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Abstract

Unsupervised domain adaptation (UDA) methods for
learning domain invariant representations have achieved
remarkable progress. However, most of the studies were
based on direct adaptation from the source domain to the
target domain and have suffered from large domain dis-
crepancies. In this paper, we propose a UDA method
that effectively handles such large domain discrepancies.
We introduce a fixed ratio-based mixup to augment mul-
tiple intermediate domains between the source and tar-
get domain. From the augmented-domains, we train the
source-dominant model and the target-dominant model that
have complementary characteristics. Using our confidence-
based learning methodologies, e.g., bidirectional matching
with high-confidence predictions and self-penalization us-
ing low-confidence predictions, the models can learn from
each other or from its own results. Through our proposed
methods, the models gradually transfer domain knowledge
from the source to the target domain. EXxtensive experi-
ments demonstrate the superiority of our proposed method
on three public benchmarks: Office-31, Office-Home, and
VisDA-2017. !

1. Introduction

Recently, we have seen considerable improvements in
several computer vision applications using deep learning;
however, this success has been limited to supervised learn-
ing methods with abundant labeled data. Collecting and la-
beling data from various domains is an expensive and time-
consuming task. To address this problem, semi-supervised
learning [45, 3, 34] and unsupervised learning [9] have been
studied; however, in most cases, it was assumed that learn-
ing of the model occurred in a similar domain.

UDA refers to a set of transfer learning methods for
transferring knowledge learned from the source domain to
the target domain under the assumption of domain discrep-
ancy. Moreover, it is useful when the source domain con-

'Our code is available at https:/github.com/NaJaeMin92/FixBi.
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Figure 1. Comparison of previous domain adaptation meth-
ods and our proposed method. Top: Previous methods try
to adapt directly without any consideration of large domain
discrepancies. Bottom: Our proposed method utilize aug-
mented domains between the source and target domain for
efficient domain adaptation.

tains enough labeled data to learn, but not much labeled data
are present in the target domain. Domain adaptation (DA)
generally assumes that the two domains have the same con-
ditional distribution, but different marginal distributions.
Under these assumptions, effective knowledge transfer is
difficult when the two domains have large marginal distri-
bution gaps. This becomes much more challenging in a sce-
nario where the target domain has no labeled data at all.

In previous UDA methods, a domain discriminator [8,

] was introduced to encourage domain confusion through
domain-adversarial objectives and minimize the gap be-
tween the source and target distributions. In [21, 24],
domain discrepancy based approaches used metrics such
as maximum mean discrepancy (MMD) and joint MMD
(JMMD) to reduce the difference between two feature
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spaces. Moreover, inspired by the generative adversarial
network (GAN), GAN-based DA methods [15, 7] have at-
tempted to generate transferable representations to mini-
mize domain discrepancy. Most of these studies have di-
rectly adapted the knowledge learned from the source do-
main to the target domain. However, fundamentally, this
does not take into account the case where the distance be-
tween the source and target domain is large, as shown in
Figure 1.

In this paper, our goal is to compensate efficiently for
the large domain discrepancies. To address this challenge,
we construct multiple intermediate augmented domains,
whose characteristics are different and complementary to
each other. To achieve this, we propose a fixed ratio-based
mixup. Our proposed mixup approach minimizes the do-
main randomness of [41, 43] between the source and tar-
get samples and generates multiple intermediate domains,
as shown in Figure 1. For example, an augmented domain
close to the source domain has more reliable label infor-
mation, but it has a lower correlation with the target do-
main. By contrast, label information in an augmented do-
main close to the target domain is relatively inaccurate, but
the similarity to the target domain is much higher.

In these augmented domains, we train the complemen-
tary models that teach each other to bridge between the
source and target domain. Specifically, we introduce a bidi-
rectional matching based on the high-confidence predic-
tions of each model for the target samples, moving the inter-
mediate domains to the target domain. We also apply self-
penalization, which penalizes its own model to improve per-
formance through self-training. Moreover, to properly im-
pose the characteristics of models that change with each it-
eration, we use an adaptive threshold by the confidence dis-
tribution of each mini-batch, not a predefined one [12, 44].
Finally, to prevent divergence of the augmented models
generated in different domains, we propose a consistency
regularization using an augmented domain with the same
ratio of source and target samples.

