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Evidential Graph Contrastive Alignment for
Source-Free Blending-Target Domain Adaptation
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Abstract—In this article, we first tackle a more realistic
domain adaptation (DA) setting: source-free blending-target DA
(SF-BTDA), where we cannot access to source-domain data
while facing mixed multiple target domains without any domain
labels in prior. Compared to existing DA scenarios, SF-BTDA
generally faces the coexistence of different label shifts in different
targets, along with noisy target pseudolabels generated from the
source model. In this article, we propose a new method called
evidential graph contrastive alignment (EGCA) to decouple the
blending-target domain and alleviate the effect of noisy target
pseudolabels. First, to improve the quality of pseudo target
labels, we propose a calibrated evidential learning (CEL) module
to iteratively improve both the accuracy and certainty of the
resulting model and adaptively generate high-quality pseudo
target labels. Second, we design a graph contrastive learning with
the domain distance matrix and confidence-uncertainty criterion,
to minimize the distribution gap of samples of the same class
in the blending-target domain, which alleviates the coexistence
of different label shifts in blended targets. We conduct a new
benchmark based on three standard DA datasets, and EGCA
outperforms other methods with considerable gains and achieves
comparable results compared with those that have domain labels
or source data in prior.

Index Terms—Contrastive learning, domain adaptation (DA),
evidential learning, source-free.

I. INTRODUCTION

ESPITE the great success of deep learning in various
fields [1], [2], [3], it remains a challenge to achieve a
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Fig. 1.
to labeled source data and source trained model. (b) SF-STDA, with only
access to source trained model. (c) MTDA, with access to labeled source
data, source trained model, and domain label in prior. (d) SF-MTDA with
access to source trained model and domain label in prior. (¢) BTDA with
access to labeled source data and source trained model. (f) SF-BTDA, a new
DA setting proposed in this article, with only access to source trained model.

Different DA settings. (a) STDA, a standard DA setting with access

generalized deep learning model that can perform well on
unseen data, especially given the vast diversity of real-world
data and problems. Performance degradation occurs due to
various differences between the training data and new test
data, for aspects such as statistical distribution, dimension, and
context. Domain adaptation (DA) offers significant benefits in
this scenario by adapting the pretrained models toward new
domains with different distributions and properties from the
original domain [4], [5], [6]. Moreover, DA provides great
potential for efficiency improvement by reducing the need for
retraining on new data from scratch, which has been widely
applied in various fields and real-world cases.

According to the number of target domains in the DA task,
there are two main types of DA: single-target DA (STDA)
[see Fig. 1(a)] and multitarget DA (MTDA) [see Fig. 1(c)].
While most existing DA works focus on STDA [7], [8], [9],
MTDA is a more challenging task that simultaneously transfers
one source domain to multiple target domains. For example,
MTDA-ITA [10] aims to find a shared latent space common
to all domains to allow adaptation from a single source to
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TABLE 1
COMPARISONS AMONG DIFFERENT DA SETTINGS

DA settings  Multiple targets Domain labels  Source data

STDA X v v
SF-STDA X v X
MTDA v v v
SF-MTDA v v X
BTDA v X v
SF-BTDA v X X

multiple target domains. HGAN [11] aims to learn a unified
subspace common for all domains with a heterogeneous graph
attention network for better semantic transfer in MTDA.

However, all aforementioned works have domain labels,
which provide an important reference for deep learning mod-
els. However, real-world tasks are much more complex. For
instance, in object recognition for autonomous driving tech-
nology, various changes may introduce new domains into the
task, such as image collection device, street view, weather,
lighting, time, and road conditions. Therefore, DA tasks in
real-world applications often do not know their domain labels
in prior, and the data from various target domains are mixed
together. According to the authors’ knowledge, there are only
some works focusing on this mixed MTDA without domain
labels, which is crucial for real-world applications [12], [13],
[14]. Therefore, this article makes efforts on the more practical
and challenging blending-target DA (BTDA) scenario [see
Fig. 1(e)].

On the other hand, there is another crucial issue in real-
world applications for DA, that is, whether the source data
are available. Due to increasing privacy concerns (such as
medical images, mobile applications, and surveillance videos),
source-domain data cannot always be accessed. Recently,
source-free DA (SFDA) has been introduced to transfer knowl-
edge from a prior source domain to a new target domain
without accessing the source data. As shown in Fig. 1, we
could define different SFDA settings according to the number
of target domains in the DA task. However, most existing
SFDA methods focus on source-free STDA (SF-STDA) setting
[see Fig. 1(b) and Table I] [15], [16], [17], while up to
date, only ConMix [18] has discussed and designed new
approach for source-free MTDA (SF-MTDA) [see Fig. 1(d)].
ConMix [18] introduces consistency between label-preserving
augmentations and utilizes pseudo-label refinement methods to
reduce noisy pseudo-labels for both SF-STDA and SF-MTDA
settings.

Different from other DA scenarios, we proposed a new DA
setting named source-free BTDA (SF-BTDA), where we have
to transfer the knowledge from a single source to the blending-
target domain without domain labels or the access of labeled
source data [see Fig. 1(f)]. There are two major challenges in
SF-BTDA.

1) Challenge 1: Facing a mixture of multiple target
domains, the model is assumed to handle the coexistence
of different label shifts in different targets with no prior
information.

2) Challenge 2: As we are only accessed to the source
model, precisely alleviating the negative effect from

noisy target pseudo-labels is difficult because of the
significantly enriched styles and textures. Due to these
two challenges, existing DA methods that count on uti-
lizing the distribution shift between two specific domains
become infeasible.

In this article, we first present the SF-BTDA setting and
propose evidential graph contrastive alignment (EGCA) to
better tackle the aforementioned two challenges in SF-BTDA
scenarios. First, we calculate the domain distance and generate
a pseudo-domain label through self-consistent clustering to
address the coexistence of different label shifts in differ-
ent targets with no prior information. Second, we propose
calibrated evidential learning (CEL) to remove samples that
are imbalanced in accuracy and certainty, and to iteratively
improve both the accuracy and certainty of the resulting
model. Finally, we propose graph contrastive alignment to pull
samples that are from the same class both in intradomain and
cross-domains through fully explore the advantages of pseudo-
label information in the target domain and simultaneously
reduce the negative transfer effect, which effectively tackles
both Challenges 1 and 2. The contributions of this work are
as follows.

1) We propose a novel DA task named SF-BTDA, where
we have to transfer the knowledge from a single source
to a blending-target domain without domain labels or
the access of labeled source data.

2) We propose CEL to iteratively improve both the accu-
racy and certainty of the resulting model and adaptively
select high-quality pseudo target labels according to the
balanced accuracy and certainty.

3) We design graph contrastive learning with the domain
distance matrix and confidence-uncertainty criterion, to
minimize the distribution gap of samples of the same
class in the blending-target domain.

4) We conduct a new benchmark for SF-BTDA setting
and comprehensive experiments show that EGCA out-
performs other methods with considerable gains and
achieves comparable results compared with those that
have domain labels or source data in prior.

