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Abstract

Domain adaptation aims to achieve label transfer
from a labeled source domain to an unlabeled tar-
get domain, where the two domains exhibit differ-
ent distributions. Existing methods primarily con-
centrate on designing a feature extractor to learn
better domain-invariant features, along with devel-
oping an effective classifier for reliable predictions.
In this paper, we introduce optimal graph learning
to generate a cross-domain graph that effectively
connects the two domains, and two domain-specific
graphs to capture domain-specific structures. On
the one hand, we incorporate the three graphs into
the label propagation (LP) classifier to enhance its
robustness to distribution difference. On the other
hand, we leverage the three graphs to introduce
graph embedding losses, promoting the learning
of locally discriminative and domain-invariant fea-
tures. Furthermore, we maximize the nuclear norm
of predictions in LP to enhance class diversity,
thereby improving its robustness to class imbalance
problem. Correspondingly, we develop an effi-
cient algorithm to solve the associated optimization
problem. Finally, we integrate the proposed LP and
graph embedding losses into a deep neural network,
resulting in our proposed deep cross-domain ro-
bust LP. Extensive experiments conducted on three
cross-domain benchmark datasets demonstrate that
our proposed approach could outperform existing
state-of-the-art domain adaptation methods.

1 Introduction
Deep neural networks have advanced numerous computer vi-
sion tasks [Chen et al., 2024; Huang et al., 2021; Huang
et al., 2022a; Huang et al., 2022b; Huang et al., 2023a;
Huang et al., 2024]. However, they typically rely on large
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Figure 1: The motivation of this work. (a) LP is sensitive to distri-
bution shift; (b) Optimal graph learning for LP; (c) LP is sensitive to
class imbalance problem in the source (left)/target (right) domain.

amounts of annotated data to ensure the model’s generaliza-
tion ability in a target domain of interest, making the process
time-consuming and resource-intensive [Wu et al., 2023b;
Wu et al., 2023c]. It is intuitive to leverage a well-labeled
source domain to train a model for the target domain, as-
suming they follow the same distributions. However, in
real-life scenarios, the assumption often becomes challeng-
ing to hold due to factors such as environmental variations,
differences in equipment, and human-related factors. Do-
main adaptation (DA), in this regard, aims to reduce man-
ual annotation costs by improving the model’s generaliza-
tion ability trained on a source domain to a target domain,
where the two domains could be allowed to follow differ-
ent distributions [Wang et al., 2021; Wang et al., 2023b;
Wang et al., 2020; Wu et al., 2024].

Existing DA approaches enhance the model’s generaliza-
tion ability mainly from two aspects: feature extraction and
classifier design. Feature extraction typically involves de-
signing a distribution distance [Long et al., 2015] or a net-
work module [Long et al., 2018] to discover domain-invariant
features from both the source and target domains. As DA of-
ten employs the pseudo-labeling technique for label-induced
losses related to the target domain, the classifier design pri-
marily aims to improve the quality of pseudo-labels [Wang
et al., 2022; Wang and Breckon, 2020]. These two aspects
are mutually reinforcing, as better domain-invariant features
lead to improved pseudo-labels and vice versa. As an effec-
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tive classifier, label propagation (LP) constructs a similarity
graph by exploring the structural relationships among differ-
ent samples. It then designs a smooth function over this simi-
larity graph to propagate labels from the source domain to the
target domain based on the assumption that close samples in
feature space should have similar labels as possible [Iscen et
al., 2019; Song et al., 2023].

Although LP has been applied in many shallow DA meth-
ods [Ding et al., 2018; Li et al., 2020], it has not been fully
explored in the context of deep DA as the graph construc-
tion has to consider all samples globally, which may not be
well-suited for the batch sampling strategy in deep neural
networks. Moreover, LP is sensitive to the distribution shift
problem and fails to deal with the class imbalance problem.
As shown in Figure 1 (a), the two domains follow very differ-
ent distributions, and LP treats the source and target domains
as a union to construct a similarity graph. However, the simi-
larity weights between sample points that are separately from
the two domains become close to 0 (i.e., no weighted edges),
directly resulting in inaccurate LP from the source domain to
the target domain. It can be observed that the colors are faint
in the upper right corner and lower left corner of the similar-
ity graph. As shown in Figure 1 (c), the number of class hep-
tagon is smaller than that of class circle in the source (left)
and target (right) domains. For example, we predict a target
sample whose ground-truth is class heptagon. Although it is
closer to the heptagon sample, the LP loss is smaller than the
loss formed by all circle samples. Therefore, to minimize the
overall LP loss, there is a tendency to wrongly classify this
sample as the class circle.

