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HOGDA: Boosting Semi-supervised Graph Domain Adaptation
via High-Order Structure-Guided Adaptive Feature Alignment
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ABSTRACT

Semi-supervised graph domain adaptation, as a subfield of graph
transfer learning, seeks to precisely annotate unlabeled target graph
nodes by leveraging transferable features acquired from the limited
labeled source nodes. However, most existing studies often directly
utilize GCNs-based feature extractors to capture domain-invariant
node features, while neglecting the issue that GCNs are insufficient
in collecting complex structure information in graph. Considering
the importance of graph structure information in encoding the com-
plex relationship among nodes and edges, this paper aims to utilize
such powerful information to assist graph transfer learning. To
achieve this goal, we develop an novel framework called HOGDA.
Concretely, HOGDA introduces a high-order structure information
mixing module to effectively assist the feature extractor in captur-
ing transferable node features. Moreover, to achieve fine-grained
feature distributions alignment, the AWDA strategy is proposed
to dynamically adjust the node weight during adversarial domain
adaptation process, effectively boosting the model’s transfer abil-
ity. Furthermore, to mitigate the overfitting phenomenon caused
by limited source labeled nodes, we also design a TNC strategy
to guide the unlabeled nodes to achieve discriminative clustering.
Extensive experimental results show that our HOGDA outperforms
the state-of-the-art methods on various transfer tasks.

KEYWORDS

Graph Transfer Learning, Adversarial Domain Adaptation, High-
Order Moment, Node Clustering

1 INTRODUCTION

In multimodal applications, graphs are often used to model the
correlation between different modal data. Among them, graph node
classification techniques play a crucial role in analyzing nodes from
different modalities. However, due to the distribution shift problem,
well-trained models suffer severe performance degradation when
applied straight to new domains, limiting the large-scale imple-
mentation of deep models in actual applications. Graph transfer
learning (GTL) [6, 24] has been proposed as a paradigm to address
such a problem by transferring some invariant features from a la-
beled source graph to an unlabeled target graph, greatly improving
the model’s generalization ability on the target graph.

Unpublished working draft. Not for distribution.
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Figure 1: Illustration of the semi-supervised graph domain
adaptation (SGDA) task.

Most existing studies [7, 18, 28] on GTL tends to focus on unsu-
pervised domain adaptation, assuming that all nodes in the source
graph are labeled, while overlooking the fact that this ideal scenario
is not common in real-world applications, as annotating the entire
source graph is a time-consuming task, especially for large-scale
graphs. Therefore, in this paper, we focus on a more practical appli-
cation scenario known as semi-supervised graph domain adaptation
(SGDA) [24], where the source graph contains only a limited number
of labeled nodes, as shown in Figure 1. The most crucial challenge
for SGDA is to effectively leverage the transferable features learned
from the label-scarce source graph to precisely annotate nodes in
the target graph.

Unlike images and time series data, graph data usually con-
tains rich structure information that encodes complex relationships
among nodes and edges. Most existing GTL models [6, 24, 36]
usually adopt graph convolutional network (GCN)-based feature
extractors to learn domain-invariant node features. However, recent
studies [5, 21, 40] have demonstrated that GCNs are insufficient in
capturing the sophisticated structure information in graph, which
may potentially affect the transfer of domain-invariant knowledge
and consequently limit the model’s generalization capability.

To address this problem, inspired by the effectiveness of high-
order moment features in characterizing the data structure [9],
we propose an novel SGDA framework named HOGDA that em-
ploys a High-order Structure Information Mixing (HSIM) module
to effectively capture graph structure information. In order to fur-
ther explain our motivation, we plot a point cloud (sampled from
three Gaussian distributions) and visualize the moment features
of different orders in Figure 2. As can be seen, the structure of the
point cloud can be captured more accurately by using high-order
moment features than by using low-order features. To this end,
HSIM module seek to employ multi-view structure information
to assist the feature extractor in extracting more discriminative
domain-invariant node features.

Recent studies [4, 19, 42] on TL have demonstrated that different
samples have different levels of transferability. However, many
existing GTL methods usually assign equal weight to different nodes
during adversarial domain adaptation process, ignoring the fact that
hard-to-transfer nodes may harm the learning of transferable node
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order =1 order = 4

order = 2

Figure 2: 240 data points sampled from three Gaussian dis-
tributions. And the level sets denotes the moment features
with different orders. In comparison to low-order features,
high-order moment features can more accurately capture
the underlying structure of the point cloud.

features and even cause negative transfer. To remedy this issue, we
propose a Adaptive Weighted Domain Alignment (AWDA) strategy.
Specifically, AWDA adaptively estimates the node transferability
by jointly leveraging entropy information from the classifier and
discriminator, and dynamically adjusts the weight of node based on
its transferability. By prioritizing easy-to-transfer nodes with higher
weights during domain alignment process, the model can learn
more domain-invariant features, thereby significantly improving
its transfer ability on the target domain.