The second contribution mainly addresses Challenge 2,
improving the quality of pseudo target labels in the blending-
target domain to reduce the effect of the enriched styles
and textures in the mixture of multiple target domains.
The third contribution effectively tackles the Challenge 1,
forcefully pulling samples that are from the same class to
alleviate the coexistence of different label shifts in blended
targets.

In the remaining sections of this article, a wide range of
related work is introduced in Section II. We present a detailed
description of our proposed EGCA in Section III. After that,
a thorough experiment with promising results compared with
other state-of-the-art approaches is detailed in Section IV.
We further discuss our proposed EGCA in Section V and
summarize it in Section VI.
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II. RELATED WORKS
A. Domain Adaptation

DA aims to minimize domain shift, which refers to the
distribution difference between the source and target domains.
Most of them focus on STDA. Plenty of single target DA meth-
ods have been devised to different tasks including classification
[7], [19], [20], [21], semantic segmentation [22], and object
detection [23], [24]. To reduce domain discrepancies, there are
different kinds of methods. One popular approach is motivated
by generative adversarial networks (GANs) [25]. Adversarial
networks are widely explored and try to minimize the domain
shift by maximizing the confusion between source and tar-
get [26]. Alternatively, it is also common practice to adopt
statistical measure matching methods to bridge the difference
between source and target, including MMD [27], IMMD [28],
and other variation metrics [29]. Although extensive works
have been done on STDA, there is less research on MTDA,
especially for BTDA, which is more similar to the real-world
scenarios.

B. Multitarget DA and Blending-Target DA

Different from STDA, MTDA is more flexible because the
model can be adapted to multiple target domains with different
characteristics, which requires the model to generalize better
on target data without annotations [10], [30]. These require-
ments introduce new challenges, especially the computational
requirements and catastrophic forgetting of previously learned
targets. Wang et al. [31] combine federated learning with
multitarget DA and propose an effective DualAdapt method
to reduce the training cost significantly. MTDA-DTM [32]
allows the object detector to be incrementally updated without
degrading performance on data from previously learned target
domains. However, BTDA has received little attention. This
approach aims to provide solutions for situations where there
are no explicit domain labels and samples from different target
domains are mixed together, which is more consistent with
reality [33]. The differences between STDA, MTDA, and
mixed MTDA is shown in Fig. 1. To the best of authors’
knowledge, there are only few works related to this field.
For instance, DADA [13] aims to tackle domain-agnostic
learning by disentangling the domain-invariant features from
both domain-specific and class-irrelevant features simultane-
ously. CGCT [14] uses curriculum learning and co-teaching
methods to obtain more reliable pseudo-labels. In addition,
open compound DA (OCDA) also contains blending-target
domain [34], [35], while it contains an extra “unseen” domain,
which is beyond the scope of this article.

C. Source-Free DA

Because of the limit of privacy constraints, SFDA is
becoming more and more popular, which only provides a
well-trained source model without any access to source data
during the adaptation process. There are two mainstreams
for SFDA methods. On the one hand, some methods focus
on reconstructing the pseudo source-domain samples in the
feature space [36], [37] On the other hand, some methods

exploit pseudo target labels from the source model and adopt
self-training or noisy learning so that the model is well-fit
to the target domain [38]. For example, SHOT [39] adopts
entropy minimization and information maximization through
pseudo-labeling learning to transfer the knowledge from a
trained classifier to target features. G-SFDA [40] is proposed
to refine pseudo-labels through encouraging consistent label
predictions between local neighbor samples. To date, most
existing SFDA methods focus on the SF-STDA setting, while
only Kumar et al. [18] have discussed and designed a new
approach for SF-MTDA. ConMix [18] introduces consistency
between label-preserving augmentations and utilizes pseudo-
label refinement methods to reduce noisy pseudo-labels for
both SF-STDA and SF-MTDA settings.

However, existing literature has not exploited a new DA
setting named SF-BTDA, where we have to transfer the
knowledge from a single source to a blending-target domain
without domain labels or the access of labeled source data.
As introduced in Section I, there are two major challenges in
SF-BTDA.

1) Challenge 1: Facing a mixture of multiple target
domains, the model is assumed to handle the coexistence
of different label shifts in different targets with no prior
information.

2) Challenge 2: As we are only accessed to the source
model, precisely alleviating the negative effect from
noisy target pseudo-labels is difficult because of the
significantly enriched styles and textures. In this article,
we propose EGCA to better address both two major
challenges for SF-BTDA.

III. METHODOLOGY

In this section, we first propose the problem setting for
SF-BTDA. Then, we introduce our domain distance matrix
to prevent the negative effect from mixture of multiple target
domains. Next, we elaborate how to select high-quality target
samples from noisy pseudo-label in CEL module (addressing
Challenge 2). Finally, we adopt graph contrastive learning with
the domain distance matrix and confidence-uncertainty crite-
rion, to minimize the distribution gap of samples of the same
class in the blending-target domain (addressing Challenge I).

A. Problem Setting and Notations

In contrast to MTDA, BTDA is established on a mixture
of target domains Dy = {D/}¥_, = {(x))}!7,, where k is the

i=1°
number of target domains and ny = Zl;-:l n! denotes
the total quantity of images in the target domain. Unlike
the MTDA scenario, the proportions of different target
domains in the mixed datasets {wj}’;.=1 are unknown. In the
SFE-BTDA setting, we consider the labeled source-domain data
with ng, the samples as D, = {(x],y})}",, in which the y; is
the corresponding label of x!, are only available during model
pretraining. Our proposed approach is based on any backbone,
which we split into three parts: a shallow feature extractor Fi,
a deep feature extractor F,, and a classifier G.

As we have to transfer the knowledge from a single source

to blending-target domain without domain labels or the access
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Fig. 2. Framework for our proposed EGCA. (a) Source data training: we train the model through a single source domain, and we do not have access to the
source-domain data. (b) Domain distance calculation: we generate the mixture domain distance through low-level features and original image textures in an
unsupervised way. (¢) CEL: we propose a CEL module to iteratively improve both the accuracy and certainty of the resulting model and adaptively generate
high-quality pseudo target label (addressing Challenge 2). (d) Graph contrastive learning: we design a graph contrastive learning with the domain distance
matrix and confidence-uncertainty criterion, to minimize the distribution gap of samples of the same class in the blending-target domain, which alleviates the

coexistence of different label shifts in blended targets (addressing Challenge 1).

of labeled source data, if we directly adopt existing SF-STDA
algorithms and consider the mixed target domains as one
target domain in a brute-force way, the training objective
will facilitate domain-invariant representations to align the
whole blending-target domain Dy rather than k target domains
{D! }];:1- Because of the discrepancy among subsubjects from k
distributions, adaptation for the whole blending-target domain
directly may lead to severe category misalignment and nega-
tive transfer effects. Compared to MTDA, it is a key message
in the SF-BTDA scenario that we are unavailable to any
information about the domain label of each image in the
target dataset in advance. Therefore, the challenges of the
SEF-BTDA scenario are twofold. On the one hand, the mixture
of multiple target domains would naturally introduce signif-
icantly enriched styles and textures. On the other hand, the
model is assumed to handle the coexistence of different label
shifts in different targets with no prior information. Due to
these two challenges, most existing DA methods that count
on utilizing the distribution shift between two specific domains
become infeasible.

