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a b s t r a c t 

Domain gaps between different datasets limit the generalization ability of CNN models. Precise evaluation 

on the domain gap has potential to assist the promotion of CNN generalization ability. This paper pro- 

poses a computational framework to evaluate gaps between different domains, e.g. , judging which one 

of source domains is closer to the target domain. Our model is based on the observation that, given a 

well-trained classifier on the source domain, the entropy of its classification scores of the output layer 

can be used as an indicator of the domain gap. For instance, smaller domain gap generally corresponds 

to smaller entropy of classification scores. To further boost the discriminative power in distinguishing 

domain gaps, a novel training strategy is proposed to supervise the model to produce smaller entropy 

on one source domain and larger entropy on other source domains. This supervision leads to an efficient 

and discriminative domain gap evaluation model. Extensive experiments on multiple datasets including 

faces, vehicles, fashions, and persons, etc . show that our method can reasonably measure domain gaps. 

We further conduct experiments on domain adaptive person ReID task and our method is adopted to pre- 

trained model selection, pre-trained model fusion, source dataset fusion, and source dataset selection. As 

shown in the experiments, our method substantially boosts the ReID accuracy. To the best of our knowl- 

edge, this is an original work focusing on computational domain gap evaluation. Our code is available at 

https://github.com/liu-xb/DomainGapEvaluation . 

© 2021 Published by Elsevier Ltd. 
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. Introduction 

Deep Neural Networks (DNNs) have exhibited impressive per- 

ormance in many tasks, such as instance Re-Identification (ReID) 

2,3,57–;59] , semantic segmentation [4] , object detection [5] , ob- 

ect tracking [54–;56] , etc . In those tasks, it is well known that, a

ell-trained DNN model may perform inferiorly on different target 

omains because of the domain gap issue. For example, the perfor- 

ance of ReID drops a lot on domains other than training domains 

s discussed in previous works [1,6,60] . It can also be inferred that, 

he scale of domain gaps varies among different datasets and larger 

omain gaps lead to more substantial performance degradations. 

or example, in person ReID task on DukeMTMC-reID [8] dataset, 

he model pre-trained on Market-1501 [9] performs better than 

he model pre-trained on CUHK03 [10] . Recently, many works try 

o tackle the domain gap issue from various aspects, e.g. , at- 

ention [7] , adversarial leaning [11] , Maximum Mean Discrepancy 
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MMD) based methods [12,13] . However, few works focus on the 

easurement of domain gap. 

A computational method for domain gap evaluation is impor- 

ant, as it could assist many studies to boost the CNN general- 

zation ability, such as transfer learning, domain adaptive learn- 

ng, federated learning, etc. For example, domain adaptive person 

eID task needs to choose an initial CNN model from several mod- 

ls pre-trained on different source datasets. In this case, domain 

ap evaluation can indicate which source domain is the closest 

ne to the target domain. Choosing the model pre-trained on the 

losest source domain helps to promote the ReID performance on 

he target domain. Currently, the computational method for do- 

ain gap evaluation is still under-explored. This work is hence 

otivated to propose a computational method for domain gap 

valuation. 

It is not easy to directly train a domain gap evaluation model 

ue to the lackage of domain gap annotation. We observe that, 

omain gap affects the distribution of classification outputs and 

arge domain gap makes fuzzy classification scores. For example, 

or a well-trained classifier on the source domain, the testing data 

rom a similar domain would produce a classification score vec- 

or with small entropy. As illustrated in Fig. 1 , a classifier trained 

https://doi.org/10.1016/j.patcog.2021.108293
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patcog
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Fig. 1. Illustration of the classifier outputs on different domains. The classifier is 

trained on Cars196 [14] . The curve below each domain shows the predicted prob- 

abilities over different categories in Cars196 . It is clear that, the car dataset Com- 

pCars [15] produces smaller entropy than the face dataset LFW [16] . The entropy 

below each curve is normalized by the maximum entropy ln (C ) , where C denotes 

the number of categories in Cars196 . 
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s

n Cars196 [14] produces classification scores with small entropies 

hen tested on CompCars [15] . When tested on the face dataset 

FW [16] , it produces classification scores with high entropies, in- 

icating larger classification uncertainty. In other words, the output 

ntropy of classification model can be used as an indicator of the 

omain gap between training and testing datasets. 