Furthermore, in the SGDA scenarios, due to the label scarcity
of source graph, well-trained model on only a few labeled source
nodes is prone to overfitting. Consequently, it may make ambigu-
ous or even incorrect predictions for certain target graph nodes
located near the decision boundaries or far from their correspond-
ing class centers. To alleviate this overfitting phenomenon, we
devise a Trust-aware Node Clustering (TNC) strategy to enhance
the model’s generalization performance. Specially, TNC aims to
guide the discriminative clustering of unlabeled nodes by mini-
mizing the discrepancy between the current cluster assignment
distribution and the ideal cluster distribution, effectively promoting
the alignment of category distributions across domains.

The following are the primary contributions of this paper:

(1) A novel HSIM module is devised to assist the feature extractor
in capturing the graph structure information.

(2) A node re-weighted adversarial adaption strategy named AWDA
is proposed to facilitate the alignment of feature distributions.

(3) To remedy overfitting issue, a simple but effective TNC strategy
is introduced to guide the clustering of unlabeled nodes.

(4) Experimental results on various transfer tasks demonstrate the
superiority of our HOGDA over the state-of-the-art methods.

2 RELATED WORKS

Graph Transfer Learning (GTL). GTL has attracted substantial
attention as a promising solution for effectively alleviating the
burden of collecting labeled data for novel tasks. A series of early
studies commonly utilize available source labeled nodes to build a
pre-train graph model for different but related tasks in the target
domain [13, 23, 26]. However, due to the presence of distribution
shift, this training paradigm inevitably causes the model to suffer
severe performance degradation in the target domain. To solve this
problem, recent studies have shifted their focus towards domain
adaptation [7, 18, 28]. These works aims to boost the model’s gen-
eralization ability by transferring some invariant features from a

Anonymous Authors

label-rich source domain to a label-scarce target domain. Meth-
ods for achieving domain adaptation can be roughly divided into
two categories: (1) Extracting transferable features by minimizing
the statistical metrics between two domains [10, 29]; (2) Leverag-
ing adversarial training to enforce domain confusion to capture
domain-invariant features [6, 24, 28, 36, 41].

Semi-supervised Learning on Graphs. Semi-supervised learning
on graphs aims to tackles the node classification task by utilizing
only a small fraction of labeled nodes. Early works, such as GCN
[16], GraphSAGE [12] and GAT [34], typically employ the message
passing paradigm to capture discriminative node features [12, 16,
34]. In recent studies, researchers have investigated a variety of
techniques, such as adversarial training [14, 38], data augmentation
[35], continuous graph [37], and meta-learning [25] to further boost
the model’s generalization performance.

3 METHODOLOGY

3.1 Problem Formulation

Source Domain Graph: Let G° = (’Vs’l, YSU AS, XS, Ys’l) be the
source graph, where V5! denotes the labeled node set, and V%
denotes the remaining unlabeled node set in Gs. The adjacency
matrix AS € RN XN’ represents the connectivity of nodes in G°,
where N¥ = [V5!| + |'V5¥| denotes the total number of nodes. If
there exists an edge between nodes n; and nj, the corresponding
element A? : is assigned a value of 1; otherwise, it is set to 0. ysl e

N . .

RIV¥IXC indicates the label matrix of (Vs’l, where C is the number
of node classes. If a node nf € sl belongs to the c-th class, yfe =1;
otherwise, y . = 0. X* € RN°X€ represents an attribute matrix,

where e is the dimension of node attributes. In the SGDA setting,
|V*!| is much smaller than [ V54|,

Target Domain Graph: The target graph, denoted as G* = (V?, A, X*)

is a completely unlabeled graph with an unlabeled node set V".

Similarly, the adjacency matrix A’ € RN XN indicates the con-

nections between nodes in G;, and the node attribute matrix X’ €
RN'*e stores the attribute information for each target node. Here,
N = |'V*?| denotes the number of nodes in G;.
Semi-Supervised Graph Domain Adaptation (SGDA): Given
a partially labeled source graph G° and an unlabeled target graph
G!, the key challenge in SGDA is how to accurately annotate target
graph nodes by leveraging the transferable knowledge learned from
the limited source labeled nodes.

3.2 Network Architecture

The architecture of our HOGDA model is composed of four com-
ponents: a GCN-based feature extractor ¥, a high-order structure
information mixing (HSIM) module H, a domain discriminator D,
and a node classifier C, as shown in Figure 3.

