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Abstract—Self-training is widely used in unsupervised domain
adaptation (UDA) by assigning pseudo labels to unlabeled sam-
ples. However, existing self-training strategies bring bias, while
potentially inaccurate pseudo labels may accumulate errors dur-
ing self-training (self-training shift) and the inability to accurately
distinguish features may bring prediction bias (class shift). To
address these issues, we propose Shift-Driven Learning (SDL).
First, we decouple the generation and utilization of pseudo labels
to mitigate the direct error accumulation. Second, we measure
the maximum training shift of data, where the classifier achieves
high accuracy on labeled data while making as many mistakes
as possible on unlabeled data. Then we adversarially optimize
the feature representations generation to indirectly decrease the
self-training shift. Third, we minimize the class shift by data
rearrangement strategy and joint contrastive learning, which
find class-level discriminative feature representations. Extensive
experiments justify that SDL outperforms SOTA methods on
three UDA datasets with considerable gains.

Index Terms—Unsupervised Domain Adaptation, Self-training,
Contrastive Learning

I. INTRODUCTION

The field of deep learning has seen considerable growth in
various fields. In order to train state-of-the-art (SOTA) neural
networks, large-scale well-annotated datasets are necessary.
However, the collection and annotation progress can be labor-
exhaustive and time-consuming. Therefore, it would be bene-
ficial to use simulated or existing datasets, which are easier to
annotate. However, a network trained on such a source dateset
performs worse while applied to actual target dataset, as the
data is not independent and identically distributed. To address
this problem, unsupervised domain adaptation (UDA) methods
[1]-[5], which adapt the network from labeled source domain
to unlabeled target domain, are deeply explored.

UDA methods either reduce domain discrepancy via high-
order moment matching [6] or adversarial training [7], or
they employ round-based self-training using pseudo labels
generated from model predictions on unlabeled data. Although
self-training methods have achieved promising performance in
UDA, the shifts in the iterative training process have not been
well addressed. As shown in Fig. 1, the shifts come from two
aspects: self-training shift and class shift. Self-training shift
occurs when a model that generates pseudo labels is trained
with the pseudo labels themselves. Thus the error learned from
pseudo labels in the previous training round accumulates in
following rounds, where the classification head learns accu-
mulated bias. As shown in the top-right of Fig. 1, class shift
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Fig. 1. The shifts derived from two aspects: (a) self-training shift. (b) class
shift. The pseudo label in black is correct while the pseudo label in red
is wrong. The self-training shift is referred as the errors accumulated when
generating and utilizing inaccurate pseudo labels in the iterative training
process on the target data. The class shift means that the model fails to
guarantee the learning of class-wise discriminative features.

means that the model fails to distinguish class-wise discrim-
inative features, which brings prediction bias while training
the model. Recent domain adaptation (DA) methods primarily
employed first-order statistics of conditional distributions [8]
or pairwise loss [9] to address imbalanced class distributions.
However, these methods face two challenges. Firstly, although
they attempt to align the class-conditional distributions by
minimizing the distances between the source and target class
centers, this approach only achieves coarse alignment and
does not effectively generate discriminative features. Secondly,
pairwise loss or triplet loss fails to accurately estimate and
maximize the mutual information (MI) between the learned
representation and its corresponding label [10].

To address the above problems, we propose Shift-Driven
Learning (SDL). Specifically, to reduce the self-training shift,
we first decouple the generation and utilization of pseudo
labels. Then the classifier head is only trained with the
corrected-labeled samples to avoid negative impact from un-
reliable pseudo-labeled samples. Furthermore, we found that
the data distribution shift drives the pseudo-labeling function
to generate incorrect labels, which eventually leads to self-
training shift. Since the data distribution shift cannot be mea-
sured directly, we turn to estimate the maximum training shift
which is highly relevant with data distribution shift. Then we
optimize the feature representations to adversarially decrease
the maximum shift, thereby reducing the the data distribution
shift and self-training shift. To reduce the class shift, we
introduce a data rearrangement strategy, which combines the
data from source domain and target domain and jointly exploit
the mutual information between a feature and its label to
reduce the joint error. The contributions of our work can be
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summarized as:

1) We propose SDL to mitigate the self-training shift and
class shift in UDA. We innovatively mitigate the self-
training shift by decoupling the generation and utiliza-
tion of pseudo labels and adversarially optimizing the
feature representations.