Based on this observation, several methods for out-of- 

istribution detection [17–19] use the output probability of a clas- 

ification model to detect whether a sample is from the training 

omain. However, these methods do not evaluate the gaps among 

ifferent domains. As models in these methods is trained only on 

 single domain, they are only aware of the distribution of train- 

ng domains. The outputs of different models trained on different 

ource domains are independent to each other. Thus, the outputs 

y different classification models are not comparable to each other 

or domain gap evaluation. 

In this paper, we target to learn domain gap evaluation models 

n different source domains with comparable outputs and aware- 

ess of domain gaps. To this end, a multi-task learning strategy is 

sed to encourage the model to output different entropy on dif- 

erent domains. Specifically, a classification model is trained on a 

ource domain with classification loss. In the meantime, samples 

rom other source domains are also fed into the model and trained 

ith proposed entropy loss, which encourages the output entropy 

o be the maximum value. After training, the entropy of the tar- 

et domain can indicate the relationship of gaps between different 

raining domains and the target domain. By comparing the output 

ntropy of the target domain by different models with classifica- 

ion loss applied on different source domains, the relationship of 

aps between different source domains and target domain can be 

btained. 

The proposed method is evaluated on multiple public datasets 

ncluding ImageNet [20] , PACS [21] , Office [22] , DeepFashoin [23] , 

ace datasets like PubFig83 [24] , vehicle datasets like VeRi [25] , as 

ell as person datasets like MSMT17 [6] . Extensive experiments 

how that our method produces reasonable results on domain 

ap evaluation. For example, it indicates that semantically related 

atasets generally show smaller domain gaps than ones with dis- 

inct semantics. We further conduct experiments on domain adap- 

ive person ReID task. As shown in experiments, our method helps 

o boost the performance on target domains, presenting the guid- 

nce for domain adaptive learning. 

CNN suffers from substantial performance degradation due to 

he domain gap issue. It is still a critical task to boost the CNN

eneralization ability on different target domains. To the best of 

ur knowledge, this is an original work studying the domain gap 

valuation. It has potential to reveal the reason for domain gap, as 

ell as to assist future studies on CNN structures and optimization 

ethods towards better generalization ability. 
2 
. Related work 

.1. Domain adaptation 

Domain adaptation has been widely studied in many tasks from 

arious aspects. Generative Adversarial Network (GAN) models are 

idely used to generate data that has approximate distribution 

ith target domains. For example, Wei et al. [6] propose a GAN 

odel to generate images that share the same distribution with 

arget domains. Those generated images are used to bridge the 

omain gaps between different person datasets. Besides generat- 

ng image, some researchers try to extract domain invariant fea- 

ures on different domains. For example, Cohen et al . [26] and 

iu et al . [27] use adversarial learning to extract domain invari- 

nt features. There are also some methods based on MMD met- 

ic [12,28,29] . Despite the improvement on domain adaptation, 

ow to measure the domain gap is still not yet studied. 

Constraint on entropy is also commonly used on unlabeled 

ataset for domain adaptation task to obtain precise classification 

esults on unlabeled data, e.g. , a loss also called “entropy loss” is 

sed by Vu et al. [30] to minimize entropy on unlabeled data. Al- 

hough our proposed method is also a constraint on entropy, it 

as different motivation, com putation and results with previous 

ethods. The motivation of reducing entropy on unlabeled data in 

revious methods is reducing the uncertainty and improving the 

ccuracy of classification on unlabeled data. While, proposed en- 

ropy loss is motivated to improve the entropy on other source do- 

ains and make the model aware of domain gap between target 

omain and different source domains. Thus, the computations of 

roposed entropy loss are completely opposite with previous ones, 

.e. , we enlarge the entropy on other source domains while previ- 

us methods reduce the entropy on unlabeled data. The training 

esults are also different by our method and previous ones. The 

odels trained by proposed entropy loss output maximum entropy 

n other source domains and are used for domain gap evaluation. 

hile previous models perform classification on target domain. 