We conduct extensive ablation studies for a detailed
analysis of our proposed method and achieve compara-
ble performance to state-of-the-art methods in standard DA
benchmarks such as Office-31 [29], Office-Home [40], and
VisDA-2017 [27]. The main contributions of this paper are
summarized as follows.

* We propose a fixed ratio-based mixup to efficiently
bridges the source and target domains utilizing the in-
termediate domains.

* We propose confidence-based learning methodologies:
a bidirectional matching and a self-penalization using
positive and negative pseudo-labels, respectively.

* We empirically validate the superiority of our method

to UDA with extensive ablation studies and evaluations
on three standard benchmarks.

2. Related Work

Semi-supervised Learning. Semi-supervised learning
(SSL) [2, 3, 18, 33, 45, 34, 6] leverages unlabeled data to
improve a model’s performance when limited labeled data
is provided, which alleviates the expensive labeling pro-
cess efficiently. Many recently proposed semi-supervised
learning methods, such as MixMatch [3], FixMatch [34],
and ReMixMatch [2], based on augmentation viewpoints.
MixMatch [3] used low-entropy labels for data-augmented
unlabeled instances and mixed labeled and unlabeled data
for semi-supervised learning. On the basis of consistency
regularization and pseudo-labeling, FixMatch [34] gener-
ates pseudo-labels using the model’s predictions on weakly
augmented unlabeled images. Then, when the examples
have high-confidence predictions, they train the model us-
ing strong-augmented images. Note that in general, they as-
sumed that labeled and unlabeled data have similar domains
or feature distributions.

Basically, semi-supervised domain adaptation has more
information about some target labels compared with UDA,
and some related works [1, 30, 28, 19, 44] have been
proposed leveraging semi-supervised signals. Specifically,
in [30], a minimax entropy approach was proposed that ad-
versarially optimizes an adaptive few-shot model. In [28],
the learning of opposite structures was unified whereby it
consists of a generator and two classifiers trained with op-
posite forms of losses for a unified object.

Meanwhile, [44] addresses semi-supervised domain
adaptation by breaking it down into SSL and UDA prob-
lems. Two models are in charge of each sub-problem and
are trained based on co-teaching. One model is trained with
labeled source samples and labeled target samples, and the
other model is trained with unlabeled target samples and
labeled target samples. In this way, by using different com-
binations of data, it provides two different perspectives. By
contrast, in this paper, we guarantee two different perspec-
tives with the two types of our fixed ratio-based mixup. In
addition, [44] used co-teaching [12] concepts to train the
mixup objectives between the source and target domain,
whereas we use this concept to train the pseudo-labels in the
target domain with bidirectional matching. Furthermore,
when applying the mixup operation, [44] uses only selected
target samples, whereas we use all target samples.

Unsupervised Domain Adaptation. Recent works [ 10,

,38,24,8,37,31,43] have focused on UDA based on do-
main alignment and discriminative domain-invariant feature
learning methods. For example, a deep adaptation network
(DAN) [21] minimized MMD over domain-specific layers,
and joint adaptation networks [24] aligned the joint distri-
butions of domain-specific layers across different domains
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Figure 2. An overview of the proposed method. The proposed method consists of (a) fixed ratio-based mixup, (b)
confidence-based learning, e.g., bidirectional matching with the positive pseudo-labels and self-penalization with the negative
pseudo-labels, and (c) consistency regularization. Best viewed in color.

based on a JMMD. Deep domain confusion (DCC) [38]
made use of MMD metrics in the fully connected layer
for learning both discriminative and transferable domains.
A domain adversarial neural network (DANN) [8] learned
a domain invariant representation by back-propagating the
reverse gradients of the domain classifier. Adversarial dis-
criminative domain adaptation (ADDA) [37] learned a dis-
criminative representation using the source labels, and then,
a separate encoding that maps the target data to the same
space based on a domain-adversarial loss is used. Maxi-
mum classification discrepancy (MCD) [32] tried to align
the distribution of a target domain by considering task-
specific decision boundaries by maximizing the discrepancy
on the target samples and then generating features that min-
imize this discrepancy. A contrastive adaptation network
(CAN) [17] optimized the metric for minimizing the do-
main discrepancy, which explicitly models the intra-class
domain discrepancy and the inter-class domain discrepancy.