2) By introducing a data rearrangement strategy, we maxi-
mize the MI between a feature and its label to enhance
the feature discriminability and reduce class shift.

3) We conduct extensive experiments on three common
domain adaptation benchmarks, indicating that SDL
outperforms SOTA methods with considerable gains.

Due to limit space, Related Work is included in supple-
mentary material.

II. SHIFT-DRIVEN LEARNING (SDL)

A. Problem Statement

This paper focuses on the classification task under the
setting of UDA. UDA constitutes a labeled source distribution
Ds = {(a5,y; )}:L ,and an unlabeled target domain distribu-
tion D = {:Et}z 1» where ¥ and «! denote the samples from
source domain and target domain, and y; denotes the true
labels. ng and n; denote the number of instances from the
source domain and the target domain respectively. A domain
is defined as a pair comprised of a distribution D in the input
space A" and its labeling function f : X — )/, where the output
space ) is constrained to be [0, 1] theoretically. We denote the
source domain and target domain as (Dg, fs) and (D, fr) ,
respectively. The goal of unsupervised domain adaptation is to
learn a function h : & — Y that provides good generalization
on the target domain.

B. Reduce self-training shift

1) Independent generation and utilization for pseudo la-
bels : The self-training shift of Pseudo Label [11] relies
on pseudo labels generated by the same model head. To
enhance label reliability, some methods incorporate teacher
models. As illustrated in Fig. 2(a) and (b), Noisy Student
uses a previously trained model [12], while Mean Teacher
employs an exponential moving average of the model for label
generation. Despite these strategies, both teacher and student
models remain closely tied, causing students to learn from
inaccurate pseudo labels. As shown in Fig. 2(c), PLC [13]
utilizes separate models for label generation and usage, but
error accumulation from inaccurate labels remains.

To further mitigate the adverse effects of inaccurate pseudo
labels, we optimize the classification head solely using the
correct labels from the source domain Dg, without utilizing
any pseudo labels from the target domain Dr. Moreover,
to prevent overfitting of the model on the limited labeled
samples from the source domain, we incorporate an additional
head that utilizes pseudo labels from the target domain only
for learning better feature representations. As shown in Fig.
2(d), we introduce an independent head h;,qe connected to the
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Fig. 2. Comparison of different models on how to generate and use
pseudo labels. (a) Noisy Student generates pseudo labels from the teacher
model learned from previous round of training. (b) Mean Teacher generate
pseudo labels from the Exponential Moving Average of current model. (c)
Pseudo-Labeling Curriculum generates pseudo labels from clustering. (d)
Ours generates pseudo labels from head h. and utilizes pseudo labels on
independent head hiyge. p° and p’ denotes predictions from classification
(Cls) head on the source samples and target samples respectively; y* denotes
pseudo labels on the target samples;~denotes labels or predictions from teacher
model, while ~ denotes that from student model or single model. Ly and
Lc i denote Kullback-Leibler (KL) divergence loss and Cross-Entropy loss.

feature generator G utilizes pseudo labels independently on
the target domain. Therefore the objective is formulated as:

min  Lipg 5y (GF, he) + Aipy gy (GFy hinge ) (1)

GF,heshinge
Where £ denotes the standard cross-entropy loss function and
h. is the classification head. A is the trade-off between the
loss on source domain and that on the target domain. h,
generates pseudo labels and hjpqe utilizes them independently.
Although they are connected to the same feature extractor,
their parameters are independent. Therefore, the errors from
inaccurate pseudo labels will not affect or be accumulated on
he¢. hinge 18 to propagate gradients during training to the feature
generator. During inference, we only use h. to ensure that Ajpge
does not impact the inference process.