This paper proposes a deep cross-domain robust label prop-
agation (DCDRLP) approach to address the aforementioned
issues. Specifically, we address the distribution shift and class
imbalance issues in LP from two perspectives: graph con-
struction and regularization construction. As for graph con-
struction, we introduce optimal graph learning (OGL) to opti-
mize three graphs. Specifically, instead of treating the source
and target domains as a union, we construct a cross-domain
graph across the two domains, ensuring that the similarity
weight between two samples from different domains is not
excessively small. As illustrated in Figure 1 (b), compared
to Figure 1 (a), the colors in the upper right corner and lower
left corner of the similarity graph have become darker. More-
over, we also construct two domain-specific graphs for the
source and target domains to respect their own structures, re-
spectively. As illustrated in Figure 1 (b), the sample in the
black dashed box may be wrongly classified to the class hep-
tagon with only the cross-domain graph. When we consider
its own structure, the other samples from the class circle will
correct it based on the assumption that close samples should
have similar labels.

As for regularization construction, inspired by [Cui et al.,
2020], we introduce the nuclear norm maximization (NNM)
into LP, to enhance the class diversity of prediction results, ef-
fectively addressing the class imbalance problem. However,
as optimizing the LP model with NNM is nontrivial, we pro-
pose an efficient optimization algorithm. Finally, we incorpo-
rate the proposed LP into a deep neural network by supervis-
ing the classifier layer with the cross-entropy loss. Moreover,

we utilize both features and labels to conduct OGL and gen-
erate three discriminative graphs. Then, inspired by the graph
embedding (GE) technique, we construct three GE losses
for the network to learn locally discriminative and domain-
invariant features. Specifically, we enable two samples to
close if they are close in feature space from the same class,
where the two samples come from the same domain or two
different domains. The main contributions of this paper are
summarized as follows:

• We introduce OGL and NNM into LP so that it is robust
to the problems of distribution shift and class imbalance.
Moreover, we devise an efficient algorithm to solve the
corresponding optimization problem.

• We incorporate the proposed LP into a deep neural net-
work to generate reliable pseudo-labels. Moreover, we
construct three GE losses with OGL to learn locally dis-
criminative and domain-invariant features.

• We validate the effectiveness of our proposed approach
on three cross-domain benchmark datasets, and it could
outperform existing state-of-the-art methods.

2 Related Work
Existing DA approaches typically adopt the following strate-
gies to bridge the gap between the source and target do-
mains: statistical distribution distance metrics [Zhu et al.,
2021], optimal transport [Damodaran et al., 2018], adversar-
ial learning [Long et al., 2018], self-training based on pseudo-
labels [Zou et al., 2019; Liu et al., 2021], feature disentangle-
ment [Bousmalis et al., 2016], batch normalization [Chang et
al., 2019], and data augmentation [Li et al., 2021b], among
others. However, since DA assumes that target domain data
can participate in the training process, many methods based
on the aforementioned strategies utilize pseudo-labels of the
target domain to enhance feature discriminability.

As discussed above, the pseudo-labeling technique has
been widely applied in DA, making the quality of pseudo-
labels crucial for DA performance. Existing methods
mainly address this issue from three aspects: 1) using a
certain threshold criterion to select more reliable pseudo-
labels [Wang and Breckon, 2020]; 2) designing label-induced
losses to make them less sensitive to the quality of pseudo-
labels [Pan et al., 2019; Pei et al., 2018; Ding et al., 2018;
Wang et al., 2022; Zhu et al., 2021; Wang et al., 2023c];
3) devising classifiers capable of generating more reliable
pseudo-labels [Wang and Breckon, 2020; Liang et al., 2019;
Wang et al., 2022].