For brevity, we omit the domain-specific notation to describe
the data flow through our model. Mathematically, given an input
graph G = (V, A, X), the node features extracted by ¥ is denoted
asZ=F(G) € RIVIXe and itis subsequently fed into the HSIM
module to capture the corresponding high-order structure features
H = H(Z) € RIVIX¢ where e is the feature dimension and |V|
denotes the number of nodes in G. Then, the node features Z are
concatenated with their corresponding structure features H and
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Figure 3: Global overview of the proposed HOGDA model.

passed through a learnable 1 X 1 convolution filter ‘W1!*! to ob-
tain the mixed node features R € RIVI*€. These mixed features
are then passed into the classifier C for the final classification pre-
diction C(R) € R!VIXC The domain discriminator D is trained
to distinguish between the source and target domains, while the
feature extractor ¥ is optimized to confuse D in order to capture
domain-invariant node features Z.

To better model the adjacency relationships among nodes in
graph G, we calculate the positive point-wise mutual information
(PPIM) between nodes following [24, 36]. Concretely, for a given
graph G = (V, A X), we employ random walk to sample a set
of paths on A and construct a frequency matrix ¥. Here, each
entry ¥;; represents the occurrence count of node n; within a
predefined window in the context of node n;. Then the PPIM matrix
P is computed as:

poo Yo 2o Ty

o i Vi " i Vi *’j i Wi )
Pii = log(=————), 0},
ij = max{ Og(Pi,*xP*J) }

where P;; denotes the positive mutual information between nodes
n; and nj, which quantifies the topological proximity between
nodes. A higher value of P;; indicates a strong connection between
n; and nj, while a value of P;; = 0 indicates the absence of such a
connection. Then, the output of the I-th GCN layer ConvD (4 is
denoted as:

ZW = comv® (P, 20Dy = o(D~:PD 2 z-DW D), (2)
where o(+) is an activation function, and D is the diagonal degree
matrix of P (i.e., Dj; = X; Pij). Moreover, P = P + I, where [ is an
identity matrix. W denotes the learnable parameters of the [-th

layer, and Z (0) = X Note that the feature extractor & consists of
sequentially stacked L layers of GCN Conp™® (I=12---,L).

3.3 High-order Structure Information Mixing

As mentioned in Section 1, in contrast to images and time series data,
graph data (e.g., social network and academic network) typically

encompasses abundant structure information that encodes intricate
relationships among nodes and edges. However, most existing GTL
models [6, 24, 36] typically employ GCN-based feature extractors
to learn domain-invariant node features, neglecting the issue that
GCNss are insufficient in collecting complex structure information in
graph [5, 21, 40]. This limitation may potentially affect the transfer
of domain-invariant knowledge and consequently limit the model’s
generalization capability.

To address this issue, motivated by the effectiveness of high-order
moment information in capturing the structure of data (as shown in
Figure 2), we introduce a high-order structure information mixing
(HSIM) module to capture the graph structure information from
multiple views. Specially, HSIM module seeks to leverage these
multi-view structure information to assist the feature extractor
in learning more discriminative transferable node features.

Let Ji(Z) denote a k-th order moment feature, where Z €
RIVIX€ is the deep node features extracted by . Most current
works commonly adopt Kronecker product-based approach to cal-
culate high-order moment features of data [3, 11, 33]. However, con-
sidering the numerous nodes contained in the graph (e.g., ACMv9
has over 9000 nodes), directly calculating the Kronecker product of
node features is computationally expensive and time-consuming,
making it unsuitable for GTL tasks.

To solve this problem, we utilize the Random Maclaurin factoriza-
tion scheme [15] to achieve the efficient computation of high-order
moment. Concretely, as depicted in Figure 3, we employ multiple
1 % 1 convolution kernels as several random projectors to estimate
the k-th order moment features:

*%‘(Z)zBl(Z)oBZ(Z)O"-GBk(Z)e]R|(V|><e (3)

where © is the Hadamard product, and B4, B, - - -, By refer to
k randomly initialized 1 X 1 convolution kernels. However, since
the estimators generated by Random Maclaurin scheme are inde-
pendently of the analyzed distributions [27], which may result in
the estimated high-order moment features containing some non-
informative high-order components (i.e., noisy components).
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To eliminate the impact of these noisy components, we choose to
learn the parameters of these projectors (i.e., the 1 X 1 convolution
kernels) directly from the input data. Note that because the calcula-
tion of high-order moments involves a large number of Hadamard
product operations, it may cause the estimated high-order fea-
tures degrade into low-order features. To prevent this degradation
phenomenon, we employ a recursive mechanism to progressively
approximate the high-order moment features:

Te(2) = Jie-1(2) © By (Z). ©

Because different order statistics can capture the graph structure
information from different views, we mix various order moment
features to more comprehensively capture the graph structure fea-
tures:

K
H=H(2)= (), Ji(2) e BRIV )

k=1
To leverage such powerful structure information to assist the
feature extractor # in capturing discriminative transferable fea-
tures, we concatenate the multi-view structure features H with the
deep node features Z extract by ¥ to obtain the augmented node
features [H; Z] € RIVIX€X2_ After that, to adaptively combine the
advantages of the node features and the structure features, a learn-
able 1 X 1 convolution filter W1*! is utilized to integrate these

features:

R = W ([H; z]) e RIVIxe, (6)

Then the mixed node features R will be fed into the classifier
C for the final prediction. Given the source labeled node set V sk
the supervised classification loss on the source graph G* can be
formulated as:

1
Los=——

| Vsl Z Lee(C(r)), y5). 7)

s s,
n;ev

where L. is the standard cross-entropy loss, and r; € R® denotes
the i-th node feature in node features matrix R°.

