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Abstract—In this paper, we firstly tackle a more realistic
Domain Adaptation (DA) setting: Source-Free Blending-Target
Domain Adaptation (SF-BTDA), where we can not 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 co-existence of different
label shifts in different targets, along with noisy target pseudo
labels generated from the source model. In this paper, we
propose a new method called Evidential Graph Contrastive
Alignment (EGCA) to decouple the blending target domain
and alleviate the effect from noisy target pseudo labels. First,
to improve the quality of pseudo target labels, we propose a
Calibrated Evidential Learning 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 a same class in the blended
target domains, which alleviates the co-existence 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 have domain labels or source data in prior.

Index Terms—source-free domain adaptation, blending target,
evidential learning, contrastive learning

I. INTRODUCTION

Despite the great success of deep learning in various fields
[1], it remains a challenge to achieve a generalized deep
learning model that can perform well on unseen data, espe-
cially 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 distribution, dimension, context, etc. Domain adaptation
(DA) offers significant benefits in this scenario by adapting
the pre-trained models towards new domains with different
distributions and properties from the original domain. More-
over, 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 DA tasks [2],
[3], there are two main types of DA: Single-Target DA (STDA)
(see Figure 1(a)) and Multi-Target DA (MTDA) (see Figure
1(c)). While most existing DA works focus on STDA [4]-[6],
MTDA is a more challenging task that simultaneously transfer
one source domain to multiple target domains. For example,
MTDA-ITA [7] aims to find a shared latent space common
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Fig. 1. Different DA settings. (a) Single Target Domain Adaptation (STDA).
(b) Source-Free STDA (SF-STDA). (c) Multiple Target Domain Adaptation
(MTDA). (d) Source-Free MTDA (SF-MTDA). (e) Blending-Target Domain
Adaptation (BTDA). (f) Source-Free BTDA (SF-BTDA), a new DA setting
proposed in this paper, with only access to source trained model.

to all domains to allow adaptation from a single source to
multiple target domains. However, all aforementioned works
have domain labels, which provides an important reference
for deep learning models. Real-world tasks are much more
complex. For instance, in object recognition for autonomous
driving technology, various changes may introduce new do-
mains into the task, such as sensor device, street view, weather,
lighting, time and so on. 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.
To our knowledge, there are only some works focusing on
this mixed multi-target DA without domain labels, which is
crucial for real-world applications [8]-[11]. Therefore, this
paper makes efforts on the more practical and challenging
Blending-Target Domain Adaptation (BTDA) scenario (see
Figure 1(e)).

On the other hand, there is an another crucial issue in real-
world applications for DA, that is whether the source data
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Fig. 2. The framework for our proposed Evidential Graph Contrastive Alignment (EGCA). (a) Source Data Training: We train the model through single
source domain and we are not 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. (c) Calibrated Evidential Learning (CEL): We propose a calibrated evidential learning module
to iteratively improve both the accuracy and certainty of the resulting model and adaptively generate high-quality pseudo target label (addressing Challenge
1). (d) Graph Contrastive Learning (GCL): We design a graph contrastive learning with the domain distance matrix and confidence-uncertainty criterion, to
minimize the distribution gap of samples of a same class in the blended target domains, which alleviates the co-existence of different label shifts in blended

targets (addressing Challenge 2).

is available. Owing to increasing privacy concerns (such as
medical images, mobile applications, surveillance videos, etc.),
source-domain data can not be always accessed. Recently,
Source-Free Domain Adaptation (SFDA) is introduced to
transfer knowledge from a prior source domain to a new target
domain without accessing the source data. As shown in Figure
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 SF-STDA setting (see Figure
1(b)) [12], [13], while only [14] have discussed and designed
new approach for SF-MTDA (see Figure 1(d)).

