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Abstract—Unsupervised domain adaptation is to transfer
knowledge from an annotated source domain to a fully-unlabeled
target domain. The conventional methods consider the data
which exceed a certain threshold of confidence as pseudo-labeled
data for the target domain, and thus choosing the appropriate
threshold affects the target performance. In this paper, we
propose a new confidence-based weighting scheme for obtaining
pseudo-labels and an adaptive threshold adjustment strategy
to provide sufficient and accurate pseudo-labels throughout the
training. To be precise, our confidence-based weighting scheme
generates pseudo-labels to have a different contribution based
on the confidence, which makes the performance less sensitive
to the threshold. Also, the proposed adaptive threshold adjust-
ment method chooses the threshold according to the degree of
adaptation of a network to the target domain, and thus obviates
the need for an exhaustive search for the appropriate threshold.
Experimental results on a digit classification task show that the
proposed methods efficiently utilizes the pseudo-labels to preserve
sufficiency and accuracy.

I. INTRODUCTION

Recent researches using Deep Neural Network (DNN) have
achieved state-of-the-art results in many computer vision tasks
through the supervised training of DNN [1]–[5]. However,
the successful use of DNN usually requires a large amount
of well-annotated training datasets which is cost expensive.
Moreover, the training dataset needs to be recollected for a
new task, even if it is related to the previously trained one.
Hence, acquiring a sufficient number of training data and/or
using the related well-annotated datasets have been one of
the significant issues in DNN researches. In this respect, the
transfer learning [6] is an excellent technique that can alleviate
the cost of recollecting large scale labeled data by transferring
knowledge from a different but related domain. Also, domain
adaptation is a sub-problem of the general transfer learning,
which pays attention to the case where the annotated training
data (i.e., source domain) and the unannotated training data
(i.e., target domain) share the same task but follow different
distributions.

Domain adaptation methods are categorized into supervised,
semi-supervised, and unsupervised according to the degree of
target domain labeling, while the source domain dataset is
fully labeled. In supervised [7] and semi-supervised domain
adaptation [8], [9], only part of the target data samples are
labeled, but not enough to achieve a satisfactory model for
the target domain. In unsupervised domain adaptation (UDA)
[10]–[12], no target data samples are labeled. Among the

three categories, this work focuses on the unsupervised domain
adaptation, where all target data samples are unlabeled.

Most of the previous methods focused on minimizing the
discrepancy between the distributions of source and target data
[13]–[17]. However, mapping the source and target distribu-
tions to a common one can mix samples with different labels
together. Hence recent studies started to consider the learning
of discriminative representations for the target domain. For
example, some of them adopted pseudo-labeling schemes to
learn target discriminative representations, which encourage
separation between the classes in the target domain [12], [18]–
[20].

Pseudo-labeling [21] is the process of artificially labeling
the unlabeled data to convert the unsupervised learning into
the semi-supervised. We follow the premise that samples with
high confidence output can be used as accurate labels [22],
[23]. Specifically, unlabeled samples with confidence over a
certain threshold are deemed as ground-truth labels, which we
call pseudo-labels. Performance of pseudo-labeling technique
relies heavily on the threshold, where choosing the appropriate
threshold is critical to achieving high performance. A high
threshold leads to more accurate pseudo-labels resulting in
high performance, but also leads to the lack of labels. On
the other hand, a low threshold results in a large number of
pseudo-labels but also in poor performance due to inaccu-
rate pseudo-labels. Thus, finding the appropriate threshold to
achieve high performance is a major issue in pseudo-labeling.

Also, rather than fixing the threshold throughout the train-
ing, conventional methods constantly increase the threshold as
the training progresses [18]–[20]. As the training progresses,
a network adapts to the target domain implying that more
pseudo-labels with high confidence will be generated com-
pared to the early stage of training. When the training has been
progressed to some extent, a network is capable of providing
sufficient pseudo-labels even with a high threshold. Hence,
a network focuses on generating accurate pseudo-labels by
increasing the threshold throughout the training.