It is worth mentioning that the integration of graph structure
information is beneficial in guiding unlabeled nodes to achieve dis-
criminative clustering, thus facilitating the learning of fine-grained
domain-invariant features, as verified in Figure 4.

3.4 Adaptive Weighted Domain Alignment

Transferability denotes the ability of sample feature to bridge the
discrepancy across domains. It has recently been demonstrated
that, in real scenarios, different samples have different levels of
transferability [4, 19, 42]. Specially, some samples contain more
transferable features, which we term easy-to-transfer samples, and
generally have higher transferability. In contrast, hard-to-transfer
samples are difficult for the model to capture their transferable
features and generally exhibit lower transferability.

Adversarial training has been widely adopted by existing GTL
models to extract domain-invariant node features. However, most
existing methods [6, 24, 28, 41] typically assign equal weight to
different nodes during adversarial domain adaption, ignoring the
fact that hard-to-transfer nodes may harm the learning of domain-
invariant features and even lead to negative transfer.

Anonymous Authors

To address this issue, motivated by curriculum learning [2], we
propose an Adaptive Weighted Domain Alignment (AWDA) strat-
egy, which dynamically adjusts the weight of each node based on
its transferability. Specially, (1) During the early training stage,
the model aims to roughly align the marginal feature distributions
through adversarial training. Therefore, at this stage, node trans-
ferability should primarily be estimated by the discriminator D.
The entropy &Ep of discriminator output can be regarded as a good
indicator to measure node transferability. At such stage, easy-to-
transfer nodes generally have significantly higher entropy Ep than
hard-to-transfer nodes. (2) During the mid and late training
stages, the model primarily focuses on aligning the category distri-
butions across domains. In such case, node transferability should
mainly be estimated based on the entropy &Ec of the classifier out-
put. Concretely, at these stages, easy-to-transfer samples generally
have relatively certain classification predictions (i.e., low entropy
&c) since they are close to the corresponding class centers. Hard-to-
transfer samples scattered near the decision boundaries, typically
have uncertain predictions (i.e., high entropy Ec) and are prone to
misclassification.

Based on the above analysis, we design a mixed entropy-aware
weighted mechanism w(n;) that combines both the classifier and
the discriminator information to adaptively estimate the transfer-
ability for each node n;:

w(ng) =1+ e—[(z—dﬂ)aC—dﬂSD]’ (8)

where d # denotes the A-distance [1] d # = 2(1 — €(f)), which is
used to measure distribution discrepancy across domains, where
€(f) is the test error of a binary kernel SVM classifier f trained to
distinguish the source and target nodes.

Concretely, (1) during the early training stage, the source and
target domains exhibit significant discrepancy in the deep feature
space, and the binary classifier f can almost perfectly distinguish
between them (i.e, e(f) — 0 and d# — 2). In this way, node
transferability is primarily determined by the discriminator D,
ie, wny) ~ 1+ 9780 _(2) As training progresses, when the
marginal distributions of two domains almost coincide, the binary
classifier h cannot distinguish between them, and thus e(f) — 0.5
and d 4 — 0. In such case, node transferability is mainly estimated
by the classifier C, i.e, w(n;) = 1+ e~ (2=dn)&c

Notably, easy-to-transfer nodes usually contain more transfer-
able features, while hard-to-transfer nodes tend to have fewer trans-
ferable features. To facilitate the fine-grained alignment of fea-
ture distributions and accelerate the learning of domain-invariant
features, we encourage the model to pay more attention to easy-
to-transfer nodes during adversarial domain adaptation process.
Therefore, the node transferability weighted adversarial training
loss L44q can be defined as:

N° N*

Lawda = 55 2, WD 0D @) +15 D" win) logl1-D(T (g}

i=1 j=1
©)
where q; = (r;, C(r;)) is the joint variable of mixed node feature
r; and its corresponding classifier prediction C(r;). T(-) is a multi-
linear map employed to promote the alignment of multi-modal
category distributions as previous study [19].
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In this way, the model will focus on the learning of easy-to-
transfer samples to roughly align the two domains during the early
training stage. As the distribution discrepancy decreases, hard-to-
transfer samples get more attention in the adversarial alignment
process and are gradually turned into easy-to-transfer ones.