To address these problems in the SF-BTDA issue, we
propose EGCA method (Fig. 2). First, we calculate the
domain distance and generate pseudo-domain label through
self-consistent clustering to address the coexistence of different
label shifts in different targets with no prior information (see
Section III-B). Second, we propose a CEL module, to remove
samples that are imbalanced in accuracy and certainty, and
to iteratively improve both the accuracy and certainty of the
resulting model (see Section III-C). Finally, based on the
samples that perform well in both accuracy and certainty, we

further propose graph contrastive alignment to minimize the
distribution gap of samples of the same class in the blending-
target domain, and between the source and target domains (see
Section II1-D).

B. Domain Distance Calculation

As introduced in Section I, the SF-BTDA issue faces a
mixture of multiple target domains, and the model is assumed
to handle the coexistence of different label shifts in different
targets with no prior information (Challenge I). Therefore,
some samples in the same class may appear with different
styles and textures because of the coexistence of multiple
targets with significantly enriched styles and textures. Under
this consideration, we calculate the domain distance to better
guide the contrastive learning (see Section III-D) to pull the
samples in the same class that may appear in different styles
and textures. As we do not have access to the specific domain
label for the blending-target domain, we separate the target
domains into k domains and assign pseudo-domain labels for
them using an unsupervised way (i.e., k-means). Therefore,
given that original image textures (x’) may represent the spe-
cific image style, while shallow features from DNNs [F(x)]
may represent the universal feature style [41], we combine
these two types of features to achieve better pseudo-domain
label assignment. Notably, we simply concatenate the low-
level features Fi(x;) with the original image x; and we adopt
the low-level features that generated from conv2 x with the
dimension of 56 x 56 x 256.

Notably, we simply concatenate the low-level feature with
the original image x; and we adopt the low-level features that
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were generated from conv2 x with the dimension of 56 x
56 x 256.

We calculate the domain distance D;; between two samples
x! and X_’/- through (1), in which C; and C; are the corresponding
centroids for samples (x;) from the target domain i (D!) and
samples (xj-) from the target domain j (D). Notably, i and j
are the two nominal variables. The centroid for a target image
(x}) denotes that it belongs to the pseudo-domain label. The
Max Distance denotes that we normalize the domain distance
among different target domain centroids. For example, when
there are three target domains (D}, D2, and D7) in the blended
target (Dr), the Max Distance denotes the max value among
[IC1 = Call, ICy — Cs]l, and ||C; — C3]l. In this article, we utilize
the distance of the domain centroids to represent the samples
from different target domains for simplicity

ICi = G|l
Dij=104+ ————. 1
! + Max Distance M
To avoid D;; = 0 when these two samples come from

the same target domain, we add 1.0 in (1). That is, if xﬁ
and X; are from the same domain, the domain distance will
be 1.0 instead of 0. In particular, after each training epoch,
we recluster target samples into k domains and reassign their
pseudo-domain labels, and then, we update the specific target-
domain centroids and update the domain distance D;;.

C. Calibrated Evidential Learning

In the meantime, as we are also not access to the source data,
we could only achieve pseudo target labels for the blending-
target images using the model trained from labeled source
images. Because of Challenge 2 introduced in Section I,
directly adopting pseudo-labels for the target domain may
ruin and mislead the model training. To alleviate the negative
effect from noisy target labels, we propose CEL to iteratively
improve both the accuracy and certainty of the resulting model,
and adaptively select high-quality pseudo target labels.

Evidential deep learning (EDL) [42], [43] offers a princi-
pled way to formulate both the uncertainty estimation and
multiclass classification, which overcomes the shortcomings
of softmax-based DNNs. Assuming that the class probability
follows a prior Dirichlet distribution, the cross-entropy loss
to be minimized for the learning evidence e(i) from a given
sample x(7) can be formulated as:

M
L0, (v2,e?) = 330 (log SO — Tog (¢ 1)) (@)
m=1

in which M is the number of classes, and y(i) is an one-hot
K-dimensional label for the sample x(i). e() = g(f(x(i))),
where f is the feature extractor and g is the evidence function.
S is the total evidence that can be defined as § = Y| @, in
which «,, is the nonnegative network prediction output and can
be expressed as «,, = e,;,+ 1, where e(i) = g(F»(F1(x(7)))) and
g is the evidence function. According to the evidence theory
of Dempster—Shafer theory (DST) [44], the discriminative
probability of mth class is p, = @;/S and the predictive

uncertainty u can be determined as u = M/S.
Although the evidential uncertainty from EDL can be
directly learned in the target-domain samples, the uncertainty

may not be well-calibrated to address our target pseudo-label
learning in the SF-BTDA scenario. According to existing
model calibration literature [45], a better calibrated model
is supposed to be uncertain in its predictions when being
inaccurate, while be confident about accurate ones. In this
section, we attempt to calibrate the EDL model by considering
the relationship between the accuracy and uncertainty for the
blending-target domain under a source-free setting.

In particular, we propose the CEL method to minimize the
following sum of samples that are accurate but uncertainty, or
inaccurate but certain, using the logarithm constraint between
the confidence ¢; and uncertainty u;:

LcgL = —v: Z cilog (1 —u;)

X €Dy

—(1=y) Y (1-c)log(u) 3)

x, €Dy

in which u; denotes the evidential uncertainty of an input
sample x; and ¢; is the associated maximum class probability.
Dy and Dy are the selected high-quality target samples
and the remainder in the target domain (low-quality target
samples), respectively. That is, |Dr| = |DF| + |DF|.

Different from other high-quality selection schemes in the
SFDA setting [46], [47], [48], [49], we utilize the evidential
uncertainty and prediction confidence to measure the label
reliability simultaneously. That is, the high-quality target
pseudo-labels both satisfy that ¢; > 5, and u; > n,, where 7,
and 7, are the two selection thresholds that can be adaptively
estimated in each mini-batch. To this end, we do not need to
set fixed hyperparameters for 7. and 7,

1 i=B 1 i=B
c= 5 is u= 75 i “4)
n B;c n B;u

The first term of Lcgp in (3) tries to give low uncertainty
(u; — 0) when the model makes accurate prediction (x; €
DY, c;i — 1) for the selected high-quality target samples, while
the second term of Lcg aims to give high uncertainty (u; — 1)
when the model makes inaccurate prediction (x; € D, ¢; — 0)
for the low-quality target samples. Notably, y, is the annealing
factor defined as

v =vexp{-(n2) 1)} 5)

in which 7 is the training epoch and 7 is the total number of
training epochs. g is a small positive constant and monoton-
ically increasing.