However, above-mentioned methods concerning the selec-
tion of threshold have limitations. First, the performance is
extremely sensitive to the threshold, where a slight difference
in threshold can have a huge negative effect. Exhaustive search
is done to find the right threshold which is time-consuming and
needs to be done individually for different datasets. Second,
prior works adjust the threshold depending on the progress
of training or the accuracy of the network with respect to
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Fig. 1: Overall structure of baseline model. Baseline model is composed of an encoder E, a discriminator D, and a classifier
C. The encoder embeds the source domain sample xs, target domain sample xt, and pseudo-labeled sample x̂t into latent
representation z. The discriminator aims at distinguishing the domain origin of latent representation z. For final classification,
classifier C is built based on the latent representation z, expecting z to preserve both the common feature of source and
target domains and category information. Source and pseudo-label samples contribute to both category loss and adversarial
loss whereas target samples with no pseudo-labels contribute only to category loss.

the source domain. Despite the fact that the pseudo-labels are
generated from the target domain samples, the threshold has
no dependency on the target domain.

To overcome the above-stated limitations of conventional
methods, we propose a confidence-based weighting scheme
on constructing pseudo-labels and an adaptive threshold ad-
justment method. Our confidence-based weighting scheme
constrains both disadvantages of high and low threshold. We
grant high weights for pseudo-labels with high confidence
and low weights for the low confidence. As a result, the
performance becomes less sensitive to the threshold and thus
obviates the need for an exhaustive search for the appropriate
threshold. Also, the proposed adaptive threshold adjustment
method chooses the threshold according to the degree of
adaptation of a network to the target domain. The threshold
becomes target domain dependent rewarding the target domain
to generate sufficient and accurate pseudo-labels throughout
the training. Through the proposed method, a network is
capable of adjusting the threshold in a adaptive way with no
need for exhaustive searching.

In summary, the main contributions of this paper are as
follows:
• Introducing a confidence-based weighting scheme for

generating pseudo-labels when training a network

• Proposing an adaptive threshold adjustment method for
modifying the threshold in an adaptive process

The rest of this paper is organized as follows. Section 2
is dedicated to related works. The model and the training
procedure are presented in Section 3. In Section 4, the dataset
used for the analysis and the method’s validation are described.
Experiments and associated results are also detailed in Section
4. Finally, conclusive remarks are drawn in Section 5.

II. RELATED WORKS

We summarize the works focusing on unsupervised do-
main adaptation employing pseudo-labels to learn the target
discriminative representations. Methods for re-labeling the
unlabeled target samples [22], [23] have been applied to many
unsupervised domain adaptation tasks where back propagation
of the category loss for target samples is based on pseudo-
labeled samples. Most researches [18]–[20] give pseudo-labels
equal contribution to the category loss, despite the fact that
confidence of pseudo-labels differs. Hu et al. [13] used a fixed
threshold throughout the training. Due to the performance’s
sensitivity to the threshold different thresholds were set for
various datasets.

Considering the network’s adaptation to the target domain,
some researches altered the threshold as the training pro-
gressed. Chen et al. [19] gradually increased the threshold
according to the current epoch of training. Finding the right
increase rate for the threshold acquires exhaustive search,
which is time-consuming. Zou et al. [20] adjusted the thresh-
old based on the model’s accuracy with respect to the source
domain. The concept behind the “source accuracy dependent
threshold” is that the source accuracy reflects the network’s
training progress. However, most networks are pre-trained on
the source domain, which outputs high source accuracy even
in the early stage of training. Thus, a model’s accuracy on the
source domain is not enough to show the progress of training.
This paper attempts to improve the method of generating
pseudo-labels based on the confidence levels and to set the
threshold in an adaptive, target-dependent manner.

III. METHOD

In this section, we provide the details of the proposed
methods. We first give a brief overview of the task formulation.
Then we introduce our confidence-based weighting scheme
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on pseudo-labels. Finally, we provide the formulation of the
adaptive threshold adjustment.