Robust spherical domain adaptation (RSDA) [11] used
a spherical classifier for label prediction and a spherical
domain discriminator for discriminating domain labels and
utilized robust pseudo-label loss in the spherical feature
space. Structurally regularized deep clustering (SRDC) [36]
enhanced target discrimination by clustering intermediate
network features and structural regularization with soft se-
lection of less divergent source examples. Dual mixup reg-
ularized learning (DMRL) [41] guided the classifier to en-
hance consistent predictions between samples and enriched
the intrinsic structures of the latent space. For mixing the
source and target domains, they proposed two mixup regu-
larizations based on randomness.

Note that in this study, we create bridges between the
target and source domain by augmenting multiple interme-
diate domains. For this purpose, unlike [4 1, 43], the scope

of the augmented domain was not expanded simply by re-
lying on randomness. However, two fixed ratio-based mix-
ups are used to create a source-closed augmented domain,
which has a clear label but is at a distance from the target
domain, and a target-closed augmented domain, which has
the opposite properties. Then, they teach each other in order
to transfer domain knowledge to the target side.

3. Proposed Method

In UDA, we are given labeled data X° = { (x5, y5)} ",
from the source domain and unlabeled data X* = {(z%)},
from the target domain where the Ny and N; denote the
sizes of X® and X%, respectively. The large distribution gap
between P(X*) and P(X?) is one of the major obstacles
for the UDA problem. Our goal is to ensure that the knowl-
edge learned from the source domain is well generalized in
the target domain. In this section, we introduce our FixBi
algorithm and the detailed ideas it builds on, as shown in
Figure 2.

3.1. Fixed Ratio-based Mixup

In general, the mixup [46] is a kind of data augmentation
method to increase the robustness of neural networks when
learning from corrupt labels. Recent studies [3, 34] have
utilized the mixup to construct virtual samples with convex
combinations between labeled and unlabeled data. In this
context, most domain adaptation methods [26, 43, 44, 41]
based on the mixup use mixup-ratio A with randomly sam-
pled values from the beta distribution: A\ ~ Beta(a, )
where « is a hyperparameter. It is because they have tried to
generate training samples that exist somewhere between the
source and target domain without any consideration of the
domain gap. However, we propose to use two fixed mixup
ratios Agg and Ay to provide more clarity and less random-
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ness. Given a pair of input samples and their corresponding
one-hot labels in the source and target domain: (z;, y;) and
(xt, 9!), our mixup settings are defined as follows:

:%ft =Xz} +(1— )\)xf

=i+ (1 )il v
where A € {Asq, Adta} $.t. Asa + Aa = 1. Note that g}
is the pseudo-labels obtained by the baseline model, e.g.,
DANN [8] or MSTN [42], for the unlabeled target samples.
The detailed analysis of our fixed ratio-based mixup is cov-
ered in Section 4.2.

Taking advantage of the fixed ratio-based mixup, we
construct two network models that act as bridges between
the source and target domain. The key point here is to ob-
tain two networks with different perspectives through our
mixup strategies. For this purpose, we leverage two differ-
ent models made by the proposed mixup ratios Agsg and A;4:
“source-dominant model” (SDM) and “target-dominant
model” (TDM). The source-dominant model has strong su-
pervision for the source domain but relatively weak supervi-
sion for the target domain. By contrast, the target-dominant
model has strong target supervision but weak source super-
vision. As both types of mixups are not confined to a single
domain, they can serve as bridges between the two different
domains.

Consequently, we apply two fixed ratios \sq for SDM
and )4 for TDM. Let p(y|Z5*) denote the predicted class
distribution produced by the model for an input Z5*. Then
the objective of our fixed ratio-based mixup is defined as
follows:

B
1 NS ~S
Lym =3 D" log(p(y]z}"), &)
i=1

where §5* = argmax p(y|Z5') and B is a mini-batch size.
3.2. Confidence-based Learning

Through our fixed ratio-based mixup, the two networks
have different characteristics and can develop with mutu-
ally complementary learning. To utilize the two models
as bridges from the source domain to the target domain,
we propose a confidence-based learning where one model
teaches the other model using the positive pseudo-labels or
teach itself using the negative pseudo-labels.