2) Reducing wrong labels by the worst head: Section II-B1
provides a resolution of self-training shift for pseudo-labeling.
However, data distribution shift also affects the pseudo-
labeling function f and then generates self-training shift. As
illustrated in Fig. ??(a), due to data distribution shift, samples
from different classes have different distances from the feature
decision hyperplane, leading to bias between the learned
hyperplane and the real decision hyperplane. Consequently, the
pseudo-labeling function f is prone to generating in accurate
pseudo labels on samples that are close to the biased learned
hyperplanes. Therefore, our objective is to optimize the spatial
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Fig. 3. The worst head explanation. (a) The learned hyperplanes exhibits a
shift from the true hyperplanes. (b) The worst hyperplanes are as accurate as
possible on the labeled source domain data, while making as many mistakes
as possible on the unlabeled target domain. (c) The feature representations
are optimized to improve the performance of the worst hyperplane.

distribution of feature representation to reduce data distribution
shift and then indirectly reduce self-training shift.

Since no labels are available in the target domain, we are
unable to directly reduce data distribution shift. As discussed
before, inaccurate pseudo labels can impact optimization
process, bringing biased learned hyperplane and self-training
shift. Consequently, self-training shift can be viewed as the
accumulation of data distribution shift with inappropriate
utilization of inaccurate pseudo labels, which is training algo-
rithm dependent. Therefore, the maximum self-training shift
can serve as a good indicator of data distribution shift. The
maximum self-training shift is from worst-case head learned
from pseudo-labeling function f, which predicts as accurately
as possible on labeled source domain data, while making as
many mistakes as possible on unlabeled target domain data.

hworst (GF) = )
arg II}LE}X‘C(DT,ft) (GF7 h/7 fGF,hc) - ‘C(’Ds,fs> (GFa h/) @

where the mistakes of the worst-case head h’ on unlabeled

data are measured by its divergence from the current pseudo
labeling function f. Eq. 2 is designed to identify the maximum
self-training shift for the classification head h. that could be
learned in future iterations when trained using pseudo labeling
on the current feature generator G and data. This scenario
corresponds to the worst hyperplanes, as shown in Fig. ??(b),
which deviate from the currently learned hyperplanes while
ensuring accurate classification of all labeled samples. Eq. 2
measures the degree of self-training shift, which depends on
the feature representations generated by Gr. Consequently,
we can adversarially optimize it to indirectly minimize the
self-training shift by optimizing the feature generator G .

HGlinﬁ(DTfﬁ (GF7 hworsl (GF)a fGF7hc) -
‘C(Ds,fs> (GFa hworsl (GF))

As shown in Fig. 3(c), Eq. (3) promotes accurate discrimina-
tion of features belonging to unlabeled samples, even with the
worst hyperplanes. Specifically, it encourages the generation of
features that are significantly distant from current hyperplanes,
thereby reducing data distribution shift and self-training shift.

3)

C. Reduce class shift

1) Data rearrangement strategy: To reduce the marginal
label distribution discrepancy and a small class shift [14],
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Fig. 4. An overview of SDL. We extract features from source domain,
target domain and combined domain. For joint contrastive learning, we adopt
Momentum Contrast [15], which uses an on-the-fly maintained queue and a
moving-averaged encoder to establish a substantial and consistent dictionary.
After the encoders, a worst head hAyorst is utilized for reducing self-training
shift indirectly, an independent head hjyq. is adopted for utilizing pseudo for
learning better feature representations, a fully connected head h. is utilized
for classification, while hg, hy is employed for contrastive loss.

we propose the reformation of datasets through a data re-
arrangement strategy, which equalizes the number of data
instances per class as illustrated in Fig. 4. We first need to
access the labels of the target data to determine whether two
samples in the combined domain have the same label. So we
generates pseudo labels for the target data by spherical K-
means clustering in the feature space Z and assign labels to
them. After clustering at each beginning of each epoch, each
target sample is assigned as its affiliated clusters. A target
sample, which is far away from its affiliated clustering center
than distance d, is excluded from the combined dataset.

