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Unsupervised domain adaptation based on domain adver-
sarial training always suffers from easily-confused samples
in the target domain due to the lack of supervised informa-
tion. To solve this problem, we proposed a metric learning
for domain adversarial network (ML-DAN) method, where
the boundary threshold can be obtained to identify the easily-
confused classes in the target domain by using the classifi-
cation gap. Moreover, the margin between the positive and
negative samples in the triplet loss is adjusted according to
the boundary threshold during the metric learning, and an
effective training batch mechanism is designed to accelerate
the learning process. Finally, the domain alignment between
the source and target domain is performed via domain ad-
versarial training. Therefore, the easily-confused classes in
the target domain can be separated indirectly to enhance the
classification performance of the target domain. The exper-
imental results on four standard benchmarks show that the
ML-DAN method is superior to the state-of-the-art unsuper-
vised domain adaptation methods in terms of the classifica-
tion accuracy and negative transfer effect.

1 Introduction
Many machine leaning and computer vision applications

are the witnesses to the success of deep learning [1], in-
cluding neural network approach [2] and deep reinforcement
learning [3,4]. Especially, image classification based on deep
learning has been applied widely due to its excellent per-
formance. This promising performance depends on a large
number of labeled data for supervised training. However, ac-

∗Address all correspondence related to ASME style format and figures
to this author.

quiring massive labeled data in the practical application is
time-consuming and even infeasible [5–8]. Therefore, an ef-
fective way is to establish the deep learning model by using
the labeled data in the source domain, and apply this model
to the target domain without labeled data. However, there
often exists the domain shift between the source domain and
the target domain [9], and the deep learning model for the
source domain always does not work well in the target do-
main. In this case, the domain adaptation method has been
proposed to reduce the domain shift and enhance the gener-
alization ability of the deep model.

The existing domain adaptation methods [10, 11] al-
ways aim to perform domain alignment between the source
and target domain to alleviate the problem of domain shift.
Specifically, deep learning model is trained by using the la-
beled data in the source domain, and domain adversarial
training is performed to align the feature distribution of the
source and target domain. Therefore, the classification per-
formance in target domain is expected to be good enough.
In fact, the existing methods based on adversarial training
always cannot obtain the satisfying results. This is because
the effect of alignment does not ensure the discriminability
of the target domain, especially when the target data is rel-
atively large compared with the source data. For example,
the target domain samples are likely to be scattered on the
classification boundary even after aligning operation, which
can degrade the classification performance because of easily-
confused classes in the target domain.

The target domain samples are likely to scatter on the
classification boundary due to a lack of label information.
Therefore, how to identify these overlapping classes in the
target domain, called easily-confused classes, becomes the
key to the improvement of classification performance. In-
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Fig. 1. An illustration of the margin for the easily-confused classes.

spired by [12], entropy minimization is used to force the clas-
sification boundary to pass through the low-density area of
the target domain. Then for a given classifier, the entropies
of these target samples scattering on the classification bound-
ary are more likely to become relatively large compared with
samples far away from the boundary. According to this rule,
the output entropies of multi-binary classifiers can be used
to identify the easily-confused classes in the target domain.
Specifically, the high-entropy of a target sample means the
small gap between the maximum classification value and the
second-largest value of the multi-binary classifiers. This tar-
get sample with a small gap is in an uncertain state of classi-
fication. Therefore, we call this target sample a critical sam-
ple, and two classes corresponding to the maximum classifi-
cation value and the second largest value are recognized as
the easily-confused classes. The Fig. 1 provides an illus-
tration of the margin for the easily-confused classes. From
the above figure, we can observe that the easily-confused
classes A and B are scattered around the decision boundary
while the classes C and D are farther away from the bound-
ary. The gap of the multi-binary classifiers for classes A
and B is less than the gap for classes C and D. Therefore,
the higher margin should be allocated to the easily-confused
classes A and B to further separate them. In summary, ac-
cording to the entropy theory, a relatively larger margin cor-
responds to a high entropy value for the multi-binary classi-
fiers, which means there exist some easily-confused classes
for this classifier. Hence, the margin based on the entropy
theory is used to measure the degree to which the classifi-
cation model matches the target domain. Specifically, the

margin is utilized to identify the easily-confused classes in
the target domain.

In order to alleviate the problem of easily-confused
classes, domain adversarial training together with metric
learning are applied to separate the easily-confused classes in
the source domain, and to increase the margin between these
classes in the target domain indirectly. As a result, the clas-
sification accuracy of the target domain can be improved sig-
nificantly in the scenario of unsupervised domain adaptation.
On this basis, the classification gap is defined as the differ-
ence between the maximum output of the multi-binary clas-
sifier and the second largest value, and we propose a metric
learning for domain adversarial network (ML-DAN) where
the classification gap and the associated boundary threshold
are used to identify the easily-confused classes in the target
domain. For each pair of easily-confused classes, an effec-
tive training batch mechanism is designed to dynamically ad-
just the margin between the positive pairs and negative pairs
of the triplet loss in the source domain. Finally, the domain
adversarial network performs the domain alignment to indi-
rectly separate the easily-confused classes in the target do-
main. Therefore, the generalization ability of ML-DAN can
be guaranteed.

