), emphasizing the crucial role of distribution
shifts in our analysis. To bridge this gap, we posit the ex-
istence of a virtual sample distribution, Py;¢(,vy), under-
scoring the essential role these samples play in enhancing
the adaptability and efficacy of GNNs in dynamic environ-
ments.

We consider all observed, new, and virtual samples as in-
dependently and identically distributed (i.i.d.) from their re-
spective distributions: P(x, y) for observed, Pyew (2, y) for
new, and Py (x,y) for virtual samples, with virtual sam-
ples indexed as (XJ, YJ) fori =1,..., Nyj. We assess the
predictive performance of a function f, projecting the input
space X to the output space )/, through a loss ¢(f(X),Y),
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allowing for either 0/1 classification loss or cross-entropy
loss. The risk function is defined formally by:

L(f) = ]EP[E(f(X)ﬂ Y)]7 Lnew(f) = Epnsw [f(f(X), Y)L
and
Lvirt(f) = EPVm [f(f(X), Y)]a

leading to the functions:

f* = argmin L(f),
fer

fv*irt = argmin Lvirl(f>7
feF

where F denotes the function space modeled by GNNs. Em-
pirical risks, based on these samples, are calculated as:

~ 1 &
L(f) == N Zf(f(Xi)in),

1 Nyire

o(F(xt
N 2= (f(X{

15)

Lvirt(f) = Y-]L

K2

)7 )a

leading to estimators:

7 Fuirt = argmin Lyin (f).
feEF

= argmin E(f),
fer

Then, we define the excess risk of fand fvm as follows:

~

R(f) = Lnew(f) - }Ielg__Lnew(f)a

A e (16)
R(fvirt) = Lnew(fvirt) - ;rel.f/"-: Lnew(f)~

Theorem 1 Considering a binary classification problem, in
which Y = {+1}, we define the +1loss, {11(7,y) = —yy-
For F C [—1,1]%, we have

E{R(fur) = R(D } <E{ Luonl ) — Lol Fuin)}
Zog@llz(m) )

where I1z(n) = max{[{(f (z1),..., f(®n)): f € F}| :
T1.ny--. Ly € X} is the VC-dimension of F on X.

Theorem 1 establishes that when — 0, in-
dicating the VC-dimension of F is suitably constrained, the

expected difference in excess risk between R(f) and R(f\,m)
can be effectively bounded. Specifically, if P (x,y) more
closely approximates Pyew(®,y) than P(x,y) does, the

difference Lyew(f) — Lnew will exceed zero, suggesting
that incorporating virtual samples enhances generalizability.
Importantly, when Pyiy(x,y) exactly matches Pyew(,y),

Lew(f) — Lnew 1s positive with high probability, thereby en-

2log(2I1 £(n))

suring that the expected difference, Lyew (f) — Lnew, remains
above zero, indicating the benefits of virtual sample integra-
tion on model performance.
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Experimental Settings

Datasets. Two benchmarks are used in the experiments:
Citations and Proteins. The Citations benchmark consists
of three real-world networks from (Tang et al. 2008), i.e.
ACMYVY, Citationvl and DBLPv7, collected by different
sources during different periods. The Proteins benchmark
consists of four protein datasets from the PDB database
(Berman et al. 2000) with their single-chain data as graphs.
The secondary structure types of every residue are our pre-
diction target, computed using DSSP (Joosten et al. 2010).

Baselines Methods. Our method is compared with a number
of baseline methods, including standard graph neural net-
work methods, i.e. GCN (Kipf and Welling 2017), GIN (Xu
et al. 2019), GAT (Velickovié et al. 2017), SGC (Wu et al.
2019) and EGC (Tailor et al. 2022), domain generalization
methods for Euclidean data, i.e. ADA (Volpi et al. 2018) and
MAT (Wang et al. 2022b), and graph structured data, i.e.
FLOOD (Liu et al. 2023) and MARIO (Zhu et al. 2024).

Evaluation and Implementation Details. We employ the
leave-one-domain-out protocol (Dubey et al. 2021). Mi-
cro and Macro F1 are used for evaluation for the Cita-
tions benchmark, while accuracy is reported for the Pro-
teins benchmark. For hyperparameters, € is set to 0.6, w
is 0.02, A in Eq.14 is 0.1, and L is 2. For details, see
https://github.com/YushengZhao/TRACI-AAAI25/.

The Performance of TRACI

The results for TRACI compared to baseline methods are
presented in Table 1 and Table 2. According to the re-

Figure 2: The parameter sensitivity experiments of TRACI
on the Citations benchmark.

sults, we have the following observations: Firstly, TRACI
achieves a consistent lead in both Citation and Proteins
benchmarks, compared to the baselines, which shows the
overall effectiveness of the method. Secondly, Among the
baselines for domain generalization, ADA and MAT are pro-
posed for Euclidean data (e.g. images or texts). By design,
they do not consider the structure information in the data,
which makes them weak in the face of distribution shift
of the graph structure. Thirdly, for the baselines designed
for graph structured data, FLOOD utilizes simple augmen-
tations like feature masking and edge dropping, which may
not generate challenging samples. For MARIO, although it
generates adversarial samples for training, it adopts a naive
adversarial loss and only perturbs the graph attributes. In
contrast, we design novel adversarial loss objectives (Eqn.
2 and 5) that consider both the entropy of label predictions
and the graph structure. Moreover, the adversarial perturba-
tions are added to both the graph attributes and the hidden
features. This explains our superior performance.