Bidirectional Matching with positive pseudo-labels.
Inspired by [34, 12, 4], when one network assigns the class
probability of input above a certain threshold 7, we assume
that this predicted label as a pseudo-label. Here, we refer
to these labels as positive pseudo-labels. Then we train the
peer network to make its predictions match these positive
pseudo-labels via a standard cross-entropy loss. Let us de-
note probability distributions p and g of two models. Then

the objective of our bidirectional matching is defined as fol-
lows:

B

1
Loim = 5 ;ﬂ(max(p(ylwﬁ) > 1)t log(q(ylzl)), (3)

where ! = argmax p(y|x!). Note that in [34], only one-
way matching is used according to input augmentations.
However, since our method derives the results from both
networks for the same input, bidirectional matching is avail-
able.

Self-penalization with negative pseudo-labels. As
well as the bidirectional matching that matches the posi-
tive pseudo-labels to the predictions of the peer network,
each network learns through the self-penalization using the
negative pseudo-labels. Here, the negative pseudo-label in-
dicates the most confident label (top-1 label) predicted by
the network with a confidence lower than the threshold .
Since the negative pseudo-label is unlikely to be a correct
label, we need to increase the probability values of all other
classes except for this negative pseudo-label. Therefore, we
optimize the output probability corresponding to the nega-
tive pseudo-label to be close to zero. The objective of self-
penalization is defined as follows:

B
1 N
Lsp = 3 le(ma:c(p(y\xﬁ) < 7)gt log(1 — p(y|zh)).
i=1

“)

Unlike the recent studies [ 12, 34, 44] that ignore the low-
confidence predictions (or large loss samples), it is worth
noting that we utilize the low-confidence predictions as the
meaningful knowledges for learning the models. Further-
more, we apply the learnable temperature of the softmax to
adjust the output distributions.

Looking back to the confidence threshold 7, the basic
strategy is to set a fixed value as a hyperparameter. How-
ever, a deep neural network (DNN) tends to start at a low
level of confidence value and its value gradually increases
as the network learns. The fixed threshold cannot prop-
erly reflect the confidence which is changed constantly dur-
ing training, therefore the number of positive and negative
pseudo-labels can be biased to one side. To overcome this
problem, we adopt an adaptive threshold which is changed
adaptively by the sample mean and standard deviation of a
mini-batch, not a fixed one.

3.3. Consistency Regularization

Through our confidence-based learning, the two mod-
els with different characteristics gradually get closer to the
target domain because they are trained with more reliable
pseudo-labels of the target samples. We introduced a new
consistency regularization to ensure a stable convergence of
training both models. Here, we assume that the well-trained
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models should be regularized to have consistent results in
the same space. It helps to construct the domain bridging
by ensuring that the two models trained from the different
domain spaces maintain consistency in the same area be-
tween the source and target domain. For the intermediate
space, both fixed mixup-ratios A\sq and A4 are set to 0.5.
The consistency regularization loss can be defined as fol-
lows:

1
£c7‘ =

o]

B
D lIp(ylE") = a(ylzY)15. (5)
i=1

Algorithm 1: FixBi Training Procedure

Input : Network weights wgg and w4, total
epochs F, mini batch B, warm-up epochs
k, mixup-ratios Asq, A¢g, and M. (= 0.5),
source samples x°, target samples ¢, and
mixup samples M.

for e=1to E do

for i=1 to B do

Obtain M, using Eq. (1) with A

Obtain Mtd using Eq. (1) with Ayg;

Update Efm(]\Zfsd; wsq) and Ly (2t wsq);

Update Cfm(J\;[td; wyq) and Lgp (255 w,4);

if e > k then

if max(y|zt;wy) > 714 then

| Update Ly, (5 wsq);
end
if maz(y|zt;wsq) > T5q then
| Update Ly, (z%;w,4);

end

Obtain M., using Eq. (1) with A.,;

Update ‘CCT(MCT; /wsd);

Update Ecr (Mcr; u’td);

end

end
end
Output: Learned model parameters wgq and wyg.