Considering the effectiveness of LP, recent work utilizes
LP to generate pseudo-labels for DA [Ding et al., 2018; Li et
al., 2019; Zhang et al., 2020; Li et al., 2020; Luo et al., 2020;
Wang et al., 2022; Wang et al., 2023a]. However, they usually
utilize the most basic form of LP and apply LP to a shallow
DA model. In contrast, this paper proposes a novel LP ro-
bust to the problems of distribution shift and class imbalance.
Moreover, inspired by [Iscen et al., 2019], we incorporate the
proposed LP into a deep DA model.
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Figure 2: The whole pipeline of our proposed DCDRLP. (1) We utilize a backbone network G to extract features for the source and target
domains, respectively. Moreover, we utilize a classifier layer C after a fully connected layer ‘Fc’ to realize label prediction for the two
domains. (2) We conduct OGL to generate three graphs for LP and GE, respectively. We optimize the three graphs with features and labels
for GE to prompt feature discriminability. Moreover, we introduce the constraint of NNM into LP. (3) We utilize the GE losses and pseudo-
labels of the target domain generated by LP to supervise the network.

3 Proposed Approach
In DA, there exist a labeled source domain Ds := {Xs ∈
Rm×ns

,Ys ∈ RC×ns} and an unlabeled target domain Dt :=

{Xt ∈ Rm×nt} with two different distributions. ‘m’ is the fea-
ture dimension, ‘ns’ and ‘nt’ are the sample numbers of source
and target domains, and ‘C’ is the category number. We aim
to utilize labels of the source to realize label prediction for
the target as accurately as possible. The whole pipeline of
our proposed DCDRLP is briefly depicted in Figure 2.

3.1 Label Propagation
As existing DA approaches usually utilize the pseudo-
labeling technique to optimize some label-induced losses re-
lated to the target domain, it is crucial to devise a promis-
ing classifier for more reliable pseudo-labels. As an effective
classifier, LP could propagate labels of the source domain to
the target domain by representing the structural relationships
among different samples as a similarity graph and devising a
smooth function over the graph based on the assumption that
close samples in feature space should have similar labels. We
formulate LP as the following model,

argmin
Ȳt

ns+nt∑
i,j=1

(
wij||ȳi − ȳj||22

)
s.t. Ȳ = [Ȳs

, Ȳt
], Ȳs

= Ys,

(1)
where Ys is the ground-truth and Ȳs, Ȳt are prediction results.
wij ∈ W denotes the similarity weight between i-th and j-th
samples in feature space, and wij is large when they are close
in feature space. Optimizing model (1) enables two sample
labels with large similarity weight close, and the model has a
closed-form solution involving an inverse matrix [Iscen et al.,

2019]. Next, we will address the sensitivity of LP to distribu-
tion shift and class imbalance issues, proposing correspond-
ing solutions from the perspectives of graph construction and
regularization construction.

3.2 Optimal Graph Learning
As discussed, LP constructs the similarity graph W on the
union of the source domain and target domain. As such, the
similarity weights connecting the two domains are close to 0
when they follow very different distributions. To this end, we
construct one cross-domain and two domain-specific graphs
separately. We define the construction of these two types of
graphs as the following optimization processes,

argmin
W

n,n⋆∑
i,j=1

(
wij

(
||zi − z⋆j ||22 + ||yi − y⋆j ||22

) )
+ α1||W||2F, s.t. W ⪰ 0, W1 = 1,

(2)

argmin
W

n,n∑
i,j=1

(
wij

(
||zi − zj||22 + ||yi − yj||22

) )
+ α2||W||2F, s.t. W ⪰ 0, W1 = 1,

(3)

where z is the learned feature vector from G or ‘Fc’. To sim-
plify the notation, n, z, and y are for a specific domain, while
n⋆, x⋆, and y⋆ are for the other different domain.