Sensitivity Analysis

In this subsection, the model’s sensitivity to hyperparame-
ters is explored. Concretely, we focus on two hyperparam-
eters: (1) the weight of contrastive learning loss (i.e. A in
Eq. 14), and (2) the weight of high-frequent perturbation in
the adversarial objective (i.e. w in Eq. 2). The experimen-
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TAL AC - D AD — C CD— A
Exp. No. PM
F A S Micro F1 Macro F1 Micro F1 Macro F1 Micro F1 Macro F1
1 65.62+0.30  61.464+0.27 63.87+1.18  59.06£1.05 61.99+0.54  59.2442.00
2 v 67.57+£0.01  64.234+0.08 65.994+0.05 61.41+0.32 62.11+0.42  59.91+1.45
3 v v 69.10+0.58  65.684+0.61 67.67+£0.20  63.18+0.34 63.27+0.34  61.314+0.32
4 v v v 72.04+0.81  68.984+0.40 72.76£1.06  68.57+0.54 66.25+0.66  63.72+1.44
5 v v v v 72.95+0.77  69.25+1.22 74.10+£0.68  69.08+1.07 67.01+1.04  65.034+0.35

Table 3: Ablation studies on the Citations benchmark.
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Figure 3: Visualization of learned representations on the Citations benchmark in AD—C setting. Three methods are compared,
including GCN (a), FLOOD (b), and the proposed TRACI (c).

tal results are shown in Figure 2. As can be seen from the
results, the proposed TRACT is generally not sensitive to hy-
perparameters. The evaluation accuracy changes moderately
when we perturb the hyperparameters. Therefore, we set the
weight of contrastive learning loss A to 0.1 and the weight
of the high-frequent perturbation term in the adversarial ob-
jective (e.g. w) to 0.02.

Ablation Studies

In this subsection, ablated studies are performed to demon-
strate the efficacy of each component, including (1) the
prototypical Mixup, denoted as “PM”, (2) the adversar-
ial perturbation of the hidden features (i.e. §(Z™)), de-
noted as “TAL(F)”, (3) the adversarial perturbation of the
attributes (i.e. 6(X™)), denoted as “TAL(A)”, and (4) the
high-frequent adversarial perturbation (i.e. S), denoted as
“TAL(S)”. The last three components constitute topologi-
cal adversarial learning (TAL). The results are shown in Ta-
ble 3. As can be seen form the results, prototypical Mixup
(PM) contributes to the model’s improvement. Adding the
PM improves the model’s performance across settings. Since
the prototypical Mixup is able to align graph representa-
tions from multiple source domains via generating virtual
samples, it is reasonable that it helps with TRACI’s per-
formance. Moreover, topological adversarial learning (TAL)
contributes significantly to the model’s performance. The
three components in topological adversarial learning, i.e. F,
A and S, all contribute to the model’s performance (Line 2
to Line 5). This shows that adversarial training considering
both entropy and graph structure is beneficial for the gener-
alization capability of the model.

Visualization

In this section, we visualize the learned representations of
nodes in the graphs using t-SNE (Rauber, Falcdo, and Telea
2016), and the results are shown in Figure 3. The experi-
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ments are performed on the Citations benchmark (AD—C),
where the three models (GCN, FLOOD and TRACI) are
compared. For convenience, we only visualize the nodes that
belong to a single category. As can be seen from the results
in Figure 3, the proposed TRACI is able to yield more con-
densed features. For example, in GCN, Class 0 are scattered
and mixed with Class 4 and 1. In comparison, our model
learns more condensed features for Class 0, as the blue dots
tend to form clusters. As for FLOOD model in Figure 3 (b),
although some nodes are clustered locally (e.g. Class 0 and
2), they are mixed together and hard to separate. By com-
parison, our model generates more separable node represen-
tations. In a nutshell, TRACI is able to generate more con-
densed feature representations for the target domain, which
shows that the proposed techniques help the model to learn
robust representations.

Conclusion

This paper investigates the problem of multi-domain gener-
alization on graphs and then proposes a novel method named
TRACI for this problem which generates mixed and virtual
adversarial graph examples from a data-centric view. We
also provide a theoretical analysis showing that our method
decreases the excess risk of the model on the target domain.
Moreover, we compared the proposed method with numer-
ous competing baselines on several benchmarks to show our
superiority. In future work, we would extend the proposed
TRACIT to a broader range of real-world tasks including so-
cial network analysis and anomaly detection.
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