A. Task Formulation

In UDA, we are given a source domain dataset Ds =
{xsi , ysi }

ns
i=1 (xsi ∈ Xs, y

s
i ∈ Ys) and a target domain dataset

Dt = {xtj}
nt
j=1 (xtj ∈ Xt). ns and nt denotes the number

of samples from the source and target domain respectively,
Xs and Ys denotes the set of source data and labels, and Xt

denotes the set of target data. The source and target domain
data have the joint probability distributions P (Xs, Ys) and
Q(Xt, Yt) respectively, with P 6= Q in general. We assume
that the source and target domains contain the same object
classes. Unless otherwise specified, the symbols s and t used
in the superscript or subscript denote the source domain and
the target domain respectively.

B. Baseline model

We describe our proposed method through a baseline model
illustrated in Figure 1, composed of an encoder, a discriminator
and a classifier. We build our baseline model upon DANN [24],
where we adopt pseudo-labels to contribute to the category
loss. The encoder, denoted as E, attempts to map any image
from either source or target domain into a latent representation
z = E(x), which is expected to be domain invariant and
category informative. The discriminator, denoted as D, judges
whether the latent representation is derived from the source
or target domain, forcing the latent representation to become
domain invariant. The classifier, denoted as C, tries to classify
the categories of the input latent representations.

To achieve high classification performance in respect to
target domain samples, the latent representation z needs to
be domain invariant and category informative. The domain
invariance can be achieved by training the encoder to map
both source and target samples into a common domain rep-
resentation so that the discriminator is incapable of judging
the domain origination of the latent representation. The latent
representation can become category informative by training the
classifier through correctly labeled source samples and pseudo-
labeled target samples.

The objective function of the discriminator to achieve do-
main invariance is formulated as

LD = min
WD

(
∑

xs∈Xs

H(D(zs), ysd)

+
∑

xt∈Xt

H(D(zt), ytd))
(1)

where H(·, ·) is the cross entropy loss used in softmax layer
and WD denotes the parameters of the discriminator D. ysd

and ytd are 2-class domain labels each representing the source
domain and target domain label. The discriminator’s objective
is to correctly predict the domain labels of the given input z.

The objective function of the encoder to achieve domain
invariance is formulated as

LG = min
WE

 ∑
xt∈Xt

H(D(zt), ysd)

 (2)

where WE represents the parameters of the encoder E. The
encoder focuses on forcing the discriminator to falsely predict
the target samples as source samples.

The objective function of the encoder E and the classifier C
to make the latent representation contain category information
is formulated as

LC = min
WE ,WC

(
∑

xs∈Xs

H(C(zs), ys)

+
∑

x̂t∈X̂t

H(C(ẑt), ŷt))
(3)

where x̂t represents pseudo-labeled samples, ŷt represents
pseudo-labels for x̂t and WC represents the parameters of the
classifier C. The classifier is trained based on all the source
samples and pseudo-labeled samples from target samples.

Target samples are pseudo-labeled when the confidence ex-
ceeds a certain threshold. Pseudo-labels are considered reliable
and used as ground truth labels to contribute to the category
loss of the classifier.

C. Confidence-based weighting scheme

When training the classifier by category loss, prior works
[18]–[20] give equal contribution to category loss for each
pseudo-labeled samples even though the confidence of the
samples vary. With the premise that highly confident pseudo
labels are mostly correct [22], [23], pseudo-labels with dif-
ferent confidence should have different contribution to the
category loss. Pseudo-labels with high confidence imply a
high probability of matching the ground-truth labels, which
should give high contribution to the category loss. In contrast,
pseudo-labels with low confidence have the risk of being
falsely labeled meaning that low contribution should be given
to the category loss to suppress the risk. Therefore, we propose
to give pseudo-labels weight that is proportional to their
confidence.