3.4. Training Procedure

The training process of our FixBi is summarized in Al-
gorithm 1. First, we start to train our networks with pre-
trained baseline weights, similar to [ 1]. Then, we copy the
pre-trained weights to wyq and wyy. In each iteration, we
generate two types of samples with different mixup ratios
Asq and Aqq. Initially, to ensure that the two networks have
independent characteristics, we apply a warm-up period of
k epochs where each network is independently trained only
with the fixed ratio-based mixup and the self-penalization.
After enough training, we begin to train with bidirectional
matching that can teach each other. Note that one network

Table 1. Comparison of three different mixup-ratio rules on
the task A—W.

w/o Lbim w/ [/bim
Type SDM | TDM | SDM | TDM
Random | 86.5£1.0 | 85.3+0.9 | 86,7208 | 85.6:0.7
Range | 86.0£1.7 | 29.6+6.8 | 83.3%6.2 | 81.0+5.4
Fixed (Ours) | 86.320.6 | 86.0+£0.7 | 89.320.4 | 90.1£03

is trained with pseudo-labels from the peer network which
satisfies the confidence threshold constraint. At the same
time, we also apply the consistency regularization loss to
guarantee stable convergence in training.

4. Experiments

We evaluate our proposed method on three domain adap-
tation benchmarks such as Office-31, Office-Home and
VisDA-2017, compared with state-of-the-art domain adap-
tation methods. In addition, we validate the contributions of
the proposed method through extensive ablation studies.

4.1. Setups

Datasets. We evaluated our method in the following
three standard benchmarks for UDA.

Office-31 [29] is the most popular dataset for real-world
domain adaptation. It contains 4,110 images of 31 cate-
gories in three domains: Amazon (A), Webcam (W), DSLR
(D). We evaluated all methods on six domain adaptation
tasks.

Office-Home [40] is a more challenging benchmark than
Office-31. It consists of images of everyday objects orga-
nized into four domains: artistic images (Ar), clip art (Cl),
product images (Pr), and real-world images (Rw). It con-
tains 15,500 images of 65 classes.

VisDA-2017 [27] is a large-scale dataset for synthetic-
to-real domain adaptation. It contains 152,397 synthetic
images for the source domain and 55,388 real-world images
for the target domain.

Baselines. Since our proposed method can be flexi-
bly applied in any UDA methods, we use DANN [8] as
a baseline for a detail analysis of our contributions and
MSTN [42] for performance comparisons with the state-of-
the-art methods.

Implementation details. Following the standard proto-
col for UDA, we use all labeled source data and all unla-
beled target data. For Office-31 and Office-Home, we use
ResNet-50 [13, 14] as the backbone network. We use mini-
batch stochastic gradient descent (SGD) with a momentum
of 0.9, an initial learning rate of 0.001, and a weight de-
cay of 0.005. We follow the same learning rate schedule
as in [8]. The mixup ratios are set up with A;q = 0.7
and Ay = 0.3. The confidence threshold 7 is calculated
as (mean — 2 x std) across all mini-batches. We train
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Figure 3. Class-wise accuracy (%) on the task A—W of the
Office-31. Best viewed in color.

the model for a total of 200 epochs and set the warm-up
epochs to 100. For VisDA-2017, we use ResNet-101 as the
backbone architecture. We use the SGD optimizer with a
momentum of 0.9, an initial learning rate of 0.0001, and a
weight decay of 0.005. We train the model for 25 epochs
with warm-up epochs of 10.

4.2. Ablation studies and discussions

For a more detailed analysis of our proposed method,
we conducted ablation studies on the Office-31 dataset with
DANN [8] as the baseline model.

Comparison of different mixup-ratio rules. We com-
pare our fixed-ratio mixup with two existing general ratios
in Table 1. The “Random” refers to the ratio randomly sam-
pled from the beta distribution, as in the traditional mixup
approaches [46, 44, 26, 43]. The “Range” refers to the ra-
tio randomly sampled from the beta distribution and limited
to a specific range. In this case, the mixup ratio N’ is de-
termined by \' ~ max(A,1 — A), where A ~ Beta(a, @).
In this experiment, SDM and TDM are trained with A\’ and
1 — X, respectively, intending to give them different per-
spectives. We set the hyperparameter « of the beta distribu-
tion to 1.0 for “Random” and “Range”, as used in [44, 26].
Lastly, the “Fixed” refers to using two fixed mixup ratios
(Asd»> Aed)- We set A\gq = 0.7 and A\ygq = 0.3, which satisfies
Asd + Atg = 1. Note that our final accuracy is the result of
an ensemble of the output probabilities of both models.