The reason of the annealing weight y is that the dominant
periods of accurate and inaccurate predictions in model train-
ing are different. In the early training stages, the inaccurate
predictions are the dominant cases so that the IC loss [the
second term in Lcgr in (3)] should be more penalized, while
in the late training stages, the accurate predictions are the
dominant so that the AU loss [the first term in Lcgp in (3)]
should be more penalized. Since the annealing weight factor
v; dynamically balances the two terms in training, yp is a
small positive constant (yo = 0.001) and the factor y, will be
exponentially increasing from 7y, to 1.0 as the training epoch
t increasing to 7.
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To this end, through our proposed CEL, the model tries to
make high accuracy and low uncertainty for the high-quality
target-domain samples, while make a restraint for low-quality
target domain samples, which addresses the Challenge 2
introduced in Section I. This strategy helps us to better achieve
the knowledge transfer from the source model to the blending-
target domain.

D. Graph Contrastive Learning

Contrastive learning tries to learn a universal prior infor-
mation for downstream tasks [50], [51]. According to existing
contrastive learning frameworks [50], [52], [53], [54], the self-
supervised contrastive loss InfoNCE [55] is

exp (zi - 2 /7)
Lecon =— ) log
; 2 ge0a) &XP (@i - 24/7)

(6)

in which i € Z = {l...2N} is the index of an arbitrary
augmented sample and j(i) is the index of the other augmented
sample originating from the same sample. z is the projection of
f(x), and 7 is a scalar temperature parameter. Q(i) = I\{i}. The
index i is named the anchor, index j(i) is named the positive
pair, and the other 2(N — 1) indices ({k € Q()\{j(i)}}) are
named the negative pairs. Note that for each anchor i, there
is 1 positive pair and 2N — 2 negative pairs. The denominator
has a total of 2N — 1 terms (the positive and negative).

The original intention for contrastive learning is to push
each image far from others and pull the augmented images
closer with the original one in the feature space. However, it
is not compatible with the classification task, which requires
to cluster images at the class level, especially that we have
some high-quality target samples generated from Section III-C.
Furthermore, according to the description of Challenge 1,
some samples in the same class may appear in different styles
and textures because of the coexistence of multiple targets
with significantly enriched styles and textures. To this end, we
design the domain distance calculated from Section III-B in
graph contrastive learning to pay more attention to the above-
mentioned samples, which could solve the conflict between
contrastive learning and the classification task.

Since Section III-C has generated high-quality labels for
the target domain, we could fully explore their advantages
in the contrastive learning. Notably, our contrastive alignment
module aims to learn representations guided by a pseudo-label
graph. Here, we build the pseudo-label graph by constructing
a similarity matrix (A). To this end, each element a;; in A has
the following format:

1, if j=1,
1, if z; and z; are from same category, 7
and x; € DY and x; € Dy,

0, otherwise.

Notably, x; € Dy and x; € Dy denote that x; and
x; are selected from the high-quality target-domain sam-
ples. Although high-quality pseudo-label-based supervised
contrastive learning is theoretically functional, directly using
these pseudo-labels may be problematic because they might

be noisy labels, too. To alleviate this problem, we adopt the
confidence-uncertainty evaluation produced from Section III-C
to strengthen the robustness and reduce the negative effect
on noisy pseudo-labels. Actually, the pseudo-label graph (A)
serves as the target to train an embedding graph (A¢), which
is defined as

o = aij*lij*Dij, lfl?ﬁj, (8)

ajj, otherwise.

in which I;; = ¢;*c;j*(1 —u;)*(1—u;) denotes that samples with
high confidence and low uncertainty will have higher weights
in our graph contrastive learning module. D;; can be calculated
from (1), which could make our contrastive learning module
to pay more attention on the samples of the same class that
belonged to different target domains (addressing Challenge 1).
To this end, the loss of Lgcr can be formulated as

1 exp (2 - 2 /7)
LgcL = — -
k ; 1+ P@)I quQ(i) exXp (Zi : Zq/T)

—Zlog

PEP()

ai; - exp (zi - 2/7)

quQ(z’) exp (Zi " 24/ T)

©))

in which P(i) denotes the indices of the views from other
images of the same class in the selected high-quality target-
domain samples. |[P(i)| denotes its number and |P(»i)| + 1
denotes all positive pairs. 7 is the temperature parameter. Other
notations could refer to [63]. As our setting is SF-BTDA,
it is noteworthy that our graph contrastive learning module
is conducted on the blended targets due to its difficulties
from classification confusions because of the coexistence of
different label shifts (addressing Challenge 1).

E. Overall Objective

The model is jointly optimized with two loss terms, includ-
ing CEL loss Lcgr and graph contrastive learning loss Lgcp

L = LceL + BLgeL (10

where 8 is a tradeoff parameter balancing two different loss
terms between Lcgr and Lgcr..

To enhance clarity, we summarize the training and infer
ence procedures of EGCA in Algorithm 1. The algorithm
outlines the key steps, including domain distance calcula-
tion, CEL, and graph contrastive alignment, as described in
Sections III-B-III-E.

IV. EXPERIMENTS
A. Datasets

We conduct experiments on three standard DA benchmarks
including Office-31 [64], Office-Home [65], and DomainNet
[66]. Office-31 [64] consists of 4652 images from three
domains: DSLR (D), Amazon (A), and Webcam (W). Office-
Home [65] is a more challenging dataset, which consists of
15500 images in total from 65 categories of everyday objects.
There are four significantly different domains: artistic images
(Ar), clip-art images (Cl), product images (Pr), and real-
world images (Rw). DomainNet [66] is the most challenging
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Amazon DSLR ‘Webcam Art
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Product Real-World
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(©

Fig. 3. Samples from three standard DA benchmark datasets used in our experiments. (a) Office-31 dataset, featuring images from Amazon, DSLR, and
Webcam domains. (b) Office-Home dataset, showcasing diverse categories including art, clipart, product, and real-world domains. (c) DomainNet dataset,
presenting a wide range of domains such as clipart, infograph, painting, quickdraw, real, and sketch.

Algorithm 1 Training and Inference Procedures of EGCA

Input: Blending-target domain data D7, source model compo-
nents {F}, F,, G}, number of pseudo-domains k, trade-off
weight 3, total epochs T

Qutput: Adapted model parameters 6

TRAINING PHASE:

1 Compute domain-distance matrix D;; via Eq.(1) and

assign pseudo-domain labels by k-means.

2 Generate pseudo-labels for all x € DT using current

{F1, Fa, Gl

3 fort=1Tdo

4 Update high-quality sample set Dy and D_}e via cali-
brated evidential selection.

5 Compute Calibrated Evidential Loss Lcg, in Eq. (3).
Compute Graph Contrastive Alignment Loss LgcL
using D;; and confidence/uncertainty in Eq. (9).

7 Update parameters: 6 < 6 —nVy (LCEL + B LGCL).

8 end for

INFERENCE PHASE:

9 Given test sample xg, extract z; = Fi(xg), 22 = F2(z1).
10 Compute logits @ = G(z2) and class-probabilities p,, =

W/ D, An.
11 OUTPUT: predicted label y = arg max,, p,.

and very large-scale DA benchmark, which has six different
domains: clipart (Cli), infograph (Inf), painting (Pai), quick-
draw (Qui), real (Rea), and sketch (Ske). It has around 0.6
million images, including both train and test images, and has
345 different object categories. In these three DA datasets, we
select only one domain as the source domain while the others
as the blending-target domains. Fig. 3 shows some examples
of these three datasets.