Achille et al. [31] propose a TASK2VEC method to embed task 

nto a vector to evaluate the distance between tasks, which is sim- 

lar with our method. However, TASK2VEC focuses on task which 

s relative to the labels. Thus, different tasks on the same domain 

ill have different embedding by TASK2VEC. While we focus on 

omains, i.e. , distribution of data. Thus, we only use the classifi- 

ation task in training to eliminate the difference caused by differ- 

nt tasks. Compared with TASK2VEC that needs labels in target do- 

ains, our method avoids the dependence on labels in target do- 

ains, making it more practical in unsupervised adaptive learning 

or person ReID task where target domains are unlabeled. More- 

ver, ReID task is not a training task and no direct loss is com- 

uted for this task, thus, the gradient based TASK2VEC is also not 

uitable. 

Cheplygina et al. [32] review a number of articles to study 

hether medical data or nonmedical data is helpful for CT im- 

ges recognition. Although intuitively medical data will be help- 

ul, small scale of medical data makes CNN model easy to overfit. 

hus, those nonmedical data will be helpful to avoid overfitting. 

here are also some researchers focus on detecting and under- 

tanding dataset bias [33–35] . However, domain bias detected by 

hese methods can not precisely reflect the domain gap in transfer 

earning based on CNN. Compared with them, proposed domain 

ap evaluation method is evaluated on several transfer learning 

asks. 

.2. Out-of-distribution detection 

Out-of-distribution detection aims to detect whether a test 

ample is from the training domain. There exist many methods 
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Fig. 2. Illustration of proposed multi-task learning strategy. Black arrows denote 

forward propagation, red arrows denote backward propagation, and black dotted 

arrows denote probabilities are updated after the model being trained by � cls and 

� ent . (For interpretation of the references to colour in this figure legend, the reader 

is referred to the web version of this article.) 
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o handle this task [17–19] . Devries et al. [19] propose a confi- 

ence estimation method to predict whether a sample comes from 

he training domain. Liang et al . [18] propose to use temperature 

caling and perturbations on the input to separate distributions of 

oftmax scores between in- and out-of-distribution samples. The 

bove methods focus on detecting if a sample belongs to the train- 

ng domain. However, they are not able to measure and compare 

he scale of domain gaps, e.g. , they are not able to tell which

ource domains are closer to a target domain. Differently, proposed 

ethod aims to measure gaps between domains. 

.3. Set-to-set distance 

Many works have been proposed to compute the distance be- 

ween image sets [36–38] . For example, Lu et al . [38] define 

he set-to-set distance as the average distance of samples in one 

et to the corresponding closest samples in another set. Zhu 

t al. [36] use the minimize distance between two hulls as the dis- 

ance between two sets. Those methods are based on image pair 

imilarity computed by shared models and mainly aim to achieve 

etter image set recognition accuracy. Compared with set-to-set 

istance computation, domain gap evaluation is more complicated 

nd challenging. Images in a set commonly belong a single cate- 

ory and different image sets belong to a same domain. However, 

n image domain commonly consists of multiple categories and a 

arge number of images. This makes it time-consuming to com- 

ute image pairs similarity across domains and also hard to obtain 

 shared model for feature extraction on different domains. More- 

ver, domain gap evaluation lacks annotation, while set-to-set dis- 

ance computation always has labels for training. Those differences 

ake set-to-set distance computation methods not suitable for do- 

ain gap measurement. As a method to evaluate distance between 

wo distributions, MMD is also used to evaluate the gap between 

wo image datasets [12,28,29] . However, it is hard to obtain a reli- 

ble model for feature extraction on different domains. 