3.5 Trust-aware Node Clustering

Due to the limited number of labeled nodes in G°, the model is
likely to encounter overfitting issue if it simply relies on L, for op-
timization, which may severely degrades the model’s generalization
performance on G?. Existing studies usually adopt pseudo-labels
strategy [24] or conditional entropy term [36] to guide the learning
of unlabeled nodes to mitigate this overfitting phenomenon.

However, there is a concern that the pseudo-labels based strategy
inevitably introduces noise into the model and minimizing the con-
ditional entropy term may lead to degenerate clustering solutions
(i.e., all unlabeled nodes are assigned to the same cluster), which
severely affect the alignment of feature distributions.

To alleviate this overfitting issue, we devise a innovative Trust-
aware Node Clustering (TNC) strategy to enhance the model’s
robustness. Considering that both the spatial prototype information
and the classifier prediction information can estimate the cluster
assignment of node from different views during training, TNC aims
to adaptively combine these information to guide the discriminative
clustering of unlabeled nodes.

Specially, we first utilizes source labeled nodes to approximate
the class centers (i.e., prototypes) p of the source domain:

1 [Vt
K= 5 2o, (10)
where ¢(y3, c) = 1ify} = c, otherwise ¢(y7,c) = 0.c € {1,2,---,C}

is the class indicator and M = Zl;‘;s’ll #(ys,c).

On one hand, the spatial prototype information can estimate
cluster assignment for each node n; by measuring the similarity
between the node feature r; and the class center 3:

exp Y (riHe)
c ,

Z eXp_Y(ri’,uf./ )

c’=1

S(i,c) = (11)

where S(i,c) denotes the probability of assigning node n; to the
c-th cluster, and y(r;, z3) denotes the similarity between the node
features r; and the c-th class centers p. In our experiment, we
employ the Student’s ¢-distribution based kernel strategy [32] as
the similarity metric y(-, -), which can be defined as:

L[
exp((1+ 7)) 2

V(i) = — @

Y exp(a bl

c’=1

where « is the degree of freedom of the Student’s t-distribution. In
this work, « is set to 1 for all experiments.

One the other hand, the classifier C can also predict the cluster
assignment for each input node n;:

W(i,¢) = Pro(y; = ¢[C(ri)), (13)
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where W(i, c¢) denotes the probability of node n; belonging to class
c.

Although both S(i, ¢) and W (i, k) can measure the probability of
assigning node n; to cluster c, their confidence changes dynamically
during training. To this end, we introduce a trustworthy weighted
mechanism to dynamically adjust their importance:

_ daS(i,c) + (2 —dag)W(i,c)
XS [das(i,c) + (2 - da)M(i,c'))’

where Q(i,c) can estimate the probability of node n; belonging
to the c-th cluster in a more robust manner, and d # denotes the
A-distance between two domains. Specially, during the early
training stage, as the classifier C is learned from scratch, S(i, ¢)
is much more reliable than W(i, k). In such case, the clustering
assignment of node is primarily estimated by the spatial prototype
information(i.e.,, e(f) — 0 and d¢ — 2). During the mid and
late training stages, as the category distributions are gradually
aligned (i.e., e(f) — 0.5 and d g4 — 0), the classifier C can provide
more precise estimations for cluster assignment. In such case, the
term W (i, c) in Q(i, c) becomes the main contributor.

Notably, the ideal clustering should satisfy these two conditions:
i) The clustering assignment Q of each node should be sufficiently

certain; ii) Each cluster should contain some nodes (i.e., degenerate
Rl'VlXC

Q(i,c)

(14)

solutions will not occur). Here, Q € is the clustering as-
signment matrix of all nodes, which can be viewed as a distribution.

To achieve this goal, we define a ideal clustering distribution
® € RIVIXC and encourage the current cluster assignment distribu-
tion Q to approach the ideal distribution ® by using the following
objective function 7:

T = KL(®]|2) +KL(pllw)

1 V| ¢ ) e o
=|— ®(i,c)lo - + | — log £
VI Z‘; O R G lm;pc g”c} (1)
V] ¢ .
1 . (D(l,c) . Pc
=— ®(i,c)lo — +®(i,c) log —,
VI Z; Z £ Q0 &

where KL represents the Kullback-Leiber divergence, u is the uni-
form prior, and p. denotes the soft frequency of cluster assignments
in the ideal distribution :

1 :
pPec = m Z d(i,c). (16)

Specially, in Eq. 15, the first KL term denotes the discrepancy be-
tween the current cluster assignment Q and the ideal target ®. The
second KL term is used to promote balanced cluster assignments
in order to avoid degenerate solutions.

To estimate ®, we employ iterative learning mechanism to op-
timize this objective function 7. Concretely, in each training iter-
ation, assuming the network parameters 6 are fixed, we can infer
the variable ® by solving the following optimization problem:

V| C

Z Z (i, c) log (D(l,’ <) +@(i,c) log &,
L

i=1 c=1 Qi c) Ue

s.t. Z ®(i,c) = 1.