B. Training Details

Our methods were implemented based on the PyTorch [67].
We adopt ResNet-50 [56] for Office-31 and Office-Home, and
ResNet-101 for DomainNet, both of which pretrained on the
ImageNet dataset [68]. Whatever module was trained from
scratch, its learning rate was set to be ten times that of the

lower layers. We adopt mini-batch stochastic gradient descent
(SGD) with a momentum of 0.95 using the learning rate and
progressive training strategies. We set 8 in (10) and 7y, in (5)
as 1.0 and 0.001, respectively. We set 7 in (6) and (9) as 0.1
following previous studies [63]. In our experiments, we select
the same value of k as the true number of target domains in
each dataset to report, with k = 2, k = 3, and k = 5 for
Office-31, Office-Home, and DomainNet, respectively.

1) State of the Art: ResNet [56] is the baseline backbone
without any DA tricks. We list some methods that have been
proposed for the STDA scenario, such as DAN [27], DANN
[7], RTN [8], JAN [28], SE [9], MCD [61], CDAN [57], and
MCC [62]. We also compare our method with the existing
three MTDA methods (i.e., MTDA-ITA [10], DCL [30], and
DCGCT [14]) and five BTDA methods (i.e., AMEAN [12],
DADA [13], CGCT [14], DML [31], and MCDA [58]).
Furthermore, we compare three source-free DA methods,
including G-SFDA [40], GPUE [59], and SHOT++ [60].
However, these SFDA methods mainly focus on SF-STDA
settings. Finally, we compare our performance with ConMix
[18], which is the only one that concentrates on SF-MTDA
scenarios with domain labels in prior, while without access to
the labels of source data. It is noteworthy that those methods
designed for single target DA tasks (such as DANN [7],
CDAN [57], G-SFDA [40], and GPUE [59]) consider the
whole blended target domain as the single target domain and
are lack of capacity to address blended target DA scenarios.
Notably, the bold numbers in Tables II and III denote the
highest accuracy without source data. The underline numbers
denote the highest accuracy without domain labels.

C. Results

1) Office-31: Our EGCA overpasses the comparison meth-
ods without domain labels or source data on all transfer
tasks, with at least 1.5% improvement. The EGCA even
outperforms all comparison methods only without source data.
It is remarkable that EGCA promotes the accuracy on transfer
tasks of A and D compared to ConMix with domain labels in
prior.

2) Office-Home: The accuracies on Office-Home for the
SE-BTDA setting are shown in Table II. We can observe
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TABLE I

OVERALL ACCURACY (%) ON OFFICE-31 AND OFFICE-HOME FOR STATE-OF-THE-ART METHODS. ALL METHODS USE THE RESNET-50 AS THE
BACKBONE. THE RESULTS ON EACH DATASET ARE THE AVERAGE OF THREE/FOUR LEAVE-ONE-DOMAIN-OUT CASES

Method Multiple Domain  Source Office-31 Office-Home
Targets Labels Data A D w Avg Ar Cl Pr Rw  Avg
ResNet-50 [56] X X X 763 687 67.0 707 | 625 612 551 61.8 60.1
DAN [27] X X v 79.5 803 81.2 803 | 584 581 529 62.1 579
DANN [7] X X v 782 722 698 734 | 584 58.1 529 62.1 579
CDAN [57] X X v 93,6 80.5 813 851 | 595 61.0 547 629 595
MTDA-ITA [10] v v v 879 837 840 852 | 646 664 592 671 643
DCL [30] v v v 926 825 847 866 | 63.0 630 600 67.0 633
DCGCT [14] v v v 934 860 87.1 88.8 | 70.5 71.6 660 712 69.8
AMEAN [12] v X v 90.1 77.0 734 802 | 643 655 595 667 64.0
CGCT [14] v X v 939 851 856 882 | 674 681 616 687 66.5
DML [31] v X v 949 853 862 888 | 67.0 706 629 69.0 674
MCDA [58] v X v 924 877 888 89.6 | 71.7 728 68.0 71.7 71.1
G-SFDA [40] X X X 90.6 789 774 823 | 703 749 66.8 70.0 70.5
GPUE [59] X X X 78.8 724 607 706 | 505 455 464 529 488
SHOT++ [60] X X X 933 796 784 838 | 70.6 742 662 68.6 69.9
ConMix [18] v v X 924 81.8 804 849 | 756 814 714 T34 754
EGCA (ours) v X X 935 844 813 864 | 765 822 722 73.6 76.1

TABLE III

OVERALL ACCURACY (%) ON DOMAINNET FOR STATE-OF-THE-ART METHODS. ALL METHODS USE THE RESNET-101 AS THE BACKBONE. THE
RESULTS ON EACH DATASET ARE THE AVERAGE OF SIX LEAVE-ONE-DOMAIN-OUT CASES

Multiple Domain  Source

Method Targets Labels Data Cli Inf Pai Qui Rea Ske Avg
ResNet-101 [56] X X X 256 168 258 9.2 20.6 223  20.1
SE [9] X X v 21.3 8.5 145 138 16.0 197 15.6
MCD [61] X X v 25.1 191 27.0 104 202 225 207
CDAN [57] X X v 316 27.1 318 125 332 358 287
MCC [62] X X v 33.6  30.0 324 135 280 353 288
DCL [30] v v v 35.1 314 370 205 354 410 334
DCGCT [14] v v v 37.0 322 373 193 398 408 344
DADA [13] v X v 264 200 265 129 207 228 21.6
CGCT [14] v X v 36.1 333 350 100 39.6 397 323
DML [31] v X v 320 254 294 127 315 364 279
MCDA [58] v X v 375 373 366 178 361 414 345
G-SFDA [40] X X X 342 267 327 117 187 320 260
GPUE [59] X X X 234 227 314 165 169 248 226
SHOT++ [60] X X X 329 288 321 139 179 349 267
ConMix [18] v v X 418 292 399 175 327 412 337
EGCA (ours) 7 x X 2.2 326 403 180 355 418 346
TABLE IV methods without domain labels and outperforms other methods

OVERALL ACCURACY (%) ON DOMAINNET FOR ABLATION STUDIES. ALL
METHODS USE THE RESNET-101 AS THE BACKBONE. THE RESULTS
ON EACH DATASET ARE THE AVERAGE OF SIX
LEAVE-ONE-DOMAIN-OUT CASES

DomainNet Cli Inf Pai Qui Rea Ske Avg

ResNet-101 [56] 256 16.8 258 92 206 223 20.1

+ LcgL 326  30.1 353 125 303 368 29.6

+ LcpL, + Lcon 37.1 332 381 146 340 392 327

+ LcgL + Lge 392 326 373 160 355 398 334
TABLE V

ACCURACY ON DIFFERENT SAMPLE SELECTION SCHEMES

Method Office-31  Office-Home  DomainNet

only 77, 85.9 74.3 32.8

only 7. 85.6 75.5 322
both 77, and 7. 86.4 76.1 34.6

that our ECGA achieves the highest average accuracy (70.6%)
compared to methods without domain labels nor source data.
Especially, EGCA is the best model for the task of Cl among

without source data for tasks of Pr and Rw.