The first term of the two models enables two close samples
in feature space with similar labels to have large similarity
weights. The second term avoids a trivial solution where only
the nearest data point can be the neighbor of zi with a similar-
ity weight of 1. Notably, α1 and α2 could be determined by
the number of nearest neighbors k [Nie et al., 2014].
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We optimize model (2) between source and target domains
to obtain two graphs Wst and Wts, and denote their average
graph as Wcro = (Wst + Wts⊤)/2. Then, we construct our
cross-domain graph as Wcro = [0,Wcro;Wcro⊤, 0]. More-
over, we optimize model (3) on source and target domains
to obtain our domain-specific graphs Wss and Wtt, respec-
tively. Notably, we only utilize features to conduct OGL for
LP, while both features and labels are adopted for graph em-
bedding losses, which will be introduced later.

3.3 Deep Cross-Domain Robust Label Propagation
Given the data features of the source and target domains,
we obtain three similarity graphs through the aforementioned
OGL. Then, we utilize these graphs to enable LP to be ro-
bust to distribution shift. Additionally, inspired by [Cui et al.,
2020], we further introduce a nuclear norm maximization loss
into LP to enhance its robustness to class imbalance issue.
The formal definition is expressed in the following model,

argmin
Ȳt

ns+nt∑
i,j=1

(
wcro

ij ||ȳi − ȳj||22
)
+ δ

nt,nt∑
i,j=1

(
wtt

ij||ȳt
i − ȳt

j||22
)

− σ||Ȳt||⋆, s.t. Ȳt ⪰ 0, Ȳt⊤1 = 1, Ȳs
= Ys,

(4)
Optimizing the first term enables two samples close in fea-
ture space from different domains to have similar labels. Op-
timizing the second term makes two samples close in feature
space from the target domain have similar labels. Optimizing
the third term will increase the class diversity of predictions.
Intuitively, the first term aims to propagate labels from source
to target. In contrast, the second term utilizes the structure of
the target domain itself to correct some label propagation er-
rors in the first term. Moreover, we introduce a non-negative
constraint, a normalization constraint, and a constraint that
predicted source labels should be equal to the ground-truth. δ
and σ are the hyper-parameters that balance the correspond-
ing terms’ relative importance.

Different from LP, 1) We split LP into two parts with two
types of graphs so that it is robust to distribution shift; 2)
We introduce a constraint of nuclear norm maximization to
deal with the class imbalance problem; 3) We introduce non-
negative and normalization constraints to ensure the probabil-
ity meaning of predicted labels; 4) We solve the correspond-
ing optimization problem with an efficient algorithm.

Although LP has been applied to many shallow DA meth-
ods, it has not been fully explored in deep DA as the graph
construction requires all samples globally, which is unsuited
for batch sampling strategy in deep neural networks. Inspired
by [Iscen et al., 2019], we utilize the predictions of the tar-
get domain by model (4) to supervise the classifier layer in a
deep neural network with the cross-entropy loss, enabling it
to obtain better pseudo-labels from model (4).

3.4 Graph Embedding
Besides an effective classifier, existing DA methods also fo-
cus on designing a feature extractor to obtain discriminative
and domain-invariant features. Graph embedding (GE), as an
effective feature learning technique, aims to incorporate the

similarity graph constructed in the original feature space into
a dimensionality reduction framework, preserving the local
manifold structure in the original feature space [Zheng et al.,
2011; Cai et al., 2011]. Inspired by this, we conduct OGL
in the feature space extracted by G, using ground-truth labels
from the source domain and pseudo-labels from the target do-
main. This results in three similarity graphs with discrimina-
tive structures. Subsequently, the three graphs are applied
into the feature space extracted by ‘Fc’, yielding the follow-
ing three graph embedding losses,

Ls
ge :=

1
(ns)2

ns,ns∑
i,j=1

(
wss

ij ||zs
i − zs

j ||22
)

(5)

Lt
ge :=

1
(nt)2

nt,nt∑
i,j=1

(
wtt

ij||zt
i − zt

j||22
)

(6)

Lcro
ge :=

1
2nsnt

ns+nt∑
i,j=1

(
wcro

ij ||zi − zj||22
)

(7)

where the first two losses aim to prompt sample features from
the same domain close if they are close in feature space of G
and have similar labels. The third loss aims to prompt sam-
ple features from two domains to close if they are close in
feature space G and have similar labels. As such, we could
learn locally discriminative and domain-invariant features by
minimizing the above losses for better DA effects.