2) Contrastive Learning: In the field of unsupervised learn-
ing, previous works [16], [17] have adopted discriminative
feature learning to reduce the class shift in various task.
These methods focus on minimizing a HA?H distance between
source domain and target domain in feature space Z, where
HAH [10] measures the dissimilarity between source and
target domains in feature space. However, as demonstrated in
[18], the ideal joint hypothesis error A in the theoretical basis
of domain adaptation [19] which was previously considered
to be minor, has been proved to be substantial as feature
transferability is optimized. As a result, the severe joint
hypothesis error leads to extreme class shift. Our objective is
to minimize the joint hypothesis error through jointly learning
discriminative feature representation and reduce class shift.

Inspired by the idea in [10], we aim to maximize the
mutual information between a feature and its label through
maximizing the Jensen-Shannon divergence Djs. According
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TABLE I
ACCURACY (%) ON VISDA-2017 DATASET FOR UNSUPERVISED DOMAIN
ADAPTATION (RESNET-101).

TABLE 11
ACCURACY (%) ON IMAGECLEF-DA FOR UNSUPERVISED DOMAIN
ADAPTATION (RESNET-50).

Method plane _beyel _bus _car o Kmife _meycl person plant__skibrd _train_truck _Avg Method TP Pl T>C Co1 cCoP P> C __ Average
ResNet-T0T [22] (CVPR'T6) | 5.1 533 G610 30.1 806 170 77 312 810 265 735 85 524 ResNet-50 [22] (CVPR'16) 748 £ 03 839 £01 915 £03 780E02 655 £03 912£03 807
DANN [23] (JMLR’16) 8L9 777 828 443 812 295 651 286 519 546 828 78 574 DANN [23] JMLR’16) 750 +£06 860+03 962+04 87.0+£05 743+05 915+06 850
NS TSN DA VPR 19) | 559 809 eb e s Wy we ma ol s By B WS MADA [29] (AAAT'18) 7504£03 879402 960+03 88803 752402 922403 858
BNM [25] (CVPR20) 06 615 169 550 893 691  S13 655 900 473 891 301 704 CAT [30] (ICCV'19) 772402 910+03 955+03 913+03 753+06 936+05 873
CGDM [26] (CVPR'21) 034 $27 732 684 920 945 887 821 934 825 868 492 823 CDAN [31] (CVPR21) 777403 907+02 97.7+03 913403 742402 943+03 877
SDAT [27] (ICML'22) 948 770 828 609 923 952 917 799 899 912 885 412 821 SDAT [27] (ICML'22) 780+ 03 925402 96002 907403 77002 938+02 880
MIC [28] (CVPR'24) 96.7 885 842 743 96.0 96.3 90.2 81.2 94.3 95.4 889 566 869 MIC [28] (CVPR™24) 78.1 £02 932+ 0.1 968 =02 91.7+0.1 77.3 = 0.4 94.7 + 0.1 88.6
SDL (Ours) 975 922 836 650 954 057 879 814 967 964 897 7LI 877 SDL (Ours) I L0 93507 075L03 93705 T65L07 983 L02 8935

to [10], let Dg be the combined domain of source domain and
target domain Dy over the representation space Z , and its
class-conditional distribution Dg‘ " where y is the class label.
We formalize our objective to maximize the JS divergence
Djg between different class-conditional distributions as:

max Dys (DF 0|1 DF ;) )

where 6¢, denotes the parameters of the feature generator
G . The value 0 and 1 are the class labels. Since the label
distribution is not uniform, we can reformulate a dataset to be
class-wise uniform. Consider Y as a uniform random variable,
which takes value in {0, 1}. Based on Y, the distribution
Dg ly is the mixture of Dg o and Dg - We denote the feature
random variable with the distribution D[Z]|Y as Zy|y. Conse-
quently, the relation between JS divergence Djg and mutual
information (MI) can be formulated as: Djg (D5|0”D5|1) =