The left side of Table 1 shows the accuracy when only a
fixed ratio mixup is applied without the bidirectional match-
ing. In the case of “Random”, the accuracy is similar to that
of “Fixed”. However, in the case of “Range”, extreme ac-
curacy degradation is noticeable in TDM. It shows that a
mixup which is too target-biased negatively affects learning
when the target labels are incorrect. The right side of Ta-
ble 1 presents the accuracy when applying the bidirectional
matching with the fixed ratio mixup. In the case of “Ran-

Threshold

—— DM —— SOM
—— TDM —— TOM

0 25 50 75 100 125 150 175 20 o 25 5 75 100 125 150 175 200
Epoch Epoch

(a). SDM (154=0.8) / TDM (1,4=0.2) (b). SDM (134=0.6) / TDM (1,4=0.4)
Figure 4. Visualization of the confidence threshold 7 on the
task A—W of the Office-31. Best viewed in color.
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Figure 5. The visualization of embedded features on the
task A—W. Blue and orange points denote the source and
target domains, respectively. Best viewed in color.

dom” and “Range”, it is difficult to expect performance im-
provement through the bidirectional matching. By contrast,
we observe that the networks trained through the fixed ratio-
based mixup can benefit from the bidirectional matching.

Why is it better to use a fixed ratio? We claim that
this difference occurs because the two networks have dif-
ferent perspectives through our fixed ratio-based mixup. To
verify this, we analyzed the class-wise accuracy of SDM
and TDM. We apply Ly, with fixed ratios Agq = 0.7
and \;y = 0.3 to the models, respectively. We pick the
top-10 accuracies with the largest difference between class-
wise accuracies for the two network models. As shown in
Figure 3, we observe that these two models have different
strengths and weaknesses from the viewpoint of class-wise
accuracy. Note that the performances of these two models
are similar at 86.3% and 86.0%.

Comparison with simple ensemble models. To show
that our two perspectives have a different meaning to a sim-
ple ensemble of a single-perspective, we compare the en-
semble of a single-perspective with our proposed method.
For the single-perspective, we train models with the mixup
ratios of (0.3, 0.3) and (0.7, 0.7), respectively. For a fair
comparison, we apply only L., and Ly;m,. As shown in Ta-
ble 2, the accuracy of our two-perspective model is higher
than that of the other single-perspective models.
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Table 2. Comparison of ensemble networks on Office-31.

Method | Qsds Aea) [ AW [ DWW [ W=D [ A-D | D—A | W—A [ Avg
Single-perspective (03,03) [ 886 | 965 | 1000 | 856 [ 69.4 [ 651 [ 84.2
(0.7,07) | 892 | 965 | 100.0 | 855 | 69.1 | 67.8 | 84.7

Two-perspective (Ours) | (0.7,0.3) 90.1 98.5 100.0 88.4 72.5 725 | 87.0

Table 3. Ablation results (%) of investigating the effects of our components on Office-31.

Lpann | Lim | Loim | Lop | Lov | AW [ DW [ W=D [ A=D [ D—A [ W—A [ Avg

v 82.0
v v 86.5
v v v 90.1
v v v v 923
v v v v v 94.2

96.9 99.1 79.7 68.2 674 | 82.2
98.4 100.0 | 85.5 71.4 71.5 | 85.5
98.5 100.0 | 88.4 72.5 72.5 | 87.0
98.6 100.0 | 904 76.3 74.1 | 88.6
99.3 100.0 | 91.3 76.5 743 | 89.3

Table 4. Accuracy (%) on Office-31 for unsupervised domain adaptation (ResNet-50). The best accuracy is indicated in bold

and the second best one is underlined. * Reproduced by [5]