After introducing the various modules above, we obtain the
overall loss function for the proposed model as below,

Ls
ce + αLt

ce + β
(
λ(Ls

ge + Lt
ge) + (1− λ)Lcro

ge

)
(8)

where Lce is the cross-entropy loss, Lge is the loss for locally
discriminative and domain-invariant feature learning. More-
over, α, β, and λ are the hyper-parameters that balance dif-
ferent losses’ importance.

4 Experiments
We compare our proposed DCDRLP with 16 state-of-the-
art DA methods, including 3 LP-based shallow DA meth-
ods: DTLC [Li et al., 2020], CRLP [Wang et al., 2022],
RMMD [Wang et al., 2023a], and 13 deep DA meth-
ods: CDAN [Long et al., 2018], BSP [Chen et al., 2019],
BNM [Cui et al., 2020], DSAN [Zhu et al., 2021], ATM [Li
et al., 2021a], TSA [Li et al., 2021b], GDCAN [Li et al.,
2022], DMP [Luo et al., 2022], DALN [Chen et al., 2022],
SDAT [Rangwani et al., 2022], DRDA [Huang et al., 2023b],
MEDM [Wu et al., 2023a], MetaReg [Li et al., 2023]. Be-
sides, we adopt the variant of the highest results from their
papers. As shallow DA methods fail to deal with large-scale
datasets, we do not record their results on VisDA-2017.

4.1 Datasets
We conduct comprehensive experiments on three cross-
domain image classification datasets. Office-31 consists of
31 categories shared from three distinct domains: Amazon
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Source Venue Amazon Dslr Webcam Avg.Target D W A A
DTLC TNNLS’20 91.0 85.3 73.5 73.5 80.8
CRLP TCSVT’22 96.2 93.2 77.4 76.8 85.9
RMMD TNNLS’23 90.8 88.9 75.4 75.2 82.6
CDAN NeurIPS’18 92.9 94.1 71.0 69.3 81.8
BSP ICML’19 93.0 93.3 73.6 72.6 83.1
BNM CVPR’20 92.9 92.8 73.5 73.8 83.3
DSAN TNNLS’21 90.2 93.6 73.5 74.8 83.0
ATM TPAMI’21 96.4 95.7 74.1 73.5 84.9
TSA CVPR’21 95.4 96.0 76.7 76.8 86.2
GDCAN TPAMI’22 93.6 94.8 76.9 74.4 84.9
DMP TPAMI’22 91.0 93.0 71.4 70.2 81.4
DALN CVPR’22 95.4 95.5 75.0 75.1 85.3
DRDA TIP’23 94.5 95.8 75.6 76.6 85.6
MEDM TNNLS’23 93.2 93.4 75.1 75.4 84.3
MetaReg TKDE’23 96.2 95.2 76.8 74.6 85.7
Ours - 96.2 95.8 77.9 77.9 87.0

Table 1: Accuracy results (%) on Office-31

(A), Dslr (D), and Webcam (W), and they have 2,817, 498,
and 795 images, respectively. Office-Home includes 65 cat-
egories shared from four different domains: Art (A), Clipart
(C), Product (P) and Real-World (R). The four domains have
2,427, 4,365, 4,439, and 4,357 images. VisDA-2017 is a
large-scale synthetic-to-real dataset which have 12 shared cat-
egories. The synthetic domain and real domain have 152,397
and 55,388 images, respectively. Following [Li et al., 2021b],
we utilize one domain as the source domain and another as
the target domain to construct 4, 12, and 1 DA tasks for the
three datasets, respectively. Notably, the easy tasks of D→W
and W→D in Office-31 are not included as most existing DA
methods obtain nearly 100% accuracy results. Moreover, in
VisDA-2017, we regard the synthetic as the source domain
and the real as the target domain.