The contribution of this paper can be listed as follows:

- In the scenario of unsupervised domain adaptation, the
classification gap and associated boundary threshold for
the multi-binary classifiers are proposed to identify the
critical samples and easily-confused classes in the target
domain.

- A metric learning for domain adversarial network (ML-
DAN) is proposed to dynamically adjust the margin
between the positive pairs and negative pairs of the
triplet loss in the source domain according to the bound-
ary threshold. Furthermore, an effective training batch
mechanism is designed to accelerate the above metric
learning process. Finally, the easily-confused classes in
the target domain can be separated indirectly via domain
adversarial training.

- The experimental results on four standard benchmarks
show that the ML-DAN is superior to the state-of-the-
art unsupervised domain adaptation methods in terms
of classification accuracy and negative transfer effect,
which verifies the effectiveness and advantage of the
proposed method.

2 Related Work
2.1 Domain Adaptation

Domain adaptation mainly solves the problem of the do-
main shift between the source domain and the target domain.
In recent years, the research on domain adaptation can be cat-
egorized as the discrepancy minimizing method and adver-
sarial training method. One of the most representative meth-
ods for discrepancy method is to use maximum mean dis-
crepancy (MMD) loss to map different domain distributions
[13]. In [14], deep adaptation network (DAN) embeds hid-
den representations of all task-specific layers into a reproduc-



ing kernel Hilbert space where the mean embeddings of dif-
ferent domain distributions can be explicitly matched. Joint
distribution adaptation (JDA) [15] aims to construct new fea-
ture representations by jointly adapting both the marginal
and conditional distribution in a dimensionality reduction
way. On this basis, a joint adaptation network (JAN) [16]
method learns a transfer network by aligning the joint dis-
tributions of multiple domain-specific layers across domains
based on a joint maximum mean discrepancy (JMMD) crite-
rion.

The adversarial training method is to use the adver-
sarial training to reduce domain shift. Recently, genera-
tive adversarial networks (GAN) [17] has received so much
attention, and it is natural to apply the idea of adversar-
ial learning to the domain adaptation problem. Domain-
adversarial neural network (DANN) [18] introduces Gradi-
ent Reversal Layer (GRL) to enable the feature extractor
and domain classifiers to conduct adversarial training for do-
main alignment. Adversarial discriminative domain adapta-
tion (ADDA) [11] proposes a general framework for adver-
sarial domain adaptation. In [19], multi-adversarial domain
adaptation (MADA) captures multimode structures to enable
the fine-grained alignment of different data distributions via
multiple domain discriminators. Conditional domain adver-
sarial network (CDAN) [20] proposes a new domain adapta-
tion method, where two novel strategies, multilinear condi-
tioning and entropy conditioning, are used to align the mul-
timodal distributions. Saito et al. [21] attempted to align dis-
tributions of source and target domain by utilizing the task-
specific decision boundaries.

All above-mentioned methods try to align the distribu-
tion between the source and target domain. However, there
always exist the easily-confused classes in the target domain
due to lack of the supervision information, which signifi-
cantly limits the performance of unsupervised domain adap-
tation.

2.2 Metric Learning
Metric Learning [22] aims to map the data into the met-

ric space and learn distance metrics to better measure the
similarity between different objects. The most representative
works are included as follows. Xing et al. [23] proposed
a discriminative distance measure by minimizing the dis-
tance between similar pairs while maintaining the distance
between dissimilar samples. Weinberger et al. [24] learned
a Mahalanobis distance metric for the k-nearest neighbor
(kNN) algorithm from the labeled samples. Davis et al. [25]
proposed a Mahalanobis distance function by minimizing the
relative entropy between multivariate Gaussians.

Some deep metric learning methods have been proposed
to learn more discriminative metrics by exploiting the nonlin-
ear capability of deep learning. For example, in [26], Duan
et al. proposed a deep localized metric learning method to
learn more fine-grained metrics for recognition tasks. Re-
cently, some commonly-used losses have been studied in
deep metric learning, such as lifted structure loss [27], triplet
loss [28], triplet center loss [29], and quadruplet loss [30]. In

particular, triplet loss [28] shows its promising performance
in deep metric learning by enforcing a margin between posi-
tive and negative sample pairs during the training procedure.
The triplet loss is to minimize the distances between the an-
chor and positive samples while maximizing the distances
between the anchor and negative samples. After training by
using the triplet loss, the distance in the embedding space
can measure the semantic similarity degree between various
samples. In ML-DAN, the triplet loss is applied to separate
the samples of easily-confused classes to enhance the clas-
sification performance. Inspired by [28], in this paper, we
dynamically adjust the margin according to the degree of the
confusion between classes in the target domain, and employ
a training batch mechanism to select the triplets that cause
the triplet loss for accelerating the metric learning process.