Method A-W  DoW W=D A-D  D—A  W—A [ Avg
ResNet-50 [13] 684402 96.7x0.1 99.3x0.1  68.9#0.2 62.5+0.3 60.7+0.3 | 76.1
DANN [¢] 82.0£0.4 96.9+0.2 99.1x0.1  79.7+0.4 68.2+0.4 67.4+0.5 | 822
MSTN* [42] 91.3 98.9 100.0 90.4 72.7 65.6 | 86.5
CDAN4E [23]  94.120.1  98.6£0.1 100.0+0.0 92.9+0.2 71.0£0.3 69.3+0.3 | 87.7
DMRL [41] 90.8+0.3  99.0+0.2 100.0£0.0 93.4+0.5 73.0+0.3 71.2+0.3 | 87.9
SymNets [47]  90.8#0.1 98.8+0.3 100.0£0.0 93.9£0.5 74.6+0.6 72.5+0.5 | 88.4
GSDA [16] 95.7 99.1 100 94.8 73.5 749 | 897
CAN [17] 94503  99.1¥0.2  99.840.2  95.0+0.3 78.0+0.3 77.0+0.3 | 90.6
SRDC [36] 95.7+0.2  99.2#¢0.1 100.0+0.0 95.8+0.2 76.7+0.3 77.1+0.1 | 90.8
RSDA-MSTN [11]  96.1+0.2  99.3:0.2  100.0£0.0 95.8+0.3 77.4+0.8 78.9+0.3 | 9L.1
FixBi (Ours) 96.1+0.2  99.3:0.2  100.0£0.0 95.0+0.4 78.7+0.5 79.4:0.3 | 91.4

Effects of the components of our FixBi. We conduct
ablation studies to investigate the effectiveness of the com-
ponents of our proposed method. In Table 3, our fixed ratio-
based mixup improves the baseline DANN [8] on average
by 3.3%. The bidirectional matching provides an additional
1.5% improvement on average. Especially, in the task of
A—W and A—D, we observe that the bidirectional match-
ing has an impressive impact on performance improvement.
We also observe that self-penalization has a significant im-
pact on both task D—A and W—A. In addition, our con-
sistency regularization loss helps to improve performance.
Overall, FixBi improves the baseline DANN by an average
of 7.1%. This shows that each component is effective in
improving performance.

Analysis of the confidence threshold. We visualize our
confidence threshold 7 in Figure 4. Note that our confi-
dence threshold 7 is changed adaptively within each mini-
batch, and gradually increased with learning iterations. We
observe a sharp increase in the confidence of TDM at 100
epoch, the point at which Ly, starts to be applied. It can

be seen more clearly, especially when the difference in the
mixup ratio between SDM and TDM is large.

Feature visualization. Figure 5 visualizes the embed-
ded features on the task A—W by t-SNE [39]. For the base-
line (e.g, DANN [&]), the target domain features are em-
bedded around the clusters of the source domain features,
but it fails to form the clusters of the target domain fea-
tures. On the other hand, our FixBi constructs the compact
clusters of the target domain features close to the source
domain features. From this result, we confirm that our pro-
posed method works successfully for an unsupervised do-
main adaptation task.

4.3. Comparison with the state-of-the-art methods

We compare our method with the various state-of-the-art
methods on three public benchmarks. The results of Office-
31, Office-Home, and VisDA-2017 are reported in Tables
4, 5, and 6, respectively. We use MSTN [42] as a baseline
network. Note that our final accuracy is obtained by the sum
of the softmax results of two network models.
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Table 5. Accuracy (%) on Office-Home for unsupervised domain adaptation (ResNet-50). The best accuracy is indicated in

bold and the second best one is underlined. * Reproduced by [! 1]
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 [13] 349 50 58 374 41.9 46.2 38.5 31.2 60.4 53.9 41.2 59.9 46.1
DANN [8] 45.6 59.3 70.1 47 58.5 60.9 46.1 43.7 68.5 63.2 51.8 76.8 57.6
CDAN [23] 49 69.3 74.5 544 66 68.4 55.6 483 759 68.4 55.4 80.5 63.8
MSTN* [42] 49.8 70.3 76.3 60.4 68.5 69.6 61.4 48.9 75.7 70.9 55 81.1 65.7
SymNets [47] 47.7 72.9 78.5 64.2 71.3 74.2 63.6 47.6 79.4 73.8 50.8 82.6 67.2
GSDA [16] 61.3 76.1 79.4 65.4 73.3 74.3 65 53.2 80 72.2 60.6 83.1 70.3
GVB-GD [7] 57 74.7 79.8 64.6 74.1 74.6 65.2 55.1 81 74.6 59.7 84.3 70.4
RSDA-MSTN [11] 53.2 71.7 81.3 66.4 74 76.5 67.9 53 82 75.8 57.8 85.4 70.9
SRDC [36] 52.3 76.3 81 69.5 76.2 78 68.7 53.8 81.7 76.3 57.1 85 713
FixBi (Ours) 58.1 773 80.4 67.7 79.5 78.1 65.8 579 81.7 76.4 62.9 86.7 72.7