I(Y; Zyy ), where I denotes mutual information between the
label distribution and feature distribution. Thus the objective
can be transformed as:

I%?XI (Y;ZU|y) @)

In application, we maximize the mutual information between
feature and its label indirectly. We adopt a strategy where
features extracted from the same conditional distribution are
paired together, and we adopt InfoNCE loss [16] to maximize
the mutual information between them:

I(X;Y) >

K
1 ec(@i,yi) (6)
E|=Y log——p———| £ Incu(X;Y)
K i=1 % Zj:l ec(zi-v5)
where [E denotes the expectation of K samples from the
joint distribution [20]. c¢(z,y) denotes the critic function
that predicts whether x and y originate from the same
jointly drawn pair by setting a high threshold [21]. Con-
sider a given variable Y. Let Z((jl‘)y and Z((le)y repre-
sent two distinct features sampled from the same con-
ditional distribution D, . Then, I(Z1}:2) <

Uly’
1(v: 25, 25

Uy Uly)holds due to data processing inequality

[10] Consequently, maxg I (Zl(Jll)Y; Zl(]2|)y) serves as a lower

bound for objective maxy,, . I (Y; Zy)y) which will be opti-
mized the following InfoNCE loss Liufo.
D. Optimization

The overview of our framework is illustrated in Fig. 4.
We adopt Momentum Contrast [15] for our joint contrastive

learning structure. It consists of an encoder g, with parameter
6, and a momentum-updated encoder g, with parameter 6y,
and both of them are to transfer features from space X' — Z.
The parameter ¢;, are updated by 6 < mby + (1 — m)6,,
where m € [0,1) is momentum coefficient. Test results [17]
suggest that it is advantageous to define the InfoNCE loss in
the projected space W rather than Z. Thus, to map the encoded
feature representations to a space VW where the InfoNCE
loss is applied, we use two fully connected layer projection
head h, and h;, for projection: Z — V. Note that h, and
hy, are defined in a similar manner to encoder g, and gy,
respectively. For Eq.6, the feature pairs consist of an encoded
query wy = hg (94(x)) and a encoded key wy, = hy, (gx(2)).
We use cosine similarity function sim(u,v) = u " v/||ul|||v]|
as the critic function c . 7 are the temperature hyper-parameter
[33]. Then the InfoNCE loss is formulated as:

»Cinfo - ]EWQNDEV
exp (sim (wg, wy) /7) (7

Zwk EN;‘,U{w;:} exXp (Slm (w(I’ ’LUk) /T)

Ew: —log

where w, and w,j are the features that have the same label,
and IVj, denotes a set of features whose labels is different from
wy. For the classification head h., we simply adopt another
fully connected layer. To minimize the classification loss on
the source domain, we employ the cross-entropy loss:

Lo =E(geyoyos [f log e (g (Gp(xs)))ys} )

For both the independent head hi,g and worst-case head
hworst » the loss for self-training shift can be fomulated as:

Linde = E(zt yt)~Dr [— 10g hinde (94 (GF(xt)))yt:| )

where the pseudo labels generated by h. from target domain
are regarded as true labels, as described in Sectionll-B1. And
the loss for worst-case head hAyorse 1S:

Lworst = ]E(zs,ys)NDs [7 log hworst (gq (GF (ms)))ys}

—Et ytynpr [_ 10g Aorst (gq (GF(xt)))y’}

where the predictions generated by h. from source domain
are regarded as true labels for E(_, )~py, and pseudo labels
generated by h. from target domain are regarded as true labels

(10)

for ]E(wtyyt)NDT'

1) Overall loss: The final objective of the Shift-Driven
Learning is to reduce self-training shift and class shift. Com-
bining the Ls, Linfo, Linde and Lorst With hyper-parameter «,
~ and 3, the overall objective is then formulated as follows:

min max Es + (X;Cinfo + ’YLinde + Bﬁworst (1 1)

0,GF hc,hinde Pworst
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TABLE III
ACCURACY (%) ON OFFICE-HOME DATASET FOR UNSUPERVISED DOMAIN ADAPTATION (RESNET-50).