3 Metric Learning in Unsupervised Domain Adapta-
tion

3.1 Preliminaries
In the scenario of the unsupervised domain adaptation,

labeled samples are drawn from the source domain and de-
noted by Ds = {(xxxs

i ,y
s
i )}

ns
i=1, where xxxs

i and ys
i are the ith

source sample and its label, respectively, i.e., xxxs
i ∈ XS and

ys
i ∈ YS. XS and YS represent the data space and label space

of the source domain, respectively. Similarly, nt unlabeled
samples are drawn from the target domain and denoted by
Dt = {(xxxt

i)}
nt
i=1, where xxxt

i is the ith target sample, i.e., xxxt
i ∈XT .

XT represents the data space of the target domain, and YT
represents the label space of the target domain, notice that
YT is unknown during the training process. S (XS,YS) and
T (XT ,YT ) denote the distribution of the source domain and
the target domain, respectively. We assume that S (XS,YS) 6=
T (XT ,YT ), YS=YT and |YS|= |YT | = k. Our goal is to si-
multaneously learn the feature extractor F : (XS,XT )→ Rn,
the label classifier Cm : Rn → Rk, the multi-binary classi-
fiers Cb : Rn→Rk, and the domain classifier D : Rn→{0,1}
through training. For multi-binary classifiers, the ith binary-
classifier corresponds to the ith class (i ∈ {1, ...,k}), and for
the domain classifier, the samples are predicted to be the
source domain (D(xxx) = 1) or the target domain (D(xxx) = 0).
So the classification model H =Cm◦F can accurately predict
the labels of samples from the target domain.

3.2 Triplet loss for domain adversarial
The traditional domain adaptation method based on the

domain adversarial cannot effectively address the problem
of the wrongly classified target samples. In general, the do-
main alignment operation is a more coarse-grained approach
for classifying the target samples due to lack of supervised
information. Particularly, target samples scattered over the
decision boundaries are easily misclassified. Therefore, in
order to prevent these target samples from falling into the
wrong category during the domain adversarial, we exploit
the metric learning to push these target samples away from
the corresponding boundary.

Metric learning is to project samples into the metric



space, such that the distances between samples of the same
class are small, whereas the distances between samples of
different classes remain relatively large. Therefore, metric
learning is the effective way to separate the critical samples
in the target domain from the boundaries. Among various
losses in metric learning, the motivation of triplet loss is de-
signed to enforce the margin between a pair of samples from
the same class and a pair from the different classes, which
can increase discriminability to each class in the target do-
main. Here we define triplet loss as follows:

EG =
[∥∥G(F (xxxs

i ))−G
(
F
(
xxxs

j
))∥∥2 −

‖G(F (xxxs
i ))−G(F (xxxs

m))‖
2+

Mt
(a,b)

]
+
,

(xxxs
i ,yi) ,

(
xxxs

j,y j
)
,(xxxs

m,ym) ∈Ds,

yi = y j = ya,ym = yb,

(1)

where F is the feature extractor, and G is the metric gener-
ator. Ds denotes the source domain set. Source samples xxxs

i
and xxxs

j are drawn from the class ya, and source sample xxxs
k

is drawn from the class yb. Moreover, Mt
(a,b) represents the

margin between the class ya and yb, which can be dynami-
cally adjusted. [q]+ = q if q≥ 0; otherwise, [q]+ = 0.

In the metric space, samples from the same class form
the positive pairs, and samples from the different classes
form the negative pairs. Minimizing the triplet loss in Eq. (1)
is to enforce the margin between the positive pairs and the
negative pairs, i.e., the distance between the negative pairs
are expected to be at least Mt

(a,b) larger than the distance be-
tween the positive pairs. Furthermore, Mt

(a,b) can be adjusted
according to the degree of confusion. Specifically, if the neg-
ative pairs come from the easily-confused classes in the tar-
get domain, Mt

(a,b) needs to be set to a relatively large value.
As a result, samples from the easily-confused classes can be
separated by a larger margin.

3.3 Training batch mechanism based on margin
Each batch is composed of both labeled source sam-

ples and unlabeled target samples. The target samples in a
batch are used to identify the easily-confused classes, and
the source samples in the same batch are used to form the
triplets in Eq. (1). During the metric learning process, for
each triplet

(
xxxs

i ,xxx
s
j,xxx

s
k

)
, if the corresponding triplet loss in

Eq. (1) EG > 0, then this triplet is an effective triplet to par-
ticipant in the metric learning. Therefore, this triplet can ac-
celerate the convergence speed of metric learning, and shrink
the intra-class distance and extend the inter-class distance in
metric space.