Table 6. Accuracy (%) on VisDA-2017 for unsupervised domain adaptation (ResNet-101). The best accuracy is indicated in

bold and the second best one is underlined.

* Reproduced by [5]

Method aero Dbicycle bus car horse knife motor person plant skate train truck \ Avg
ResNet-101 [13] 72.3 6.1 634 917 527 79 80.1 5.6 90.1 185 78.1 259 | 494
DANN [8] 819 777 828 443 812 295 651 28.6 519 546 828 78 |574
DAN [22] 68.1 154 765 87 71.1 489 823 515 887 332 889 422 |6l.1
MSTN* [42] 893 495 743 676 90.1 166 93.6 70.1 86.5 404 832 185 | 65.0
JAN [24] 75.7 187 823 863 702 569 805 53.8 925 322 845 545 | 65.7
DM-ADA [43] - - - - - - - - - - - - 75.6
DMRL [41] - - - - - - - - - - - - 75.5
MODEL [20] 948 734 688 748 931 954 88.6 847 89.1 847 835 48.1 |8l.6
STAR [25] 95 84 84.6 73 916 918 859 784 944 847 87 422 | 82.7
CAN[17] 97 872 825 743 978 96.2 90.8 80.7 96.6 963 875 599 | 87.2
FixBi (Ours) 96.1 87.8 905 903 96.8 953 92.8 887 972 942 909 257 | 87.2
Office-31. Table 4 shows the comparative performance erage compared with the baseline method [42]. Above all,

on the Office-31 dataset based on ResNet-50. The average
accuracy of our method is 91.4%, which outperforms the
other methods such as SRDC [36] and RSDA-MSTN [11].
Our method shows a significant performance improvement
over the baseline MSTN [42] method in situations with very
large domain shifts, e.g., A=W, W—A, A—D, and D—A
tasks. In particular, compared to baseline, the task with
the most improved accuracy was W— A, achieving a perfor-
mance improvement of 13.8%. Compared with the mixup-
based method DMRL [41], a large performance improve-
ment is also observed.

Office-Home. In Table 5, we compare our method with
recent UDA methods on the Office-Home dataset based
on ResNet-50. Our FixBi shows particularly strong per-
formances in tasks with the large domain discrepancy be-
tween the real-world domain and the artificial domain,
e.g., Rw—Ar, Rw—Cl, Rw—Pr, and Cl—Rw tasks. Our
method has an average accuracy of 72.7%, which outper-
forms the state-of-the-art results achieved by SRDC [36].
Note that our method achieves approximately 2% better ac-
curacy compared with RSDA-MSTN [ 1 1] on Office-Home.

VisDA-2017. Table 6 presents the classification accu-
racy for the VisDA-2017 dataset based on ResNet-101. Our
FixBi achieves 22.2% performance improvement on an av-

our method shows about 12% better accuracy than other
mixup-based methods [41, 43] and achieves comparable
performance compared to the state-of-the-art methods.

5. Conclusion

In this paper, we proposed a FixBi algorithm that bridg-
ing the domain spaces to deal with the large domain dis-
crepancy problem in an unsupervised domain adaptation
scenario. Our main methodology is to construct an inter-
mediate domain with different characteristics between the
source domain and the target domain. We completed this
through our fixed ratio-based mixup with different mixup-
ratios, and further proposed bidirectional matching, self-
penalization, and consistency regularization for efficient use
of intermediate space. Extensive ablation studies demon-
strate the effectiveness of our proposed algorithm and ex-
periments on the three standard benchmarks show that our
proposed method achieves competitive performance to the
state-of-the-art methods.
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