3) DomainNet: As for the most difficult dataset, our pro-
posed EGCA improves the accuracy with a considerably larger
rooms (with at least +7.2%) compared to those without domain
labels or source data. In addition, it is encouraging that EGCA
yields the highest accuracy without source data. Furthermore,
EGCA is slightly lower (with only —0.6%) than MCDA, which
has source data without domain labels, which suggests that
EGCA can fully explore high-quality pseudo target-domain
labels and EGCA for effective DA.

D. Ablation Studies

To tooth apart the separate contributions of the strategies
in EGCA, we denote by Lcgr and Lgcer the module of CEL
and semi-supervised contrastive learning. As listed in Fig. 4,
Lcon achieves 2.5% and 3.8% improvement for Office-31 and
Office-Home, respectively. In addition, Lgcr further increase
1.1% and 1.4% for average accuracy. Table IV lists the ablation
studies for DomainNet for our proposed ECGA. As listed
in Table 1V, LcgL achieves +9.5% improvement compared

Authorized licensed use limited to: SUN YAT-SEN UNIVERSITY. Downloaded on March 22,2026 at 15:35:20 UTC from IEEE Xplore. Restrictions apply.



ZHENG et al.: EVIDENTIAL GRAPH CONTRASTIVE ALIGNMENT FOR SOURCE-FREE BLENDING-TARGET DA

241

TABLE VI

COMPARISONS OF ACCURACY GAP AMONG DIFFERENT METHODS ON OFFICE-31 AND OFFICE-HOME. THE RED NUMBERS DENOTE THAT OUR
PROPOSED EGCA OUTPERFORMS OTHER METHODS, WHILE THE BLUE NUMBERS DENOTE THAT OTHER METHODS
OUTPERFORM OUR PROPOSED EGCA

Method Office-31 Office-Home
A D W Avg Ar Cl Pr Rw Avg
ResNet-50 [56] +16.9  +14.7 +12.3 +14.6 | +229 +31.6 +23.0 +193 +24.2
without domain labels G-SFDA [40] +2.6 +4.5 +2.0 +3.0 +0.2 -0.7 +0.4 +0.6 +0.1
nor source data GPUE [59] +144  +11.0 +18.6 +14.7 | +20.0 +28.7 +20.8 +17.7 +21.8
SHOT++ [60] -0.1 +3.8 +0.9 +1.5 -0.1 +0.0 +1.0 +2.0 +0.7
DAN [27] +13.7 +3.1 -1.9 +5.0 +149 +17.6  +18.7 +13.9 +16.3
DANN [7] +12.4 +0.9 -3.9 +3.1 +12.1  +16.1 +14.3 +8.5 +12.8
only without CDAN [57] -0.4 +2.9 -2.0 +0.2 +11.0 +13.2 +12.5 +7.7 +11.1
domain labels AMEAN [12] +3.1 +6.4 +5.9 +5.1 +6.2 +8.7 +7.7 +3.9 +6.6
CGCT [14] -0.7 -1.7 -6.3 2.9 +3.1 +6.1 +5.6 +1.9 +4.2
DML [31] -1.7 -1.9 -6.9 -3.5 +3.5 +3.6 +4.3 +1.6 +3.3
MCDA [58] +0.8 -4.3 9.5 -4.3 -1.2 +1.4 -0.8 -1.1 -0.4
only without source data ConMix [18] +0.8 +1.6 -1.1 +0.4 -1.4 2.2 +0.8 +1.3 -0.4
both with domain labels MTDA-ITA [10] +5.3 -0.3 -4.7 +0.1 +5.9 +7.8 +8.0 +3.5 +6.3
and source data DCL [30] +0.6 +0.9 5.4 -1.3 +7.5 +11.2 +7.2 +3.6 +7.4
DCGCT [14] -0.2 -2.6 -7.8 -3.5 +0.0 +2.6 +1.2 -0.6 +0.8

Office-31

Office-Home

Accuracy (%)
S

ReNerS0 ey eon g aa ReNerS0 dLem g abeon g thaa

Fig. 4. Overall accuracy (%) on Office-31 and Office-Home for ablation
studies.

m Office-31
s Office-Home

. Office-31
mm Office-Home

Accuracy (%)

SamSiam CLDA MemSAC  EGCA(Ours) GPUE EGCA(Ours)

Fig. 5. Comparisons among other contrastive learning methods and other
uncertainty methods with our EGCA.

to ResNet-101 [56]. In addition, Lcon increases +3.1% for
average accuracy compared to Lcgr . Furthermore, Lgc further
improves the average accuracy with slight gains of +0.7%.

In addition, Table V lists ablation results for different
high-quality selection schemes. Therefore, we both utilize
the evidential uncertainty and prediction confidence to mea-
sure the label reliability simultaneously (see more details in
Section III-C). Furthermore, we compare different contrastive
learning methods (such as SamSiam [69], CLDA [70], and
MemSAC [71]) and uncertainty methods (such as GPUE [59]
and DUC [72]) in Fig. 5. The experimental results indicate
that the evidential contrastive learning and the CEL in our
proposed EGCA perform the best among other state-of-the-art
methods.

As introduced in Section III-B, we simply concatenate
the low-level feature with the original image x;. We adopt the
low-level features that were generated from conv2 x with the
dimension of 56 x 56 x 256. Fig. 6(a) shows that after adding
the original image x;, the performance has gains for Office-31
and Office-Home by using shallow features (F(x’)). Also,

Fig. 6(b) shows the accuracy of pseudo-labels for the target
data (introduced in Sections III-C and III-D) with gradually
improving along with the training epochs, indicating that our
model is becoming more and more confident and certainty
during the model training. Fig. 6(c) shows that increasing the
number of k for single target DA, the accuracy may only
have a very slight reduction. This experiment indicates that
our proposed method is also robust to address the scenario
where the number of target domains is only one (i.e., single
target DA). However, this article focuses on SF-BTDA instead
of single-target DA.

V. DISCUSSION
A. Do We Really Need Domain Label or Source Data?

We calculate the accuracy gap using the following equation
between our proposed EGCA and other methods in Table VI
(Office-31 and Office-Home and Table VII (DomainNet):

(an

The following sections list the detailed analysis for
these three datasets, including Office-31, Office-Home, and
DomainNet.

1) Office-31: According to Table VI, we can observe that
EGCA outperforms all methods in all transfer tasks with-
out domain labels or source data, except A — {D, W} for
SHOT++ [60], with only —0.1% degradation. As for other
methods, only without domain labels and with source data,
EGCA outperforms some of them, with +0.2% ~ +5.0%
improvement. Also, EGCA performs worse than some BTDA
methods, such as CGCT [14], DML [31], and MCDA [58],
with —2.9% ~ —4.3% degradation. In addition, EGCA per-
forms better than ConMix with +0.4%, which has domain
labels but cannot access to source data in prior. Furthermore,
EGCA outperforms MTDA-ITA [10]. However, EGCA still
has a certain gap with other methods, both with domain labels
and source data, such as DCL [30] (-1.3%) and DCGCT
[14] (=3.5%). To this end, source data are not the necessary
condition for Office-31 in SF-BTDA scenarios, while the
domain labels are kind of important.