First, we need to identify the target samples in each
batch close to the classification boundary, which are called
critical samples. Obviously, the classes corresponding to
these critical samples are recognized as easily-confused
classes. Due to no label information available in the target

domain, here we propose to identify the critical samples via
the multi-binary classifiers.

In the supervised training, we train multi-binary clas-
sifiers for the classification of the source samples, where
each class corresponds to a binary classifier. If a target sam-
ple is close to the classification boundary, the predicted val-
ues of the corresponding two or more binary classifiers will
increase accordingly, i.e., the output entropy of the multi-
binary classifiers will become relatively high. Specifically,
a multi-binary classifiers Cc

b |kc=1 (i.e., k is the number of
classes) output predictions for a given target sample, and
the gap between the maximum classification value and the
second maximum value, called the classification gap, can be
used to measure the degree of class confusion. The smaller
the classification gap is, the more likely the target sample is
the critical sample. Hence we define the maximum classifi-
cation value and the second maximum value as follows:

y j
a = argmax

yi

P̂
(
yi|xxxt

j
)
,xxxt

j ∈ X batch
T , i ∈ {1, ...,k} , (2)

y j
b = argmax

yi 6=y j
a

P̂
(
yi|xxxt

j
)
,xxxt

j ∈ X batch
T , i ∈ {1, ...,k} , (3)

where X batch
T is the target sample set in a batch, P̂

(
yi|xxxt

j

)
is

the prediction value of the ith binary classifiers Ci
b for xxxt

j, and

y j
a and y j

b denote the class corresponding to the maximum and
the second maximum prediction of the multi-binary classi-
fiers, respectively. Notice that the output of the classifier for
the target sample is called the pseudo label due to no label
information during the training. We define the classification
gap d j

(a,b) as:

d j
(a,b) = P̂

(
y j

a|xxxt
j
)
− P̂

(
y j

b|xxx
t
j

)
,xxxt

j ∈ X batch
T . (4)

On this basis, the training batch mechanism consists of the
following steps:

1) t denotes batch number counter, and X batch
T denotes the

target sample set in a batch. For each xxxt
j ∈X batch

T , the classifi-

cation gap d j
(a,b) is calculated according to Eq. (4), and X batch

T

is ranked by d j
(a,b) in ascending order. Then the top-l target

samples of X batch
T form the critical sample set X c

T . For each
xxxt

j ∈ X c
T , y j

a and y j
b correspond to a pair of easily-confused

classes according to Eq. (2) and (3). Hence the easily-

confused class set can be defined as Dy =
{(

y j
a,y

j
b

)}l

j=1
.

2) Define the boundary threshold β(a,b) as

β(a,b) = α0 +µ log

 1

d j
(a,b)

 ,∀
(

y j
a,y

j
b

)
∈Dy, (5)
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Fig. 2. Metric Learning for Domain Adversarial Network(ML-DAN).

where α0 is the initial value, µ is an adjustable coefficient,
and d j

(a,b) is the classification gap of the easily-confused

classes y j
a and y j

b. The smaller d j
(a,b) corresponds to more

confused classes in the feature space, which means the
boundary threshold β(a,b) should be assigned a larger value
to further separate y j

a and y j
b.

3) Define the margin Mt
(a,b) in the triple loss:

Mt
(a,b) =

{
β(a,b), t = 1,

1
t

(
(t−1)Mt−1

(a,b)+β(a,b)

)
, t > 1,

(6)

where t is the batch number during the training. Accord-
ing to the Equ. 5, the boundary threshold β(a,b) is calcu-
lated to measure the distance between the class a and b, an
easily-confused class pair, by using target samples in one
batch. In consideration of randomness, it is not guaranteed
that β(a,b) can calculate an accurate and stable distance be-
tween an easily-confused class pair within one batch process.
So we design to use the margin to express the more accurate
easily-confused class distance in an iterative manner. The
margin Mt

(a,b) denotes the average of the boundary thresh-
old β(a,b) over all t batches, which can further improve the
estimation accuracy of the classification gap of the easily-
confused classes y j

a and y j
b.

4) When Mt
(a,b) is given, for each

(
y j

a,y
j
b

)
∈Dy, we extract

the triplet
((

xxxs
i ,y

j
a

)
,
(

xxxs
j,y

j
a

)
,
(

xxxs
k,y

j
b

))
∈Ds to meet the re-

quirement of EG > 0 in Eq. (1), and this triplet is included in
X batch

S , i.e., the source sample set in this batch. Note that if
no samples can meet this requirement, samples are randomly
selected from Ds to form X batch

S .