Method Ar—Cl Ar—Pr Ar—Rw Cl—-Ar Cl—Pr Cl—-Rw Pr—Ar Pr—Cl Pr—Rw Rw—Ar Rw—Cl Rw—Pr Avg
ResNet-50 [22] (CVPR’16) 349 50.0 58.0 374 419 46.2 38.5 31.2 60.4 53.9 41.2 59.9 46.1
JAN [6] (ICML’17) 459 61.2 68.9 50.4 59.7 61.0 45.8 434 70.3 63.9 524 76.8 58.3
DSR [32] (ICAT’'19) 53.4 71.6 77.4 57.1 66.8 69.3 56.7 49.2 75.7 68.0 54.0 79.5 64.9
CDAN [31] (CVPR’21) 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
SDAT [27] (ICML’22) 55.5 724 78.0 61.9 71.1 72.1 61.9 55.3 80.9 75.1 61.9 83.7 69.1
MIC [28] (CVPR’24) 51.3 73.8 76.5 61.0 69.4 74.2 68.0 53.9 82.3 74.2 61.4 84.7 69.2
SDL (Ours) 55.4 76.4 80.0 65.6 73.9 75.9 65.1 52.5 80.7 69.2 57.4 84.1 69.7
TABLE IV 83 Ar — Rw 7 Rw — Ar
ABLATION STUDY ON OFFICEHOME, VISDA-2017 AND a — ¢
IMAGECLEF-DA (P—C) WITH DIFFERENT LOSS FUNCTIONS. e o E = o IYi
Linfo  Linde Lworst | OfficeHome (Pr—Cl)  Visda-2017  ImageCLEF-DA (P—C) % %’.
309 689 966 Bl > | £® —
v 50.3 86.9 98.2 379 3 -
v 40.7 40.0 96.8
v 40.0 67.9 95.8
v v 51.2 75.0 96.0 77 67
v v 51.1 86.4 97.5 0.1 0.5 1.0 2.0 0.1 0.5 1.0 2.0
v v 40.8 76.8 97.7 K i
v v v 52.5 87.7 98.5 ® ()
Fig. 5. The accuracy sensitivity of SDL to «, 7, 5 on OfficecHome for
III. EXPERIMENTS adaptation scenario: Ar—Rw (a) and Rw—Ar (b).
A. Setup

Implementation Details. We use VisDA-2017, Office-
Home, and Image-CLEF datasets for evaluation. We use
mini-batch SGD with momentum of 0.9 and the learning rate
np is adjusted as 1, = no(1 + ap) P, where p denotes the
training progress ranging from O to 1. The initial learning rate
no 1s set to 0.001 for the pre-trained layers and 0.01 for the
added FC layers. The values of o and 8 remain fixed at 10
and 0.75, respectively. Due to limit space, more details are in
supplementary material.

B. Results

Results on VisDa-2017 are shown in Table I. SDL out-
performs the other methods even if there is large domain
gap between the synthetic and real images. In general, our
method performs best in : plane, bicycle, plant, skateboard,
train and truck. In the more challenging categories such as
bicycle, skateboard, and truck, our proposed method exhibits
superior performance compared to existing methods, achieving
accuracy rates of 92.2%, 96.4%, and 71.1%, respectively. In
particular, SDL boosts the accuracy of the truck class by a
significant margin (14.5%) comparing to MIC. These results
can be attributed to the maximization of MI between the
feature distribution and label distribution, which is achieved
by minimizing the InfoNCE loss.