Different from other DA scenarios, we propose a new DA
setting named Source-Free Blending-Target Domain Adapta-
tion (SF-BTDA), where we have to transfer the knowledge
from a single source to blending-target domain without domain
labels nor the access of labeled source data (see Figure 1(f)).
There are two major challenges in SF-BTDA: Challenge 1I:
facing a mixture of multiple target domains, the model is
assumed to handle the co-existence of different label shifts
in different targets with no prior information; 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. Due to these two
challenges, existing DA methods that count on utilizing distri-
bution shifts between two specific domains become infeasible.

In this paper, we first present SF-BTDA setting and propose
Evidential Graph Contrastive Alignment (EGCA) to better

tackle the aforementioned two challenges in SF-BTDA sce-
narios. The contributions of this work are as following:

e We propose a novel DA task named SF-BTDA, where
we have to transfer the knowledge from a single source
to blending-target domain without domain labels nor the
access of labeled source data.

o We propose Calibrated Evidential Learning to iteratively
improve both the accuracy and certainty of the resulting
model and adaptively select high-quality pseudo target
labels according to the balanced accuracy and certainty.

e We design Graph Contrastive Learning with the domain
distance matrix and confidence-uncertainty criterion, to
minimize the distribution gap of samples of a same class
in the blended-target domain.

The second contribution mainly address the 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
co-existence of different label shifts in blended targets.

II. METHODOLOGY
A. Problem Setting and Notations
In contrast to MTDA, BTDA]C is established on a mixture
of target domains Dy = {Di }j:1 = {(x!)};L,, where k is
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the number of target domains and ny = Z?Zl ni denotes the
total quantity of images in the target domain. Unlike MTDA
scenario, the proportlons of different target domains in the
mixed datasets {wj} are unknown. In SF-BTDA setting,
we consider labeled source domain data with ng, the samples
as D, = {(x5,y$)};=,, in which the y; is the corresponding
label of x7, is only available during model pretraining. Our
approach is based on any backbone, which we split into three
parts: a shallow feature extractor F;, a deep feature extractor
Fo and a classifier G. 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 blendlng target domain Dy rather than k target domains
(v}
from k] distributions, adaptation for the whole blending-target
domain directly may lead to severe category misalignment.

. Because of the discrepancy among sub-subjects

B. Domain Distance Calculation

As introduced in Sec. I, SF-BTDA issue faces a mixture of
multiple target domains, the model is assumed to handle the
co-existence of different label shifts in different targets with no
prior information (Challenge I). Therefore, some samples in
the same class may appear different styles and textures because
of co-existence multiple targets with significantly enriched
styles and textures. Under this consideration, we calculate the
domain distance to better guide the contrastive learning (see
Sec. 1I-D) to pull the samples in the same class that may
appear different styles and textures. As we are not access to
the specific domain label for the blending-target domain, we
separate the target domains into & domains and assign pseudo
domain labels for them using an unsupervised way (i.e., k-
means). Notably, we adopt the extracted shallow features
from DNNs (F; (x')) with the dimension of 56x56x256 and
simply concatenate them with original image textures (x') to
achieve pseudo domain assignment for better satisfying the
specific image style as well as the universal feature style.

We calculate the domain distance D;; between two samples
x} and x through Eq. (1), in which C; and C; are the
corresponding centroids for x| and x}. The centroid for an
target image (z!) denotes it belongs to the pseudo domain
label. The Max Distance denotes we normalize the domain
distance among different target domain centroids. If x! and X§-
are from the same domain, the domain distance will be 1.0.
Here, we utilize the distance of domain centroids to represent
the samples from different target domains for simplicity. We
update the domain distance after each training epoch.

1Ci — G4l
Max Distance

C. Calibrated Evidential Learning (CEL)

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, directly adopting pseudo

D=1+ (1)

labels for the target domain may ruin and mislead the model
training. To alleviate the negative effect from noisy target
labels, we propose calibrated evidential learning to iteratively
improve both the accuracy and certainty of the resulting model,
and adaptively select high-quality pseudo target labels.