In each batch during the training, the critical samples
and the easily-confused classes are identified via the target
samples, and the margin is calculated to measure the con-
fusion degree of classes in the target domain. Then in the

same batch, source samples are selected to ensure that the
triplet constraint in Eq. (1) is violated. Therefore, in each
batch, there are source samples that can contribute to the
triplet loss, which can accelerate the metric learning. As a
result, easily-confused classes in the source domain are ef-
fectively separated by a large margin. On this basis, after the
alignment operation, the easily-confused classes in the target
domain can also be separated indirectly.

3.4 Metric learning for domain adversarial network
Fig. 2 shows the framework of our proposed metric

learning for domain adversarial network (ML-DAN), which
mainly consists of five parts, including feature extractor F ,
multi-classifier Cm, multi-binary classifiers Cc

b |kc=1, metric
generator G, and domain classifier D.

First, in each batch, the target sample set X batch
T , ran-

domly extracted from the target domain, is inputted into the
feature extractor F and the multi-classifier Cm to minimize
the entropy loss as follows,

Ee =−
1∣∣X batch

T

∣∣ ∑
xxx∈X batch

T

H (Cm (F (xxx))), (7)

where H (�) is the entropy function. Minimizing the entropy
is to reduce the uncertainty of the target domain and force
the decision boundary to pass through the low-density area
for better clustering effect.



Algorithm 1 Metric Learning for Domain Adversarial Network
Input:

labeled source samples: Ds = {(xxxs
i ,y

s
i )}

ns
i=1 ;

unlabeled source samples: Dt = {(xxxt
i)}

nt
i=1 ;

F : X → Rn: feature extractor parameterized by θ f ;
Cm : Rn→ Rk: multi-classifier parameterized by θm;
Cc

b |kc=1 : Rn→ Rk: multi-binary classifiers parameterized by θb;
D : Rn→{0,1}: domain classifier parameterized by θd ;
G : Rn→ Rm: metric generator parameterized by θg;
T : number of iterations;

1: load parameters pre-trained from the ImageNet to θ f ;
2: set t = 0;
3: while t < T do
4: for each batch X batch

T ⊂Dt do
5: calculate Ee for X batch

T by Eq. (7);

6: find l pairs of easily-confused classes Dy =
{(

y j
a,y

j
b

)}l

j=1
by Eq. (4);

7: for j = 1; j ≤ l; j++ do
8: xxxs

i and xxxs
j are selected from class y j

a in Ds;

9: xxxs
k is selected from class y j

b in Ds;

10: if the triplet
((

xxxs
i ,y

j
a

)
,
(

xxxs
j,y

j
a

)
,
(

xxxs
k,y

j
b

))
∈Ds meets the requirement EG > 0 in Eq. (1), then

{
xxxs

i ,xxx
s
j,xxx

s
k

}
⊂

X batch
S ;

11: end for
12: randomly select samples from Ds to form the remaining samples in X batch

S ;
13: calculate Es

m for X batch
S by Eq. (8);

14: calculate Es
b for X batch

S by Eq. (9);
15: calculate ED for

(
X batch

S ,X batch
T

)
by Eq. (10);

16: update θ f ,θm,θb,θd and θg by optimizing the Eq. (11) using stochastic gradient descent;
17: end for
18: t = t +1;
19: end while
Output: model parameters θ f ,θm,θb,θd and θg.

Second, in the same batch, the source sample set X batch
S

is inputted into the feature extractor F , and extracted fea-
tures will feed into the multi-classifier Cm and the multi-
binary classifiers Cc

b |kc=1, respectively. The loss for these two
classifiers can be defined as

Es
m =

1∣∣X batch
S

∣∣ ∑
xxxi∈X batch

S

Ly (Cm (F (xxxi)) ,yi) , (8)

Es
b =

k

∑
c=1

1∣∣X batch
S

∣∣ ∑
xxxi∈X batch

S

Lb (Cc
b (F (xxxi)) , I (yi,c)) , (9)

where yi is the true label of the source sample xxxi, Ly and Lb
are the cross-entropy loss and binary cross-entropy loss, re-
spectively. I (yi,c)=1 if yi=c; otherwise, I (yi,c)=0.

Finally, the extracted features of X batch
T and X batch

S are
forwarded into the domain classifier D alternately. the output
of D : Rn→{0,1} discriminates between the source features

and the target features, while the feature extractor F tries
to fool D. Through the above adversarial training, the dis-
tribution between the source domain and the target domain
is aligned for generating the domain-invariant features. The
loss for adversarial domain discriminator is defined as

ED =− 1∣∣X batch
S

∣∣ ∑
xi∈X batch

S

logD(F (xi))−

1∣∣X batch
T

∣∣ ∑
x j∈X batch

T

log(1−D(F (x j))).