.1
min —
o |V

(17)
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As this optimization problem can be effectively solved by uti-
lizing several gradient-based algorithms [22] (such as Nesterov
optimal and projected gradient descent methods), we can calculate
the partial derivative of function 7 with respect to variable ® as:

T 1og(Riopey, 269 (18)
ad(i,c) Q(i,¢) V|
Z o(i’, c)

i’=1

Since the number of nodes |V| is typically very large, we can
approximate the gradient in Eq. 18 by neglecting the second term.
In this way, we obtain an approximate closed-form solution for ®
by setting the gradient to zero:

a(i,0 = 20/ Cr Q)
D062y Q)2

(19)

In TNC strategy, both source and target domain nodes V! U
VSUUV! are used to compute the clustering assignment matrix Q.
Therefore, the loss function L;,. of TNC strategy can be defined
as:

Line = KL(®|Q) + KL(p"||u). (20)

The reason we employ source labeled nodes V5! in TNC strat-
egy is because they can effectively guide the discriminative clus-
tering of unlabeled nodes towards the desired direction. Notably,
our TNC strategy does not involve any pseudo-labels, which not
only enhances the model’s robustness, but also promotes the pre-
cise alignment of category distributions (see Figure 5 for further
analysis).

3.6 Model Optimization

To sum up, the total loss function of HOGDA can be formulated as:

fC,I’II}ZI’%’Vm mZ%X Leis +nLgwda + BLinc (21)
where hyper-parameters  and f are used to balance the contribu-
tions of the corresponding term.

4 EXPERIMENTS
4.1 Setup

Datasets. Our experiments encompass three real-world graphs[31]:
ACMV9 (A), Citationv1 (C), and DBLPv7 (D). In these graphs, every
node corresponds to a paper, and the attribute of each paper is a
sparse bag-of-words vector derived from its title. The edges in these
graphs depict citation relationships among the papers. Considering
that these graphs contain diverse sets of node attributes, we merge
their attribute sets and resize the attribute dimension to 6775 fol-
lowing [24]. Each node is assigned a 5-class label, determined by
its relevant research areas, including Artificial Intelligence, Com-
puter Vision, Database, Information Security, and Networking. Six
typical cross-domain tasks will be carried out in our experiments:
A—C,A—D,C—A, C—D,D—A and D—C. Further settings and
implementation can be found in the Supplementary Materials.

Compared Methods. We mainly compare our method with several
SOTA (1) graph semi-supervised learning methods and (2) graph
domain adaptation methods following the pioneering work [24]:
(1) GCN [16], GSAGE [12], GAT [34], GIN [39], (2) DANN [8],

Anonymous Authors

CDAN [20], UDA-GCN [36], AdaGCN [6] and SGDA [24]. Note
that DANNGcn and CDANGep are two variants that replace the
MLP-based encoders with GCN-based feature extractors.
Evaluation Metrics. Following previous works [24, 28], we em-
ploy Micro-F1 and Macro-F1 as evaluation metrics. We repeat
each experiment 5 times and record the average accuracy along
with standard deviation. Additionally, to address the impact of
randomness, we sample different label sets for each experiment.

4.2 Results and Discussion

To demonstrate the superiority of our HOGDA, we follow [24] to
evaluate its performance in the challenging scenario, where only
5% of the nodes in the source graph are labeled. Table 1 lists the
classification results of different methods on the target graph.

We can observe that our model obtains the overall best results
on all transfer tasks. Concretely, HOGDA significantly outperforms
the SOTA competitor SGDA [24] by +8.1% and +10.3% on "Micro-
F1" and "Macro-F1" respectively for the C—A task, indicating the
advantage in extracting discriminative transferable features. Fur-
thermore, HOGDA achieves substantial performance gains in some
hard transfer scenarios, such as D—A and C—A, where the size
of target domain is larger than source domain, implying the ro-
bustness of our model in face of some small-scale dataset scenarios.
Notably, we find that most methods, especially adversarial training-
based methods, perform poorly because they can only roughly
align the marginal distributions and cannot effectively utilize unla-
beled nodes. In contrast, our method addresses these limitations.
Additionally, the results with a smaller fluctuation range imply the
stability of our model, which further confirms the importance of
adaptively guiding domain alignment and node clustering.

4.3 Ablation Study and Analysis

Due to page size limitation, more experiments and analysis are
given in the Supplementary Materials.

1) Ablation Study: To analyze the contribution of each component
in our model, we compare HOGDA and its 7 variants on different
transfer tasks. Table 2 describes the variants of HOGDA, and Table 1
shows the results of ablation study.