4.2 Implementation Details
We use ResNet-50 as the backbone network for Office-31 and
Office-Home, while ResNet-101 is for VisDA-2017. More-
over, we use a mini-batch SGD optimizer with a momentum
of 0.9 and a weight decay of 0.001. We set the batch size for
the source and target domains to 32, with a learning rate of
0.01. The entire network training process spans 10 epochs,
each comprising 500 iterations. For comparison results, we
set hyper-parameters of α as 0.5. As for k, the numbers of
nearest neighbors for both cross-domain graph and domain-
specific graph are set as 10. For a fair comparison, we adopt
20 nearest neighbors for the graph construction of standard
LP in the ablation study. As for β, λ, δ, and σ, we select the
optimal values for each DA task through trials.

4.3 Results
We record the accuracy results on the three datatsets in Ta-
bles 1, 2, 3. The best average results are in bold font, and
the second-best ones are underlined. From these tables, we
can observe that our proposed approach outperforms all com-
pared methods on average. The average results of our pro-
posed approach are 87.0%, 73.6%, and 85.6%, which have

0.8%, 1.0%, and 1.3% improvements over the best base-
lines TSA, DALN, and SDAT/MetaReg, respectively. Fur-
thermore, we can observe a greater improvement on Office-
Home than on Office-31, attributed to the larger distribution
shift within Office-Home. The most significant enhancement
is obtained on VisDA-2017, as there exists a severe class im-
balance issue, and we report accuracy results for each class.
On the one hand, shallow DA methods also use LP to obtain
reliable pseudo-labels. Still, they do not consider LP sensitive
to the distribution shift problem and fail to deal with the class
imbalance problem. Additionally, most of them suffer from
the limitation of handling large-scale datasets. On the other
hand, deep DA methods enhance the quality of pseudo-labels
or promote discriminative feature learning through different
strategies. However, they do not take advantage of LP in la-
bel prediction. In contrast, our proposed approach applies LP
to a deep DA model and addresses the distribution shift and
class imbalance problems in LP. As a result, the proposed ap-
proach could produce more reliable pseudo-labels and learn
more effective discriminative features for better DA effects.

4.4 Empirical Analysis
To validate the effectiveness of our proposed approach, we
conduct ablation experiments on various key components of
the model, visualize the feature distributions, and perform
sensitivity analysis on some key hyper-parameters.
Ablation Study. We select four relatively challenging DA
tasks on Office-Home and test the model’s performance with
the following variations. w/o OGL means that the graph con-
struction strategy in our model is kept consistent with LP; w/o
NNM indicates that we do not consider nuclear norm maxi-
mization; w/o LP indicates that we do not use the proposed
LP to supervise the classifier layer in the network; w/o GEs,
GEt refers to removing the domain-specific graph embedding
losses, while w/o GEcro refers to removing the cross-domain
graph embedding loss. We keep all parameters consistent
across these variations to ensure a fair comparison.

From Table 4, we observe that removing or replacing key
components in our proposed model leads to a certain per-
formance decrease. The performance degradation with the
variants of w/o OGL (2.4%) and w/o NNM (4.1%) reflects
that OGL and NNM could make LP robust to distribution
difference and class imbalance, respectively. The perfor-
mance drop with the variant of w/o LP (4.1%) indicates that
leveraging the advantage of our proposed LP in label pre-
diction could enhance the performance of deep DA models.
The performance decline with the variants of w/o GEs, GEt

(0.4%) and w/o GEcro (1.2%) validates that GE losses could
prompt locally discriminative and domain-invariant features
for better DA effects. By observing the impact of the above-
mentioned components on our model, we can verify the sig-
nificance of our proposed LP with OGL and NNM.