Evidential Deep Learning (EDL) [15] offers a principled
way to formulate the uncertainty estimation, which overcomes
the shortcoming of softmax-based DNNs. Assuming that the
class probability follows a prior Dirichlet distribution [16],
we can acquire the predictive uncertainty u for each sample:
U = M/S in which M 1is the number of classes, and
S = Zm 1 0y 1s the total evidence. a,, is the non-negative
network prediction output and can be expressed o, = €,,+1,
where e(i) = g(F2(F1(x(7)))) and g is the evidence function.

Although the evidential uncertainty from EDL can be di-
rectly learned in the target domain samples, the uncertainty
may not be well calibrated to address our target pseudo label
learning in SF-BTDA scenario. According to existing model
calibration literature [17], 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 propose
to calibrate the EDL model by considering the relationship
between the accuracy and uncertainty for the blending-target
domain under source-free setting.

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

LceL = — N Z cilog(1 — u;)
X €D§f~

—(1=X) Y (1—c)log(u;)

X EDE,Q

2

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

Different from other high-quality selection schemes in
SFDA setting, we utilize the evidential uncertainty and predic-
tion confidence to measure the label reliability simultaneously.
That is, the high-quality target pseudo labels both satisfy that
¢; > n. and u; < 1n,, where n. and 7, are two selection
thresholds that can be adaptively estimated in each mini-batch.
To this end, we do not need to set fixed hyper-parameters for
Ne and 7,,.

||
s}

%

1 1 X

o= 5 2 nufE;ui (3)
The first term of Lcgr in Eq. (2) tries to give low uncer-

tainty (u; — 0) when the model makes accurate prediction

(x; € D¥,c; — 1) for the selected high-quality target samples,

while the second term of Lcgp aims to give high uncertainty

(u; — 1) when the model makes inaccurate prediction

1
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(x; € D, ¢; — 0) for the low-quality target samples. Notably,
~¢ is the annealing factor that will be exponentially increasing
from 7, to 1.0 during training.

To this end, through our proposed calibrated evidential
learning, 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 Sec. I. This strategy
helps us to better achieve the knowledge transfer from the
source model to the blending-target domain.

D. Graph Contrastive Learning (GCL)

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 Sec. II-C.
Furthermore, according to the description of Challenge 1,
some samples in the same class may appear different styles
and textures because of co-existence multiple targets with
significantly enriched styles and textures. To this end, we
design the domain distance calculated from Sec. II-B in graph
contrastive learning to pay more attention for abovementioned
samples, which could solve the conflict between contrastive
learning and the classification task.

Since Sec. II-C has generated high-quality labels for target
domain, we could fully explore their advantages in contrastive
learning. Notably, our contrastive alignment module aims to
learn representations guided by a pseudo-label graph. 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=i,
1 if z; and z; are from same category, @
Qs =
Y and x; € Dy’ and x; € DT,

0 otherwise

Notably x; € D3’ and x; € D3’ denotes that x; and
x; are selected from the high-quality target domain samples.
Although high-quality pseudo label-based supervised con-
trastive learning is theoretically functional, directly using these
pseudo labels may be problematic because they might be noisy
labels, too. To alliviate this problem, we adopt the confidence-
uncertainty evaluation produced from Sec. II-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:

ae _ aij * Iij * Dij lf Z 7é j:, (5)
a;;  otherwise

in which I;; = ¢ *¢; * (1 — w;) * (1 — u;) denotes

that samples with high confidence and low uncertainty will

have higher weights in our evidential contrastive alignment

module. D;; can be calculated from Eq. (1), which could
make our contrastive learning module to pay more attention on
the samples of a same class that belonged to different target
domains (addressing Challenge I). To this end, the loss of
LgcL can be formulated as:

exp(z; - 2j(3)/T)

1
Lot = =2 1 p 1oy

ppes 4€Q() exp(z; - 2¢/T)
- D log ag; - exp(z; - 2p/7) ©
pEP(i) ZqEQ(i) exp(zi - 2¢/T)

in which P(i) denotes 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 [27]. As our setting is SF-BTDA,
it is noteworthy that our graph contrastive learning module
conducts on the blending target owing to its difficulties from
classification confusions because of co-existence of different
label shifts (addressing Challenge 1).