Contribution of Each Component: The results in Table 1 reflect
the following observations: (1) Due to the label scarcity in source
domain, HOGDA-S (baseline) inevitably suffers from overfitting
issues, resulting in poor generalization performance on all tasks. (2)
Variants HOGDA-H, HOGDA-A and HOGDA-T greatly outperform
HOGDA-S on all tasks, implying that incorporating high-order
structure information, conducting node weighted domain align-
ment, and guiding discriminative clustering of unlabeled nodes all
effectively promote the learning of domain-invariant node features.
Correlation of Our Strategies: The results in Table 1 show that
combining different strategies can significantly boost the model’s
transfer ability, suggesting a distinct complementary relationship
among the HSIM, AWDA, and TNC strategies.

2) Node Features Visualization: To showcase the superior trans-
fer ability of our model, we utilize t-SNE [32] to visualize the node
features on task A—C under the same 5% label rate setting, as
depicted in Figure 4. As for the SOTA method SGDA, the category
distributions are not well aligned and the decision boundary is not
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Table 1: Transfer performance (%) on six tasks with a source graph label rate of 5% for semi-supervised graph domain adaptation.
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Methods A—C A—D C—A C—D D—A D—C
Micro-F1 Macro-F1  Micro-F1  Macro-F1 Micro-F1  Macro-F1  Micro-F1 Macro-F1  Micro-F1  Macro-F1  Micro-F1 Macro-F1
MLP 4131115 3581072  42.8:088  36.3:077 3941057  33.7:x058 43.71x069 36.7x055 37.3x032 30.8:037 3941099  32.8:+0.99
GCN 5441152 5201162  56.9:233 5341281 54.1i140 5231198 5891099  54.5:155 501214 4804328  56.01124  51.9:1.49
GSAGE 4931218 4641206 51.8+135 4741162 46.8125¢  45.01278  51.711.95  48.1i197 4171217 3741450 4541211 3931345
GAT 55.11322  50.8+1.45 5531252  51.81260 50.011.20 45.64236 5544273 4924259  44.8:274 3831484 5044335  42.0:446
GIN 64.61247 56.01273  60.01209 51.31399 57.1i119 5441257  62.0+105 56.8+140 51.9:200 4541216 60.21305  53.0:2.10
DANN 4431203 3931186 44.0+142 3871147 4181195 37.6x124 4551071 3961155 37.81366 33.2x223 4171232  35.61255
CDAN 44.6+130 38.6x1.07 4551085 38.0x0.8¢ 424064 36.2x117 46.7x117 3921096 39.0+1.08 3231100 4171155 34.8:1.56
DANNGen 63.046.75  59.616.02 6221190 57.7+3.16 56.71038  55.241.03 6531204 59.01239 5231259 48.61452 58.1i278 52443381
CDANGceN 70.3+0.84  66.540.66 65.0:1.00 6131096 56.3+178  53.61270  65.242.19 588i238  53.0+134 4871351  59.0x152  53.341.99
UDA-GCN 7241275 6521651 68.0x638 6431712 6291033 6221144 Tldizse  67.5:225 5584350 5244268 6521441 60.746.84
AdaGCN 70.810.95 68.5:0.73 6821384 6424391 6154220 6044315  69.1:196  65.8:287  56.1i175 5384295 641091 6284156
SGDA 75.6£0.57 7l4xo82 6921073 6471236 6631068 6231096 72.9:126 689:183 60.6:086 56.0£090 7324059 6931101
HOGDA-S 55.8+1.76  53.6x1.84 5421211 4491204  582s152 4891194  57.0£1.03 4631160 498:233 4104346  559:141 4524172
HOGDA-H 7351051  67.1x079  67.4x082 6381127 66.0£076 6271085 6731098 6221137 57.9:081 5531085 70.64052  68.440.94
HOGDA-A 76.71042 7124065 71.8:0590 68.1:1.02  69.1r0.66 64.0£094 72.6£092 68.7:101 6341076 5964081 74.8+053 71.5:0.90
HOGDA-T 7491042 7081071 69.0£0.49 6451092 65.8:050 6211083 70.64080 66.6+1.17 6291065 57.2x081 7271046 69.0+0.73
HOGDA-HA | 80.7+053 78.3+059 74.7+082 72.2+125 72.6x064 71.5:083 7521107 72.1:x12¢ 65.7x071 63.3x080 77.4x059 73.8:0.87
HOGDA-HT | 80.3+062 77.5:050 74.2+057 71.6x1.09 72.2+053 71.1x087 74.8+105 71.7x161 64.9x063 6241075 7851049 74.0:+0.76
HOGDA-AT | 81.5+043 78.7x051 7541050 73.3x0.87 73.1x055 72.0x089 75.8+097 72.4x126 66.7x051 64.21063 79.1x046 74.5:0.82
HOGDA 8241036 79.2:043 76.51047 73.8r082 74.4:046 72.6:078 77.1x093 72.9:+121 6821047 65.1:056 80.31041 75.0:0.32
Table 2: Different variants of HOGDA. 4) Effect of TNC: To showcase the superiority of TNC strategy,
we conduct a comparative analysis with existing nodes cluster-
Variant ‘ Lo HSIM  Liwda Line ing strategies, including conditional entropy minimization strat-
HOGDA-S 7 egy (ENT) [36] and the recently proposed posterior scores-based
HOGDA-H % % pseudo-labeling strategy (PSPL) [24]. We record the trend of Micro-
HOGDA-A % % F1 score during training on tasks A—C and A—D, respectively. The
HOGDA-T v v curves in Figure 5 reflect the following observations: (1) HOGDA-
HOGDA-HA | % % T exhibits smoother and faster convergence, leading to superior
HOGDA-HT | % N transfer performance, which implies that our TNC strategy can
HOGDA-AT | v v effectively guide the discriminative clustering of unlabeled nodes
HOGDA 7 7 7 7 and promote the fine-grained alignment of category distributions.