(10)

The whole training can be expressed as

max
D

min
F,Cm,Cc

b |
k
c=1

Es
m +Es

b +ζEG +ηEe−ED, (11)

where ζ and η are hyper-parameters to trade off the loss. In
summary, the detailed procedure of the ML-DAN is listed in
the algorithm description.



4 Experiments
4.1 Datasets and implementation details

Office-31 is the most commonly-used benchmark
dataset in the field of the domain adaptation. The dataset
consists of three domains: Amazon (A), Webcam (W) and
Dslr (D), and each domain has 31 classes. There are 4110
images in total and the images in Amazon are from the ama-
zon.com, and the images in Dslr and Webcam are taken by
digital SLR camera and web camera, respectively. To enable
an unbiased evaluation, we will evaluate all the methods on
6 transfer tasks: A→W, D→W, A→D, W→D, D→A and
W→A.

Office-Home dataset consists of four domains: Art
(AR), Clipart (CI), Product (PR), and Real-World (RW). The
dataset contains 15,500 images, and each domain is com-
posed of the images from 65 classes. A total of 12 transfer
tasks are evaluated on these four domains.

ImageCLEF-DA is a benchmark dataset for the task of
the image annotation in the domain adaptation. The dataset
contains 3 domains: Caltrch-256 (C), ImageNet ILSVRC
2012 (I), and Pascal VOC 2012 (P). 12 common categories
are shared by the above 3 domains, and 600 images com-
pose each domain. We evaluate all the methods on 6 transfer
tasks: I→P, P→I, I→C, C→I, C→P and P→C.

Visda2017 is a fairly large dataset in the field of visual
domain adaptation, which provides two different domains:
Synthetic, 3D renderings synthesized from different angles
and different lighting conditions, and Real, real world images
collected from MSCOCO. There are 280,000 images in this
dataset, and 12 categories in each domain.

All experiments are implemented using the Pytorch
framework. We compare ML-DAN with the most repre-
sentative methods for the unsupervised domain adaptation.
These methods include Deep Adaptation Network (DAN)
[14], Reverse Gradient (RevGrad) [31], Domain Adversar-
ial Neural Network (DANN) [18], Joint Adaptation Net-
work (JAN) [16], Adversarial Discriminative Domain Adap-
tation (ADDA) [11], Multi-Adversarial Domain Adaptation
(MADA) [19], Maximum Classifier Discrepancy (MCD)
[21] and Conditional Domain Adversarial Network (CDAN)
[20]. The performances of the above methods are evaluated
in the same environment for fairness. For each experiment,
we take the average of the results over the 3 repetitions.

For ML-DAN, the feature extractor uses ResNet50 pre-
trained on ImageNet [31], whose output is 1000-dimensional
feature vectors. The two-layer neural networks are designed
for multi-binary classifiers, multi-classifiers and metric gen-
erator. We use the mini-batch SGD with the momentum 0.9.
In all experiments, batch size is set to 32, and the learning
rate is set to 0.01. Moreover, we set η in Eq. (11) to 0.1 and
the initial value α0 of the margin to 5.

4.2 Parameters Sensitivity
In this experiment, there exist l critical samples in the

target batch according to the definition of the easily-confused

class set Dy =
{(

y j
a,y

j
b

)}l

j=1
. we first discuss the impact of

l on the tasks: D→A and W→A in the Office-31 dataset,
and the experimental results are shown in Table 1. We can
observe that in both tasks, the accuracy of ML-DAN fluctu-
ates slightly with the different value of l, and when l is set to
2, ML-DAN can achieve best average accuracy. Therefore,
in the following experiments, we set l to 2.

Then, we discuss the impact of ζ, the weight coefficient
of the triplet loss, in Eq. (11) on the tasks: D→A and W→A
in the Office-31 dataset. The experimental results in Table 2
show that the accuracy does not vary significantly, and when
the weight coefficient ζ is 0.08, the best average accuracy can
be achieved. Therefore, in the following experiments, we set
ζ to 0.08.

In addition, the introduction of the margin in Eq. (6) is
an important part of the proposed ML-DAN. Different from
the existing methods using the fixed value as the margin,
ML-DAN dynamically adjusts the margin between the pos-
itive pairs and negative pairs of the triplet loss in the source
domain according to the boundary threshold. That is the
larger the boundary threshold is, the more difficult it is to
separate corresponding target classes in the feature space.
Hence, the larger margin in the triplet loss function is in-
troduced to increase the separation distance of correspond-
ing source classes in the metric space. In D→A and W→A
tasks, the final experimental results in Table 3 also show that
the dynamic adjusting margin can achieve the best average
accuracy, which verifies the effectiveness of the proposed
ML-DAN.