To further validate the effectiveness of NNM in terms of
class imbalance issue, we directly use features extracted by
the backbone on VisDA-2017 as inputs for LP, LP with OGL,
and LP with OGL and NNM. As shown in Figure 3, VisDA-
2017 exhibits a severe class imbalance problem in the tar-
get domain. It can be observed that the sample number pre-
dicted as the majority class using LP (i.e., Figure 3(a)) is
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Source Venue Artistic Clipart Product Real-World Avg.Target C P R A P R A C R A C P
DTLC TNNLS’20 56.0 74.9 76.5 57.4 71.3 70.9 61.0 52.4 76.3 68.3 56.7 80.4 66.8
CRLP TCSVT’22 56.6 78.5 79.9 66.3 78.7 79.4 67.2 55.1 80.8 70.7 59.6 83.7 71.4
RMMD TNNLS’23 58.4 77.8 79.3 61.6 72.8 73.0 62.7 55.3 78.9 70.4 60.1 83.2 69.5
CDAN NeurIPS’18 50.7 70.6 76.0 57.6 70.0 70.0 57.4 50.9 77.3 70.9 56.7 81.6 65.8
BSP ICML’19 52.0 68.6 76.1 58.0 70.3 70.2 58.6 50.2 77.6 72.2 59.3 81.9 66.3
BNM CVPR’20 56.2 73.7 79.0 63.1 73.6 74.0 62.4 54.8 80.7 72.4 58.9 83.5 69.4
DSAN TNNLS’21 54.4 70.8 75.4 60.4 67.8 68.0 62.6 55.9 78.5 73.8 60.6 83.1 67.6
ATM TPAMI’21 52.4 72.6 78.0 61.1 72.0 72.6 59.5 52.0 79.1 73.3 58.9 83.4 67.9
TSA CVPR’21 57.6 75.8 80.7 64.3 76.3 75.1 66.7 55.7 81.2 75.7 61.9 83.8 71.2
GDCAN TPAMI’22 57.3 75.7 83.1 68.6 73.2 77.3 66.7 56.4 82.2 74.1 60.7 83.0 71.5
DMP TPAMI’22 52.3 73.0 77.3 64.3 72.0 71.8 63.6 52.7 78.5 72.0 57.7 81.6 68.1
DALN CVPR’22 58.1 79.6 83.7 67.7 77.9 78.7 66.8 56.0 81.9 73.9 60.9 86.1 72.6
SDAT ICML’22 58.2 77.1 82.2 66.3 77.6 76.8 63.3 57.0 82.2 74.9 64.7 86.0 72.2
DRDA TIP’23 58.2 74.2 81.2 65.6 75.1 73.3 65.8 57.1 80.4 75.6 63.2 85.1 71.2
MEDM TNNLS’23 57.5 77.5 83.2 69.1 78.9 80.7 66.6 54.9 83.4 74.9 59.8 85.4 72.5
MetaReg TKDE’23 58.0 75.5 78.9 65.0 74.7 75.0 67.9 57.2 81.8 74.4 63.5 83.8 71.3
Ours - 60.4 80.1 81.7 68.1 82.3 81.8 66.3 58.2 83.4 71.4 63.3 86.0 73.6

Table 2: Accuracy results (%) on Office-Home

Methods Venue airplane bicycle bus car horse knife motorcycle person plant skateboard train truck Avg.
CDAN NeurIPS’18 - - - - - - - - - - - - 70.0
BSP ICML’19 92.4 61.0 81.0 57.5 89.0 80.6 90.1 77.0 84.2 77.9 82.1 38.4 75.9
DSAN TNNLS’21 90.9 66.9 75.7 62.4 88.9 77.0 93.7 75.1 92.8 67.6 89.1 39.4 75.1
TSA CVPR’21 - - - - - - - - - - - - 82.0
DMP TPAMI’22 92.1 75.0 78.9 75.5 91.2 81.9 89.0 77.2 93.3 77.4 84.8 35.1 79.3
DALN CVPR’22 - - - - - - - - - - - - 83.7
SDAT ICML’22 95.8 85.5 76.9 69.0 93.5 97.4 88.5 78.2 93.1 91.6 86.3 55.3 84.3
MEDM TNNLS’23 93.1 74.2 86.0 68.7 93.9 87.2 91.8 80.4 92.9 83.1 88.0 49.8 82.4
MetaReg TKDE’23 96.1 86.2 81.3 62.9 94.5 97.4 89.7 79.1 88.2 93.4 88.5 53.9 84.3
Ours - 97.0 85.9 85.0 64.0 96.7 98.2 88.5 82.5 85.7 94.9 91.6 56.8 85.6

Table 3: Average accuracy results (%) on VisDA-2017

(a) LP, 73.1% (b) OGL for LP, 75.9% (c) OGL and NNM for LP, 83.4%

Tip的lp(sigma=0) 跨图lp(sigma=0) 跨图lp(sigma不为0)