E. Overall Objective

The model is jointly optimized with two loss terms, includ-
ing CEL loss LCEL and GCL loss LGC]_Z

L = Lcgr + BLgeL )

where ( is a trade-off parameter balancing two different
loss terms between Lcgr, and Lgcr.

III. EXPERIMENTS
A. Datasets

We conduct experiments on three standard domain adapta-
tion benchmarks. Office-31 [28] consists of 4,652 images from
three domains: DSLR (D), Amazon (A), and Webcam (W).
OfficeHome [29] is a more challenging dataset, which consists
of 15,500 images in total from 65 categories of everyday
objects. There are four significantly different domain: Artistic
images (Ar), Clip-Art images (Cl), Product images (Pr), and
Real-World images (Rw). DomainNet [30] is the most chal-
lenging and very large scale DA benchmark, which has six
different domains: Clipart (Cli), Infograph (Inf), Painting (Pai),
Quickdraw (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.

B. Training Details

Our methods were implemented based on the PyTorch. We
adopt ResNet-50 [18] for Office-31 and OfficeHome, and
ResNet-101 for DomainNet, both of which pretrained on the
ImageNet dataset. Whatever module trained from scratch, its
learning rate was set to be 10 times that of the lower layers.
We adopt mini-batch stochastic gradient descent (SGD) with
momentum of 0.95 using the learning rate and progressive
training strategies. We set 3 in Eq (7) as 1.0.

State-of-the-art. ResNet [18] is the baseline backbone with-
out any domain adaptation tricks. We list some methods that
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TABLE I
OVERALL ACCURACY (%) ON OFFICE-31 AND OFFICEHOME FOR 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 OfficeHome
Targets Labels Data A D W Avg Ar Cl Pr Rw  Avg
ResNet-50 [18] X X X 763 687 67.0 70.7 | 625 612 551 61.8 60.1
DAN [19] X X v 795 803 812 803 | 584 581 529 62.1 579
DANN [4] X X v 782 722 698 734 | 584 581 529 621 579
CDAN [20] X X v 93.6 805 813 851 | 595 61.0 547 629 595
MTDA-ITA [7] v v v 879 837 84.0 852 | 646 664 592 67.1 643
DCL [21] v v v 926 825 847 86.6 | 630 63.0 600 670 633
DCGCT [10] v v v 934 860 87.1 888 | 70.5 716 66.0 712 69.8
AMEAN [8] v X v 90.1 770 734 802 | 643 655 595 667 64.0
CGCT [10] v X v 939 851 856 882 | 674 681 616 687 66.5
DML [22] v X v 949 853 862 888 | 67.0 706 629 690 674
MCDA [23] v X v 924 87.7 888 8.6 | 71.7 728 680 71.7 71.1
G-SFDA [12] X X X 906 789 774 823 | 703 749 66.8 70.0 70.5
GPUE [24] X X X 788 724 60.7 70.6 | 505 455 464 529 488
SHOT++ [13] X X X 933 796 784 838 | 706 742 662 68.6 69.9
ConMix [14] v v X 924 81.8 804 849 | 756 814 714 734 754
EGCA (ours) v X X 935 844 813 864 | 765 822 722 73.6 76.1

TABLE II

OVERALL ACCURACY (%) ON DOMAINNET FOR 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.