Table 1. Accuracy (%) of D→A and W→A tasks with different l.

l D→A W→A Avg

1 71.35 71.12 71.24

2 72.18 71.19 71.69

3 71.81 71 71.41

4 71.72 71.26 71.5

5 70.94 71.07 71.01

Table 2. Accuracy (%) of D→A and W→A tasks with different
weight ζ.

ζ D→A W→A Avg

0.01 69.98 69.15 69.57

0.05 70.79 69.77 70.28

0.08 72.18 71.19 71.69

0.1 72.03 69.96 71

0.2 70.95 71 70.98

0.5 70.49 69.74 70.12



Table 3. Accuracy (%) of D→A and W→A tasks with different
weight margin.

margin D→A W→A Avg

0.1 71.36 70.78 71.07

0.2 70.75 71.18 70.97

0.4 69.96 70.81 70.39

0.6 71.15 70.77 70.96

0.8 70.88 71.23 71.01

1 71.21 69.95 70.58

dynamic adjusting margin 72.18 71.19 71.69

4.3 Performance Comparison
Table 4 - 7 show the classification accuracy of ML-DAN

and other comparable methods on Office-31, Office-home,
ImageCLEF-DA and Visda2017, respectively. The results
show that ML-DAN outperforms the other methods by a
large margin on these four datasets, and except that CDAN
achieves higher accuracy on the I→C task of ImageCLEF-
DA, ML-DAN yields significant improvements in both the
specific task accuracy and the average accuracy under the
scenario of unsupervised domain adaption.

From Table 4 to Table 7, the advantage of ML-DAN lies
in the following: the effective way to identify the easily-
confused class set in the target domain, the introduction of
triplet loss based on the dynamic adjusting margin, and an
efficient training batch mechanism for accelerating the met-
ric training process. Finally, the combination of the domain
adversarial training and metric learning can enhance the per-
formance of the proposed ML-DAN. The above experiments
also verify the superiority and generalization of the ML-
DAN method.

Figure 3 shows the negative transfer of DANN, CDAN,
and ML-DAN when compared with ResNet, and the experi-
ments are conducted on the D→A task of Office-31. DANN
and CDAN suffer from the negative transfer in most classes.
Meanwhile, except for ML-DAN has the negative gain in
the first class, ML-DAN obtains the positive gain in other
classes. Therefore, under the conditions of the domain shift,
ML-DAN can improve the classification accuracy on most
transfer tasks.

4.4 Ablation Experiments
In this subsection, the different loss function combina-

tions will be evaluated in term of the classification accuracy
of ML-DAN on the office31 dataset. The experimental re-
sults are shown in Table 8.

(1) Es
m vs. Es

m−ED vs. Es
m + ζEG. Compared with Es

m,
the target accuracy improved by Es

m−ED on small-to-large
transfer tasks is not as high as that by using Es

m+ζEG. This is

due to the fact that insufficient samples in the source domain
result in less original joint distribution information. Though
the domain alignment is performed between the source and
target domain, the better clustering effect of the target sam-
ples is hard to be achieved. While the triplet loss in the met-
ric space can effectively separate the target classes to further
enhance the target accuracy.
(2) Es

m + ζEG−ED vs. Es
m + ζEG vs. Es

m−ED. Compared
with Es

m + ζEG and Es
m − ED, Es

m + ζEG − ED corresponds
to the combination of the triplet loss and domain alignment
loss, the performance of which is relatively better than that of
the above two terms. This further validates that the domain
alignment combined with the dynamical margin in the triplet
loss can more effectively separate the easily-confused classes
in the target domain.
(3) Es

m+ηEe−ED vs. Es
m+ζEG+ηEe−ED vs. Es

m+Es
b+

ζEG +ηEe−ED. The use of target entropy loss is to reduce
the uncertainty of the target domain for better clustering ef-
fect, and the multi-binary classifiers are designed to calculate
the classification gap for identifying the critical samples and
the corresponding easily-confused classes. The combination
of all these losses can guarantee the superior performance of
the proposed ML-DAN method.

From the ablation experiments, we can also obtain the
conclusion that the domain adversarial training plus triplet
loss are the major factor improving the performance for rel-
atively smaller source domain samples. It is due to the fact
that samller source samples can provide limited supervised
information, and the scattering of target domain will become
more significant. Therefore, the domain adversarial training
plus triplet loss will play a critical role in the improvement
in classification performance.