Results on ImageCLEF-DA are shown in Table II. SDL
outperforms all the SOTA approaches and achieves the highest
accuracy (89.5%). In particular, our proposed method boosts
the accuracy of the transfer task P — C by a considerable mar-
gin (3.6%) compared to MIC, this is because MIC accumulates
error during training by directly generating and utilizing the
pseudo labels while SDL does not. Furthermore, the methods
incorporating conditional distribution considerations achieve
higher accuracies compared to those focusing on matching
marginal distributions. The results suggests the significance of
jointly learning discriminative features to minimize class shift.

Results on Office-Home are shown in Table III. SDL
demonstrates superior performance compared to all SOTA

g

(b) SDAT

(a) ResNet-101

(;)MI; » (;14) SDGI;

Fig. 6. The t-SNE visualization of ResNet-101, SDAT, MIC and SDL.
methods with the highest accuracy 69.7%. In particular, SDL
outperforms MIC on transfer task on Cl — Ar and Cl — Pr by
huge margins, validating the effectiveness of SDL to reduce
self-training shift and class shift. Generally, SDL achieves the
highest accuracy across 6 adaptation tasks, which demonstrates
the exceptional generalization capability.

C. Analysis

Ablation study. We examine SDL on OfficeHome
(Pr—Cl), Visda-2017 and ImageCLEF-DA (P—C) in Table
IV and have the following findings: (1) The loss L., improves
the performance by large margins on OfficeHome and Visda-
2017 dataset. This is attributed to the combined effect of the
data rearrangement strategy and contrastive learning, which
is highly effective in achieving our objective to enhance
feature discriminability. But L;,¢, demonstrates only marginal
improvement on ImageCLEF-DA (P—C) dataset. This may
be attributed to the disparate distributions of the two datasets,
wherein marginal distributions by data rearrangement strategy
inconsistently affect contrastive learning. (2) The accuracy
with independent head hj,ge and worst head Ay is higher
compared to the scenarios where they are not adopted. This
can be attributed to the reduction of self-training shift. (3) The
joint optimization of these losses enables the model to achieve
superior performance in adapting to the target domain.
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Sensitive Analysis. We investigate the sensitivity of SDL to
the weight hyper-parameter «, vy, 8 ranging from 0.1 to 2.0 on
OfficeHome for adaptation scenario: Ar—Rw and Rw—Ar,
and the results are shown in Fig. 5. We could observe that
SDL is not sensitive to the change in the value of «, y and S.

Feature Visualization. We visualize the t-SNE [34] em-
beddings of learned target representations of VisDa-2017
dataset by ResNet101, SDAT, MIC and SDL in Fig. 6. It is
evident that though marginal distributions of source and target
domains are aligned, the features are not well discriminated
by SDAT and MIC. On the opposite, the target features are
well discriminated by SDL, which can be attributed to two
aspects: (1) The way that reduces self-training shift makes
the pseudo labels more reliable, thus providing more accurate
labeled target data and eventually enhancing the model’s
discriminating ability; (2) The data rearrangement strategy and
the objective to maximize the JS divergence between differ-
ent class-conditional distributions are achieved in enhancing
feature discriminability.

Applicability of the data rearrangement strategy.The
data rearrangement strategy aims to construct uniform label
distributions. It generates pseudo labels by spherical K-means
clustering for target domain samples and uniformly combines
domains with source data and target data. Thus, the data
rearrangement strategy is regardless of the network, and it is
applicable to other methods.

IV. CONCLUSION

We introduce Shift-Driven learning (SDL), a novel approach
to minimize both self-training shift and class shift. For self-
training shift, we decouple the generation and utilization of
pseudo labels and reduce the self-training shift adversarially to
optimize the feature representations. For class-shift, we intro-
duce a data rearrangement strategy to equalize the number of
data instances per class and jointly learn more discriminative
features by contrastive learning. Experiments demonstrate the
superiority of SDL compared with the strong baselines.
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