. Proposed approach 

.1. Problem formulation 

Domain gap is an important factor that affects the performance 

f model when applied on different domains. Previous works only 

ocus on bridging domain gaps yet fail to evaluate domain gaps. 

owever, domain gap evaluation can also assist the studies on 

ross domain application, e.g. , domain adaptive learning for person 

eID task. In this paper, we focus on evaluating domain gap. We 

onsider domain gap as the obstacle to transferring discriminative 

bility of a model from the training dataset to another dataset. For 

nstance, given two well-trained models M 1 and M 2 on two labeled 

ource datasets S 1 and S 2 , respectively, the discriminative ability of 

 1 on the target dataset T is better than M 2 if the domain gap be- 

ween S 1 and T is smaller than the gap between S 2 and T , and vice

ersa . The labeled dataset S can be denoted as follows: 

 = { (x S j , y 
S 
j ) | y S j ∈ { 1 , 2 , . . . , C S } , j = 1 . . . N 

S } , (1) 

here x S 
j 

denotes the j-th image in S, y S 
j 

denotes the category label 

f x S 
j 
, N 

S and C S denote the number of samples and categories in S,

espectively. The unlabeled target dataset T can be denoted as: T = 

 x T 
j 
| j = 1 . . . N 

T } , where x T 
j 

denotes the j-th sample in T and N 

T 

enotes the number of samples in T . The domain gap between S

nd T is denoted as G (T , S) . Given multiple labeled source datasets

 S 1 , S 2 , . . . } and the unlabeled target dataset T , this paper aims to

ompare the gaps between different source datasets and T . 

Intuitively, we want to learn a domain gap evaluation 

unction F (S) that computes G (T , S) . However, annotation 
T 

3 
f domain gaps is not available, hindering the learning of 

 T (·) . To release the dependency on domain gap annotation, 

e propose to learn a domain gap comparison model for 

ach source domain against other source domains, i.e. , learn- 

ng { F S 1 /A 1 
(T ) , F S 2 /A 2 

(T ) , . . . } for { S 1 , S 2 , . . . } , respectively, where

 A 1 , A 2 , . . . } denote { ⋃ 

i � =1 S i , 
⋃ 

i � =2 S i , . . . } and F S i /A i 
(T ) denotes the

elative domain gap between S i and T in the condition of compar- 

ng G (T , S i ) and G (T , A i ) . Then, the comparison among { G (T , S 1 ) ,

 (T , S 2 ) , . . . } can be replaced with { F S 1 /A 1 
(T ) , F S 2 /A 2 

(T ) , . . . } . To en-

ure the validity of this replacement, we propose a requirement 

hat outputs of { F S 1 /A 1 
(T ) , F S 2 /A 2 

(T ) , . . . } should be comparable. Fi-

ally, the domain gap comparison between T and { S 1 , S 2 , . . . } can

e achieved via the comparison between { F S 1 /A 1 
(T ) , F S 2 /A 2 

(T ) , . . . }
ith small function value indicating small domain gap. 

It is worth noting that we are not aiming to compute abso- 

ute distance between different domains. Instead, we are trying to 

andle the task that comparing domain gaps between multiple op- 

ional source domains and the target domain, i.e. , we only consid- 

ring the scenario of multiple source domains in this paper. This 

s reasonable because domain gap evaluation is often needed for 

omparing several optional source domains and choosing the best 

ne for applications on the target domain in real-world applica- 

ion as shown in Section 4.9 . Thus, proposed domain gap evalu- 

tion method computes the relative domain gap relationship in- 

tead of the absolute distance between domains to judge whether 

 source domain is closer to a target domain than other source 

omains or not. If only one source domain is provided, there is 

o need to compare domain gap for tasks shown in Section 4.9 as 

here is only one choice of source domain. 

Without loss of generality, we take F S 1 /A 1 
(T ) as an example 

o present the learning procedure. To ensure that the function 

 S 1 /A 1 
(T ) can reflect the relationship of G (T , S 1 ) and G (T , A 1 ) , S 1 

nd A 1 are both used in training with a multi-task learning man- 

er. Specifically, a classification model with C S 1 outputs is used, 

hich is denoted as ϕ S 1 
. The classification loss � cls is applied on 

 1 , and the proposed entropy loss � ent is applied on A 1 . The multi-

ask training strategy is illustrated in Fig. 2 . The objective function 

s: 

 = � cls + λ� ent , (2) 

here λ is the loss weight for � ent . 