We set fully confident pseudo-labels, labels with confidence
of 1.0, to have weight of 1.0 whereas we empirically set
pseudo-labels with confidence of the threshold value to have
half the contribution compared to fully confident pseudo-
labels. That is, we assign pseudo-labels with confidence of
the threshold value with a weight of 0.5. We set weight of
pseudo-labels to be linearly proportional to the confidence of
the pseudo-labels as

w(xt) =
0.5

1− th
conf(xt) +

0.5− th
1− th

(4)
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where conf(xt) represents the confidence of target sample xt

derived from the classifier and th denotes the threshold value.
We can modify Equation (3) by applying Equation (4) to

reformulate a new category loss considering the confidence of
pseudo-labels as

LC = min
WE ,WC

(
∑

xs∈Xs

H(C(zs), ys)

+
∑

x̂t∈X̂t

w(x̂t)H(C(ẑt), ŷt))
(5)

where the weight term is applied to the cross entropy term of
pseudo-labels.

Through the confidence-based weighting scheme of pseudo-
labels, we are able to reduce the disadvantages of both the low
and high threshold. Inaccurate pseudo-labels generated by the
low threshold are given small weight and thus the classifier
suffers less from the inaccuracy. High threshold undergoes the
insufficiency of the pseudo-labels, which is compensated by
the pseudo-labels provided from the low threshold. In result,
the performance of a network does not drop significantly from
the inaccuracy and insufficiency of pseudo-labels, meaning
that the performance becomes less sensitive to the threshold.

D. Adaptive threshold adjustment
To focus on the lack of pseudo-labels in the early stage

of training and the accuracy of pseudo-labels in the later
stage, many studies increase the threshold according to the
progress of training [19], [20]. The progress of training is
determined by the current epoch or the accuracy of the network
on the source domain samples. However, these terms are
not target domain dependent and thus do not fully reflect
the progress of training. Therefore, we propose an adaptive
threshold adjustment strategy, setting the threshold according
to the model’s degree of adaptation to the target domain. A
model with low adaptation to the target domain is not capable
of classifying target samples, which results in low confidence
output, whereas well adapted model gives high confidence
output. Therefore, we consider a model’s degree of adaptation
to the target domain as the average confidence output of the
target samples. The modified threshold based on a model’s
confidence in respect to the target domain is formulated as

th = max(

∑
xt∈Xt

conf(xt)

nt
, α) (6)

where nt represents the number of the target samples and α
represents the minimum threshold. A minimum threshold is
determined to prevent too low threshold in the early stage
of training, when the model has no adaptation to the target
domain. Too low threshold will generate many inaccurate
pseudo-labels which can prevent the network from learning
the target discriminate representation. Through the proposed
method, the network can adaptively choose the appropriate
threshold to maintain sufficiency and accuracy of pseudo-
labels throughout the training. In result, a model can be robust
to various datasets and model capacity.

Algorithm 1 Optimization procedure of network
Input: The source domain xs and its category label ys, target
domain sample xt without category label
Output : The parameter of whole network, W =
{WE ,WD,WC}

1: Pre-train E and C with xs ∈ Xs

2: while not converge do
3: Determine th by Equation (6) via C
4: Obtain pseudo-label from xt ∈ Xt with samples having

confidence over th
5: Update WD by minimizing LD in Equation (1)
6: Update WC ,WE by minimizing LE+αLC in Equation

(2) and (5)
7: end while

E. Overall Objective Function

The overall objective function can be formulated as

L = min
WE ,WD,WC

(LE + LD + βLC) (7)

where β is a balance parameter. The encoder and the discrimi-
nator are optimized in an adversarial manner to map the source
and target samples into a common domain representation.
The encoder and the classifier are optimized using the source
and pseudo-labeled samples to achieve high classification
performance. The detailed optimization process is shown in
Algorithm 1.