4.5 Performance Demonstration
In this subsection, we will validate the effectiveness of

ML-DAN by comparing the cosine distances among the pos-
itive pairs and negative pairs in the target domain. Specif-
ically, each positive and negative pair are composed of an
anchor, a positive sample and a negative sample from the
easily-confused classes during the training procedure. As
we know, cosine distance is a measure of difference between
two vectors in the feature space, and a larger cosine distance
means the further separation of two features. From Table 9,
in DA, the negative pair distance, i.e. the distance between
the anchor and the nearest negative sample, is less than or
comparable to the positive pair distance, i.e. the distance be-
tween the anchor and the farthest positive sample. This is
why the DA method suffers from the easily-confused classes
in the target domain. In contrast, the proposed ML-DAN can
improve the classification performance by identifying and
separating the easily-confused classes. In Table 9, ML-DAN
effectively increases the negative pair distances while reduc-
ing the positive pair distances, as a result, the positive pair
distances are always significantly less than the negative pair
distance. Hence, the content of Table 9 verifies the advantage
of ML-DAN again.



Table 4. Accuracy (%) on Office-31 for unsupervised domain adaptation (ResNet-50).

Method A→W D→W W→D A→D D→A W→A Avg

Resnet50 68.4 96.7 99.3 68.9 62.5 62.7 76.4

DAN 80.5 97.1 99.6 78.6 63.6 62.8 80.4

DANN 82 96.9 99.1 79.7 68.2 67.4 82.2

ADDA 86.2 96.2 98.4 77.8 69.5 68.9 82.8

JAN 85.4 97.4 99.8 84.7 68.6 70 84.3

MADA 90 97.4 99.6 87.8 70.3 66.4 85.2

MCD 89.6 98.5 100 91.3 69.6 70.8 86.6

CDAN 93.1 98.2 100 89.8 70.1 68 86.6

ML-DAN 93.64 99.05 100 94.56 72.18 71.19 88.44

Table 5. Accuracy (%) on Office-Home for unsupervised domain adaptation (ResNet-50).

Method Ar→CI Ar→Pr Ar→Rw CI→Ar CI→Pr CI→Rw Pr→Ar Pr→CI Pr→Rw Rw→Ar Rw→CI Rw→Pr Avg

Resnet50 42.5 50 58 37.4 41.9 46.2 38.5 42.4 60.4 53.9 41.2 59.9 47.7

DAN 43.6 57 67.9 45.8 56.5 60.4 44 43.6 67.7 63.1 51.5 74.3 56.3

DANN 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

JAN 45.9 61.2 68.9 50.4 59.7 61 45.8 43.4 70.3 63.9 52.4 76.8 58.3

CDAN 49 69.3 74.5 54.4 66 68.4 55.6 48.3 75.9 68.4 55.4 80.5 63.8

ML-DAN 56.41 73.17 76.71 61.23 70.27 71.58 60.55 53.54 78.59 69.63 61.4 83.08 68.01

Table 6. Accuracy (%) on ImageCLEF-DA for unsupervised domain adaptation (ResNet-50).

Method I→P P→I I→C C→I C→P P→C Avg

Resnet50 74.8 83.9 91.5 78 65.5 91.2 80.8

DAN 74.5 82.2 92.8 86.3 69.2 89.8 82.5

DANN 75 86 96.2 87 74.3 91.5 85

JAN 76.8 88 94.7 89.5 74.2 91.7 85.8

MADA 75 87.9 96 88.8 75.2 92.2 85.9

CDAN 76.7 90.6 97 90.5 74.5 93.5 87.1

ML-DAN 79.17 92 96 91.33 76.67 94.33 88.25

4.6 Robustness Analysis

The effective way to evaluate the robustness of vari-
ous methods is to measure the anti-noise ability. Accord-
ing to [32],virtual adversarial training (VAT) is employed to
calculate the gradient of loss function to generate the noisy
target input samples, which can test the classification per-
formance of the corresponding methods. Furthermore, the
scaling weight In is used to control the degree of noise, and
higher In means more noisy input data. From Table 10, we
can observe that all methods degrade the performance with

the increase of In. However, ML-DAN still outperforms the
other methods in all cases, and has smaller drop in perfor-
mance.

5 Conclusion
In this paper, we proposed a Metric Learning for Do-

main Adversarial Network (ML-DAN), which can outper-
form the existing methods for unsupervised domain adap-
tation by improving the classification accuracy of easily-



Fig. 3. The negative transfer influence on the D→A task of Office-31.

Table 7. Accuracy (%) on Visda2017 for unsupervised domain
adaptation (ResNet-50).

Method Synthetic→Real

Resnet50 52.4

RevGrad 57.4

DAN 61.1

MCD 71.9

CDAN 73.7

ML-DAN 75.27

confused classes of the target domain. Specifically, ML-
DAN can provide the performance guarantee by identifying
easily-confused classes, dynamically adjusting the margin in
the triplet loss, and designing the training batch mechanism.
Finally, the domain alignment between the source and tar-
get domain is performed via domain adversarial training to
indirectly separate the easily-confused classes. Extensive ex-
perimental results demonstrate that ML-DAN can provide a

significant improvement in classification performance in the
scenario of UDA when compared with the existing methods.
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