Figure 3: Empirical analysis for class imbalance problem on VisDA-2017. The sample numbers predicted with three different model variants
and the accuracy results on each class, and the average accuracy results for all classes are 73.1%, 75.9%, and 83.4%, respectively. The black
dashed boxes indicate the ground-truth sample numbers in each class, while the solid bars represent the predicted sample numbers.

much higher than the ground-truth. In contrast, the sample
number predicted as the minority class is much smaller than
the ground-truth. This leads to poor results for the minority
classes, degrading the average accuracy for all classes accord-
ingly. As graph construction with OGL is robust to distribu-
tion shift, including source domain samples into the target
domain will somewhat mitigate the class imbalance problem.

From Figure 3(b), it can be observed that the sample numbers
assigned to the minority classes increase, and the accuracy
results of the minority classes begin to rise. When we fur-
ther introduce NNM, the sample numbers of minority classes
and the accuracy results further increase. Additionally, we
observe that, although “truck” is a majority class, it is rela-
tively smaller than “car”. As there are similarities between
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(b) R→P(a) P→C
Ours Source-only Source-only Ours 

Figure 4: Feature visualization using tSNE on Office-Home.

(b) α (c) β (d) λ(a) iterations (×102)

Figure 5: Empirical analysis for model convergence and hyper-parameter sensitivity on Office-Home.

Task A→C C→A P→C R→C Avg.
w/o OGL 57.3 66.2 55.1 61.9 60.1
w/o NNM 58.7 58.6 55.4 60.7 58.4
w/o LP 56.6 65.7 54.4 56.8 58.4
w/o GEs, GEt 60.0 67.8 57.8 62.6 62.1
w/o GEcro 59.4 65.7 57.5 62.6 61.3
Ours 60.4 68.1 58.2 63.3 62.5

Table 4: Ablation study (%) on Office-Home

these two categories, many samples belonging to the “truck”
are misclassified as “car”. Correspondingly, both Figure 3(b)
and Figure 3(c) show significant improvements in the sample
number and accuracy result on the class “truck”.
Feature Visualization. We visualize the distribution of fea-
tures extracted by our model on Office-Home. As shown in
Figure 4, the good alignment of different color dots indicates
better domain-invariant features. Moreover, better discrimi-
native features are suggested when different sub-clusters are
clustered more compactly. Our model’s feature distribution
exhibits better discriminative and domain-invariant character-
istics than the source-only model (a model directly trained on
the source for the target). Since our proposed LP can generate
more reliable pseudo-labels, it facilitates the graph embed-
ding process to extract more accurately locally discriminative
and domain-invariant features.
Hyper-Parameter Sensitivity. We conduct sensitivity anal-
ysis on the crucial parameters of the proposed model. As
shown in Figure 5(a), we conduct convergence analysis on
our model and observe that the model achieves convergence

at a relatively fast rate with increasing iterations. In Fig-
ure 5(b), α represents the impact of the proposed LP on the
network’s performance, and this curve shows a trend of first
increasing and then decreasing, confirming the effectiveness
of our proposed LP. In Figure 5(c), β demonstrates the signif-
icance of locally discriminative and domain-invariant feature
learning, showing a trend of first increasing and then decreas-
ing. In Figure 5(d), λ characterizes the importance between
cross-domain GE and domain-specific GE. The former em-
phasizes learning domain-invariant features, while the latter
focuses on preserving domain-specific structures. In addition,
a larger λ will place more emphasis on domain-specific GE,
and vice versa for cross-domain GE. It can be observed that
better results are achieved when λ has a smaller value, indi-
cating that cross-domain GE has a greater impact on model
performance than domain-specific GE. Moreover, it can be
observed that the proposed model is not particularly sensitive
to these three parameters and can achieve good performance
within a relatively wide range.

5 Conclusion
This paper proposes a novel classifier for DA, where we in-
troduce OGL and NNM to be robust to distribution shift and
class imbalance problems. Moreover, we incorporate the pro-
posed classifier and GE losses into a deep neural network to
obtain reliable pseudo-labels and learn locally discriminative
and domain-invariant features for better DA effects. Exten-
sive experiments on multiple cross-domain benchmarks could
verify the effectiveness of our proposed approach.
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