IV. EXPERIMENTS

Evaluation of domain adaptation in this paper is category
classification on the test set of target domain with a model
trained with labeled source domain samples and unlabeled
target domain samples. We report our performance in terms of
rank-1 accuracy of the classifier C. Specifically, we experiment
our category classification performance on digit classification
task. MNIST [25], USPS [26] and SVHN [27] are the datasets
used in the experiment. For more comprehensive comparison,
we further evaluate the network trained with only labeled
sourced domain images, denoted as “Source Only” and the
network trained with only labeled target domain images as
“Target Only.” Both “Source Only” and “Target Only” are
constructed on the baseline model in Section 3.2 and indicate
the lower and upper bound performance of domain adaptation.

A. Implementation Details

The pixel values in the input images are re-scaled to [0.0,
1.0] in all experiments. We resize source domain samples to
the size of target domain samples to maximize the performance
on the target domain. Minimum threshold α is empirically
set as 0.7 to prevent too much inaccurate pseudo-labels from
interrupting the training. Balance parameter β is set as 0.2 in
our experiments.
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TABLE I: Result on digit classification

Table 1: The results of unsupervised domain adaptation
on digit classification. CBWS denotes confidence-based
weighting scheme and ADA denotes adaptive threshold
adjustment.

Source
Target

MNIST
USPS

USPS
MNIST

SVHN
MNIST

Source Only 82.74 69.50 59.97
Baseline
CBWS
ADA

88.49
90.74
93.04

86.41
88.10
93.90

76.01
77.90
81.01

CBWS+ADA 94.52 96.14 82.41
Target Only 94.96 98.88 98.88

B. Experiment Results

We experiment on four models: baseline model, a model
with confidence-based weighting scheme (CBWS), adaptive
threshold adjustment (ADA) model, and finally a model where
both CBWS and ADA are applied. The baseline model uses a
fixed threshold of 0.7 throughout the whole training. Perfor-
mance of each models are shown in Table 1.

The proposed CBWS and ADA both outperforms the base-
line model showing that both methods better utilizes pseudo-
labels when learning target discriminative representation. From
the fact the ADA model outperforms CBWS model, we can
imply that the ADA model is capable of generating sufficient
and accurate pseudo-labels whereas the CBWS model only
forces the false pseudo-labels to have less influence. Our final
model employing both CBWS and ADA outperforms all other
models implying that the final model retains the appropriate
threshold throughout the training.

Our final model benefits most in the setting of adapting
SVHN to MNIST compared to other settings. Discrepancy
between SVHN and MNIST is large compared to MNIST
and USPS where false pseudo-labels are more likely to be
produced. When the risk of false pseudo-labeling is high,
CBWS and ADA’s ability to lessen the negative influence of
false pseudo-labels is maximized.

We further visualize the distribution of the learnt latent
representation to show the effect of domain adaptation. Latent
representation before adaptation is illustrated in Figure 2 (a)
where the discrepancy between the source and target domain
is large. In contrast, Figure 2 (b) demonstrates the result
of domain adaptation where the discrepancy is significantly
reduced.

V. CONCLUSION

We have proposed a confidence-based weighting scheme for
generating pseudo-labels and an adaptive threshold adjustment
strategy to handle an unsupervised domain adaptation task
efficiently. Confidence-based weighting scheme grants pseudo-
labels with weight proportional to the confidence of target

(a) Before Adaptation (b) After Adaptation

Fig. 2: The distribution of source and target domain samples
before and after the adaptation. Source domain samples are
shown in red and target domain samples are shown in blue.
(a) shows the distribution of source and target domain samples
before adaptation. (b) shows the distribution of source and
target domain samples after adaption

samples. As a result, the negative influence of insufficient and
inaccurate pseudo-labels is reduced, making the performance
less sensitive to the threshold. Adaptive threshold adjustment
is proposed to modify the threshold according to the model’s
adaptation to the target domain. Accordingly, a model is
capable of maintaining the appropriate threshold throughout
the training without any exhaustive search. Evaluation of the
proposed methods for the digit classification shows that the
proposed methods contribute to performance gain in unsuper-
vised domain adaptation task. In the future, we will calibrate
the confidence and accuracy of the classifier to generate more
reliable pseudo-labels.
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