Accuracy Gap = Accggea — ACCothers-
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Fig. 6. More ablation studies in this article. (a) Average performance of Office-31 and Office-Home that if adding the original image x; as introduced in
Section III-B. (b) Accuracy of pseudo-labels for the target data for Office-31 dataset introduced in Sections III-C and III-D. (c) Performance under increasing

k for two single target DA tasks in Office-Home dataset.

TABLE VII

COMPARISONS OF ACCURACY GAP AMONG DIFFERENT METHODS ON DOMAINNET. THE RED NUMBERS DENOTE THAT OUR PROPOSED EGCA
OUTPERFORMS OTHER METHODS, WHILE THE BLUE NUMBERS DENOTE THAT OTHER METHODS OUTPERFORM OUR PROPOSED EGCA

Method Cli Inf Pai Qui Rea Ske Avg

ResNet-101 [56] | +13.6 +15.8 +11.5 +6.8 +149 +17.5 +13.4

without domain labels G-SFDA [40] +5.0 +5.9 +4.6 +4.3  +16.8 +7.8 +7.4
nor source data GPUE [59] +15.8 +9.9 +5.9 -0.5 +18.6  +15.0 +10.8
SHOT++ [60] +6.3 +3.8 +5.2 +2.1 +17.6 +4.9 +6.7

SE [9] +17.9 +24.1 +22.8 422 +195 +20.1 +17.8

MCD [61] +14.1  +13.5 +103  +5.6 +153 +17.3  +12.7

CDAN [57] +7.6 +5.5 +5.5 +3.5 +2.3 +4.0 +4.7

only without MCC [62] +5.6 +2.6 +4.9 +2.5 +7.5 +4.5 +4.6
domain label DADA [13] +12.8  +12.6 +10.8 +3.1 +14.8  +17.0 +11.9
CGCT [14] +3.1 -0.7 +2.3 +6.0 -4.1 +0.1 +1.1

DML [31] +7.2 +7.2 +7.9 +3.3 +4.0 +3.4 +5.5

MCDA [58] +1.7 -4.7 +0.7 -1.8 -0.6 -1.6 -1.1

only without source data ConMix [18] -2.6 +3.4 -2.6 -1.5 +2.8 -1.4 -0.3
both with domain labels DCL [30] +4.1 +1.2 +0.3 -4.5 +0.1 -1.2 +0.0
and source data DCGCT [14] +2.2 +0.4 +0.0 =33 -4.3 -1.0 -1.0

2) Office-Home: From Table VI, we can conclude that
EGCA outperforms all methods in all transfer tasks without
domain labels or source data, except Ar — {Cl, Pr, Rw} for
SHOT++ [60] and Cl1 — {Ar, Pr, Rw} for G-SFDA [40],
with only —0.1% and —0.7% degradation, respectively. In
addition, for other methods only without domain labels and
with source data, EGCA outperforms all of them with respect
to average accuracy, with +3.3% ~ +16.3% improvement,
except MCDA [58], with only —0.4% gap. Also, EGCA has
comparable performance with ConMix (with only —-0.4%),
which has domain labels but cannot access to source data in
prior. Furthermore, EGCA outperforms all methods both with
domain labels and source data with considerable improvements
(4+0.8 ~ +6.3%). Therefore, for Office-Home, source data and
domain labels are not the necessary conditions in SF-BTDA
scenarios.

3) DomainNet: According to Table VII, we can observe
that EGCA outperforms all methods in all transfer tasks
without domain labels or source data, except when Qui
as the source domain for GPUE [59], with only —-0.5%
degradation. As the same as Office-Home, for other methods
only without domain labels and with source data, EGCA
significantly outperforms all of them, with +1.1% ~ +17.8%
improvement, except MCDA [58] (only with —1.1% degrada-

tion). Also, EGCA only performs slightly worse than ConMix
with —0.3%, which has domain labels but cannot access to
source data in prior. In addition, although other methods both
with domain labels and source data outperform EGCA in
average accuracy, EGCA considerably outperforms them for
Cli — ({Inf, Pai, Qui, Rea, Ske}, with +4.1% and +2.2%
for DCL [30] and DCGCT [14], respectively. There-
fore, in most cases, source data and domain labels are
not the necessary condition for DomainNet in SF-BTDA
scenarios.

All in all, although our proposed EGCA does not have
domain labels in prior, our proposed EGCA also outperforms
most of the existing methods that have domain labels for
SF-BTDA scenarios for all datasets. Also, without source data,
our proposed EGCA outperforms most of the methods that can
access source data in prior for Office-Home and DomainNet,
but EGCA performs considerably worse than existing methods
with source data for Office-31.

Furthermore, Table VIII displays overall accuracy on differ-
ent datasets with different k. We observe that choosing k as the
number of subtargets may not lead to superior performance.
While the k is larger, the accuracy only has slight changes.
Therefore, we select the same value of k as the true number
of target domains in each dataset to report. In addition, our
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TABLE VIII

OVERALL ACCURACY (%) ON OFFICE-31, OFFICE-HOME, AND DOMAIN-
NET WITH DIFFERENT k. * DENOTES THE REPORTED RESULT FOR OUR
PROPOSED EGCA IN TABLES II AND III

k 2 3 4 5 6
Office-31 86.4* 86.1 86.9 857 86.6
Office-Home 744  76.1* 77.0 76.1 76.6
DomainNet 24.2 329 333 34.6* 338
TABLE IX

ECE RESULTS FOR OFFICE-31. SMALL ECE INDICATES THAT THE MODEL
Is BETTER CALIBRATED. ALL METHODS USE THE RESNET-50 AS THE

BACKBONE
Method A D w
EGCA (w/o Lcgr) 0.042  0.105 0.117
EGCA (full) 0.040 0.084 0.109
TABLE X

AVERAGE OVERALL ACCURACY (%) ON OFFICE-31 USING DIFFERENT
SOURCE MODELS FOR DIFFERENT METHODS

Method ResNet-18  ResNet-34  ResNet-50  Avg
Source Only 61.3 67.9 70.7 66.6
DANN [7] 65.7 71.6 73.4 70.2
MTDA-ITA [10] 66.9 72.7 85.2 74.9
AMEAN [12] 63.2 70.1 80.2 71.2
SHOT++ [60] 70.1 76.7 83.8 76.9
ECGA (ours) 74.5 82.0 86.4 81.0

proposed ECGA is also obviously suitable for the MTDA
setting, significantly outperforms other SOTA methods, such
as DCDCT [14] and DCL [30].