clear enough. We can see noticeable overlaps between different
clusters, which increases the risk of misclassifying hard-to-transfer
nodes. In contrast, our HOGDA precisely align the category distri-
butions across domains and achieves exactly 5 clusters with clean
decision boundaries, implying that our method can promote trans-
ferable node features become more discrimative.

3) Effect of HSIM: To demonstrate the effectiveness of HSIM,
we conduct in-depth experiments from both quantitative and vi-
sual aspects: (1) As reported in Table 1, variants HOGDA-HA and
HOGDA-HT greatly surpass HOGDA-A and HOGDA-T respectively,
implying that the injection of structure information can facilitate
the learning of transferable features. (2) As illustrated in Figure 4,
compared to HOGDA-T, variant HOGDA-HT exhibits better intra-
class compactness and inter-class separability in the feature space,
indicating that the graph structure information can guide the dis-
criminative clustering of unlabeled nodes, thereby promoting the
learning of domain-invariant features.

(2) Compared to HOGDA-S (baseline), HOGDA-S + ENT suffers
from severe performance degradation, as ENT causes the unlabeled
nodes to fall into a degenerate clustering solution. (3) PSPL strat-
egy inevitably introduces some pseudo-label noise to the model
during training, making it difficult to further improve the model’s
generalization ability.

5) Effect of Label Rate: We investigate the model’s performance
under different label scarcity settings on two typical transfer tasks:
A—C and A—D. Specially, the source graph is assigned label rates
of 1%, 5%, 7%, 9%, and 10% respectively, as depicted in Figure 6. We
can find that HOGDA surpasses other competitors by a significant
margin, even in the most challenging environment of 1% label rate,
which indicating the robustness of HOGDA when facing different
challenging transfer scenarios.

6) Effect of AWDA: To demonstrate the effectiveness of our AWDA
strategy, we compare it with existing domain alignment strate-
gies, including the standard adversarial domain alignment strategy
(AD) [6], sliced Wasserstein distance-based alignment strategy
(SWD)[17], class-conditional MMD strategy (CMMD) [30], and the
recently proposed shifting-guided adversarial domain alignment
strategy (SAD) [24]. We employ variant HOGDA-S as the baseline
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() SGDA (f) HOGDA-T

(g) HOGDA-HT (h) HOGDA

Figure 4: The t-SNE visualization of node features learned by SGDA, HOGDA and its two variants on the A—C task (5 classes)
with 5% label rate. In all subfigures, the marks e and X denotes the source domain nodes and target domain nodes, respectively.
Fig 4(a-d) illustrate category distributions alignment (Different colors represents different classes). Fig 4(e-h) depict domain
alignment (Red: Source domain; Blue: Target domain). Best viewed in color.
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Figure 5: The trend of Micro-F1 during model training.
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Figure 6: Transfer performance with different label rates.

and evaluate the performance gains brought by these strategies on
A—C and A—D tasks, as shown in Figure 7.

We can find that our AWDA strategy significantly outperforms
all compared strategies. This is because the compared strategies
can only roughly align marginal distributions, while the proposed
AWDA can align feature distributions at the class level, which facil-
itate the model to extract more fine-grained transferable features.
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Figure 7: Comparison with different domain alignment

strategies on A—C and A—D tasks.

5 CONCLUSION

In this paper, we propose a novel model called HOGDA for SGDA.
Specially, we introduce a HSIM module to capture high-order struc-
ture information in graph in order to better assist the GCN-based
feature extractor in learning transferable node features. Addition-
ally, we propose a novel AWDA strategy to encourage the model
to pay more attention to easy-to-transfer nodes during adversarial
domain alignment, significantly boosting the model’s generaliza-
tion ability on the target domain. More importantly, to address the
overfitting issue, a simple but effective TNC strategy is devised
to guide the clustering of unlabeled nodes. Comprehensive exper-
iments validate the superiority and stability of our HOGDA on
various popular benchmarks.
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