Method N;‘;'rt;g:: 'i‘;‘;‘:l‘s“ S]‘;‘;‘tr;e Cli Inf Pai Qui Rea Ske Avg
ResNe 101 [18] X X X 256 168 58 92 206 223 201
SE 5] X X 7 213 85 145 138 160 197 156
MCD [25] x x v | 251 191 270 104 202 225 207
CDAN [20] x x v | 316 271 318 125 332 358 287
MCC [26] x x v | 336 300 324 135 280 353 288
DCL [21] 7 7 7 351 314 370 205 354 4l0 334
DCGCT [10] v v v | 370 322 373 193 398 408 344
DADA [9] 7 X 71264 200 265 129 207 28 216
CGCT [10] v x v | 361 333 350 100 396 397 323
DML [22] v x v | 320 254 294 127 315 364 279
MCDA [23] v X v | 375 3713 366 178 361 414 345
G-SFDA [12] X X X 382 267 327 117 187 320 260
GPUE [24] x x x| 234 227 314 165 169 248 226
SHOT++ [13] x x x| 329 288 321 139 179 349 267
ConMix [14] 7 7 X (418 92 300 175 327 42 337
EGCA (ours) 7 X X [ 422 326 403 180 355 418 346

proposed for STDA scenario, such as DAN [19], DANN [4],
RTN [31], SE [5], MCD [25], CDAN [20] and MCC [26]. We
also compare our method with existing three MTDA methods
(i.e., MTDA-ITA [7], DCL [21], DCGCT [10]) and five BTDA
methods (i.e., AMEAN [8], DADA [9], CGCT [10], DML
[22] and MCDA [23]). Furthermore, we compare three source-
free DA methods, including G-SFDA [12], GPUE [24] and
SHOT++ [13]. However, these SFDA methods mainly focus
on SF-STDA settings. Finally, we compare our performance
with CoNMix [14], which is the only one that concentrates on
SE-MTDA scenarios with domain labels in prior while without
the access to the labels of source data.

C. Results

The bold numbers in Table I and II denote the highest ac-
curacy without source data. The underline numbers denote the
highest accuracy without domain labels. According to Table
I and II, our EGCA overpasses these comparison methods
without domain labels nor source data on all transfer tasks.

Notably, MCDA and CGCT must use source data in prior.
However, our EGCA does not use the source data nor domain
labels. Therefore, it is surprising that EGCA outperforms
these methods for Office-Home and DomainNet. In addition,
EGCA neither has source data nor domain labels, but it even
outperforms ConMix that adopts domain labels during training
on all datasets. Therefore, EGCA outperforms other methods
with considerable gains compared with those that have domain
labels or source data in prior.

IV. DISCUSSION

A. Ablation studies

As listed in Fig. 3, Lcon achieves 2.5% and 3.8% improve-
ment for Office-31 and OfficeHome, respectively. In addition,
LgcL further increase 1.1% and 1.4% for average accuracy.
In addition, Table III lists ablation results for different high-
quality selection schemes. Therefore, we both utilize the
evidential uncertainty and prediction confidence to measure
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TABLE III
ACCURACY ON DIFFERENT SAMPLE SELECTION SCHEMES.
Method Office-31  Office-Home  DomainNet
only 7y 85.9 74.3 32.8
only ne 85.6 75.5 32.2
both 7, and 7¢ 86.4 76.1 34.6
Office-31 Office-Home

Accuracy (%)

+LerL meNex—S“ +Lep +Lcon

e ALen

et50
ResNe! L eon

+Leon <
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Fig. 3. Overall Accuracy on Office-31 and OfficeHome for ablation studies.

the label reliability simultaneously (see more details in Sec.
II-C).

B. Do We Need Domain Label or Source Data?

According to Table I, source data is a crucial impact on
Office-31, while domain label is not the necessary information
during adaption. On the other hand, our proposed EGCA
achieves highest accuracy compared with those methods with
source data or domain label on Office-Home. As for Do-
mainNet, source data and domain label are not the necessary
conditions. In conclusion, we may not need domain label
nor source data in SF-BTDA scenarios.

V. CONCLUSIONS

In this paper, we are the first to propose a new DA settings
(i.e., SF-BTDA), which is a more practical and challenging
task where we can not access to source domain data while
facing mixed multiple target domains without any domain
labels in prior. Towards to address this scenario, we propose
Evidential Graph Contrastive Alignment (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
co-existence 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 en-
riched 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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