B. ECE Results

Although our proposed CEL module can improve the per-
formance on the SF-BTDA task (as shown in Table IX), we
further delve into the question whether if the performance gain
of CEL results from better calibrating a classification model.
Therefore, we adopt the widely used expected calibration error
(ECE) [73] to evaluate the model calibration performance of
our full method EGCA (full) and its variant without CEL loss
LcgL. We evaluate ECE through partitioning predictions into
M equally spaced bins (similar to the reliability diagrams)
and taking a weighted average of the bins’ difference between
accuracy and confidence, which can be formulated as

& 1Bl
ECE = E —lacc (B,,) — conf (B,,) |
n

m=1

(12)

in which 7 is the number of samples. The difference between
acc and conf for a given bin represents the calibration gap.
Quantitative results are reported in Table IX. It shows that
Lcgr, can reduce the ECE values in all transfer scenarios in
Office-31. This validates our claim that the proposed Lcgr
could calibrate the SF-BTDA model.

While CEL improves pseudo-label quality iteratively, its
effectiveness may depend on the performance of the initial
model in generating reasonably good pseudo-labels. Therefore,
we discuss the robustness of the method under different
initial models. Table X lists the average overall accuracy
in the Office-31 dataset using different source models (i.e.,

TABLE XI

OVERALL ACCURACY (%) ON OFFICE-31, OFFICE-HOME, AND
DOMAINNET WITH DIFFERENT PARAMETER SELECTIONS FOR 77 AND

um
Paramet]e]rs Office-31  Office-Home DomainNet
C u
04 04 82.3 65.1 25.9
05 04 77.4 70.5 31.0
Fixed 05 05 84.2 68.9 30.3
Parameters 0.6 0.6 83.9 68.3 30.1
0.7 0.5 84.0 69.3 32.7
0.7 0.6 80.3 66.2 29.8
Adaptive Parameters 85.3 70.6 334

ResNet-18, ResNet-34, and ResNet-50) for different methods.
The experimental results indicate that our proposed EGCA
performs considerable accuracy gains compared to different
initial models, which could prove the robustness under varying
initial model qualities.

C. Different Parameter Selections of n. and n,

We compare different parameter selection methods for 7,
and 7, that are introduced in Section III-C. Here, we first
display the performance of fixed parameters for 7, and 7, in
Table XI. We can find that adaptive parameters can perform
better than fixed parameters. Different from other high-quality
selection schemes in the SFDA setting [46], [47], [48], [49],
we utilize the evidential uncertainty and prediction confidence
to measure the label reliability simultaneously. That is, the
high-quality target pseudo-labels both satisfy that ¢; > 1. and
cu > 1, Where 7. and n,, are two selection thresholds that can
be adaptively estimated in each mini-batch. To this end, we
do not need to set fixed hyperparameters for 7. and 7,.

D. Theoretical Understanding

Inspired by the generalized label shift theorem in [74], in
SF-BTDA setting, for any classifier V= (hog)(X), the blended
target error rate could be formulated as ||(1/K) Zf erll <
BER/,(YIIY) + 2(c = DAprcr(¥). BER, (Y]|Y) is the classifi-
cation performance only related to the source model. Agtcg
measures the conditional distribution discrepancy of each class
between the source and each target. In this sense, we only
need to minimize the ABTCE(f/ ). Therefore, the most important
objective is to improve the quality of pseudo-labels, which may
lead to category misalignment and negative transfer effects.

In addition, following the DA theory proposed in [4], the
upper boundary of the expected error £r(h) of a hypoth-
esis h on the target domain, can be expressed as the
sum of three terms (E7(h) < Es(h) + (1/2)dyan(S,T) +
A): 1) expected error of 4 on the source domain, Es(h);
2) HAH-distance dyap(S,7T), measuring domain shift as
the discrepancy between the disagreement of two hypotheses
h,h’ € HAH; and 3) the error A of the ideal joint hypothesis
h* on both source and target domains. Fig. 7(a) and (b)
visualizes the values of HAH-distance (measuring domain
shift as the discrepancy between the disagreement of two
hypotheses h,h’ € HAH) and A (the ideal joint hypothesis
h* on both source and target domains), and demonstrate that
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Fig. 7. Visualization of (a) HAH-distance, (b) A, and (c) convergence speed in Office-31.

TABLE XII

OVERALL ACCURACY (%) ON DIFFERENT SEMI-SUPERVISED
CONTRASTIVE LEARNING FOR OFFICE-31, OFFICE-HOME,
AND DOMAINNET

Different A  Office-31  Office-Home  DomainNet
None A 81.7 69.2 29.6
A 84.2 65.4 32.7
Al 84.8 68.4 329
A4 84.2 69.2 32.1
A€ 85.3 70.6 334
TABLE XIII

OVERALL ACCURACY (%) ON DIFFERENT 3 FOR OFFICE-31,
OFFICE-HOME, AND DOMAINNET

Different 8 Office-31  Office-Home  DomainNet
0.05 82.0 65.3 30.0
0.1 84.2 67.8 31.8
0.5 85.5 69.5 322
1.0 85.3 70.6 334
2.0 83.1 68.2 30.2

EGCA leads to a lower HAH-distance as well as a lower A,
indicating a lower generalization error. Note that our EGCA
balances the classification ability and transferable pattern.
Furthermore, Fig. 7(c) indicates that EGCA can also accelerate
the convergence process with a higher accuracy.

E. Sensitive Analysis

There are much less hyperparameters that need to be
tuned. To show the sensitivity of domain distance matrix, we
list different semi-supervised contrastive learning settings in
Table XII. Notably, we keep the same experimental setting
based on L¢gr. None A denotes the naive contrastive learning
using (6). A denotes the semi-supervised contrastive learn-
ing using 7. A’ and A? denote only evidential weights and
only domain-distance weights, respectively. A¢ denotes the
evidential and domain-distance matrix. From Table XII, we
can observe that A¢ achieves the highest accuracy for these
three public datasets.

We also analyze the behavior of our proposed EGCA when
changing the tradeoff parameters (i.e., ), balancing three
different loss terms between Lcgp and Lgcr on Office-31,
Office-Home, and DomainNet in the SF-BTDA setting [as
presented in (10)]. Notably, we set suitable hyperparameters

in the validation dataset for DomainNet, while in the test
dataset for other DA datasets, just like other DA works. From
Table XIII, we select 8 as 1.0 in all our experiments.

VI. CONCLUSION

In this article, we are the first to propose a new DA setting
(i.e., SF-BTDA), which is a more practical and challenging
task where we cannot access to source-domain data while
facing mixed multiple target domains without any domain
labels in prior. To address this scenario, we propose EGCA and
conduct a new benchmark for SF-BTDA. EGCA effectively
addressing two major challenges in SF-BTDA: 1) facing a
mixture of multiple target domains, the model is assumed to
handle the coexistence of different label shifts in different
targets with no prior information and 2) as we are only
accessed to the source model, precisely alleviating the negative
effect from noisy target pseudo-labels is difficult because of
the significantly enriched styles and textures. We conduct
extensive experiments on three DA benchmarks, and empirical
results show that EGCA outperforms state-of-the-art SF-STDA
methods with considerable gains and achieves comparable
results compared with those that have domain labels or source
data.
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