� cls encourages the model to right classify input images from 

 1 which leads to entropy equalling 0. While � ent is proposed to 

ncourage the model to predict equal probabilities over all C S 1 

ategories for input images from A 1 , with output entropy being 

he maximum value, i.e. , ln (C S 1 ) . Then, the output entropy of the 

odel can be used as the indicator of whether T is close to S or
1 
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 1 , i.e. , small entropy indicates small G (T , S 1 ) and large G (T , A 1 ) ,

nd vice versa . 

After training, the model ϕ S 1 
is used to extract features of all 

mages in T and entropy is computed on the outputs. As different 

ource domains contain different number of categories, the max- 

mum entropy of different classification model is also different. 

o make fair comparison between different models with different 

umber of outputs, we propose to normalize the entropy by divid- 

ng the maximum entropy of each model, e.g. , the maximum out- 

ut entropy of ϕ S 1 
with C S 1 output is ln (C S 1 ) with probability for 

ach category being 1 

C S 1 
. For instance, given ϕ S 1 

and ϕ S 2 
has 100 

nd 10 outputs, respectively, the output probabilities of an image 

y two models are both 0.8 for the first category, 0.2 for the second 

ategory, and 0 for the rest categories. Then, the entropies by two 

odels are both 0.722 and the normalized entropies are 0.109 and 

.217. As ϕ S 1 
has more outputs than ϕ S 2 

, outputs by ϕ S 1 
provides 

ore information gain than ϕ S 2 
compared with random guess, and 

he input image is likely close to S 1 . It is clear that the normal-

zed entropy is more reasonable for comparison. Thus, F S 1 /A 1 
(T ) is 

efined as the average normalized entropy on T and formulated 

s: 

 S 1 /A 1 (T ) = 

1 

N 

T ln (C S 1 ) 

N T ∑ 

j 

Entropy (p T j ) , (3) 

here Entropy(·) denotes computing the entropy of output prob- 

bility distribution and p T 
j 

= Softmax (ϕ S 1 
(x T 

j 
)) denotes the output 

robability of x T 
j 
. Functions { F S 2 / A 2 (T) , F S3 /A 3 (T ) , . . . } are computed

n a similar way. In the following, we will introduce the two com- 

onents of objective function, respectively. 

.2. Classification loss 

This section presents the computation of � cls in Eq. (2) . With- 

ut loss of generality, we also take the computation of F S 1 /A 1 
(T ) as

n example, and � cls is applied on S 1 . Cross entropy is adopted to

ormulate � cls as follows: 

 cls = − 1 

N 

S 1 

N S 1 ∑ 

j=1 

ln (p S 1 
j 
(y S 1 

j 
)) , (4) 

here p 
S 1 
j 
(y 

S 1 
j 

) denotes the predicted probability for y 
S 1 
j 

-th cate- 

ory of the j-th sample in domain S 1 , which is computed by soft-

ax normalization as: 

p S 1 
j 
(y S 1 

j 
) = 

exp (o S 1 
j 
(y S 1 

j 
)) 

∑ C S 1 
h =1 exp (o S 1 

j 
(h )) 

, (5) 

here o 
S 1 
j 
(h ) denotes the h -th response value of the output of ϕ S 1 

or x 
S 1 
j 

. 

After being trained with � cls , model acquires categories knowl- 

dge of S 1 and is also aware of domain gaps between S 1 and 

ther domains to some extent. As illustrated in Fig. 1 , a classifier 

rained on Cars196 will show small entropy on CompCars that is 

lose to Cars196 , and show large entropy on LFW that is far from 

ars196 . Therefore, the entropy of the output of a classification 

odel can be used as a naive indicator of domain gaps as dis- 

ussed in Section 1 , i.e. , large entropies indicate large domain gaps 

nd vice versa . 

.3. Entropy loss 

Although model trained by classification loss can be aware of 

omain gaps, it may suffer from the weakness of the classifier. 

oreover, as only one source domain is involved in training, the 
4 
odel is not aware of gaps between other source domains and the 

arget domain. 

To precisely evaluate gaps between different source domains 

nd the target domain, we propose to additionally involve all other 

ource domains to train the model by proposed entropy loss � ent , 

s shown in Fig. 2 . Without loss of generality, we take F S 1 /A 1 
(T )

s an example to present the learning procedure. To encourage the 

odel to output differently on S 1 and A 1 in the aspect of predicted 

robability, � ent supervises the model to output probability with 

aximum entropy on A 1 , i.e. , probability for each category is 1 

C S 1 

nd the entropy is ln (C S 1 ) . Therefore, we formulate � ent as follows: 

 ent = ln (C S 1 ) − 1 
N A 1 

N A 1 ∑ 

j=1 

Entropy (p A 1 
j 
) , (6) 

here ln (C S 1 ) is involved to keep the value of � ent positive, N 

A 1 

enotes the number of images in A 1 , Entropy (p 
A 1 
j 

) denotes the en- 

ropy of the predicted probability p 
A 1 
j 

for j-th sample in A 1 , which 

s computed as: 

ntropy (p A 1 
j 
) = −

C S 1 ∑ 

k =1 

p A 1 
j 
(k ) ln (p A 1 

j 
(k )) . (7) 

Models { ϕ S 2 
, ϕ S3 , . . . } are also learned via multi-task learning by 

pplying � cls on a source domain S i and � ent on A i , respectively. 

 F S 2 /A 2 
(·) , F S3 /A 3 (·) , . . . } are then computed following Eq. (3) . 

In training procedure, we feed samples from both S 1 and A 1 to- 

ether to ϕ S 1 
and apply � cls and � ent on samples from S 1 and A 1 ,

espectively. � cls encourages output entropies to be 0 on S 1 , and 

 ent encourages output entropies to be 1 on A 1 containing all the 

ther source datasets. In this way, the training procedure defines 

n which domain the model should output zero entropy and on 

hich domains the model should output maximum entropy. Thus, 

utput entropies on other domains have the reference. Therefore, 

 S 1 /A 1 
(T ) is aware of the relationship of G (T , S 1 ) and G (T , A 1 ) : If S 1 

s closer to T than all the domains in A 1 , the output distribution of

 will be close to the output distribution of S 1 , and F S 1 /A 1 
(T ) will

end to be a small value, i.e. , a smaller F S 1 /A 1 
(T ) indicates a smaller

 (T , S 1 ) and a larger G (T , A 1 ) . While, if there exist one or more do-

ains in A 1 that are closer to T than S 1 , the output distribution of

 will be close to the one of A 1 , and F S 1 /A 1 
(T ) will tend to be a

arge value, i.e. , a larger F S 1 /A 1 
(T ) indicates a larger G (T , S 1 ) and a

maller G (T , A 1 ) . Without � ent , model will be trained without the

wareness of other source domains, and the output entropy will 

ot reflect the domain gap relationship between them. Evaluation 

n � ent is shown in Section 4.7.1 . 

By comparing F S 1 /A 1 
(T ) and F S 2 /A 2 

(T ) , G (T , S 1 ) and G (T , S 2 ) can

e compared quantitatively. For instance, if F S 1 /A 1 
(T ) is smaller 

han F S 2 /A 2 
(T ) , S 1 is closer to T than A 1 , and S 2 is farther to

 than A 2 . As A 1 contains S2 and A 2 contains S 1 , it can be in-

erred that S 1 is closer to T than S 2 . Thus, comparison between 

 G (T , S 1 ) , G (T , S 2 ) , . . . } can be achieved via the comparison be-

ween { F S 1 /A 1 
(T ) , F S 1 /A 2 

(T ) , . . . } . 
Discussion: Compared with previous domain distance compu- 

ation methods that do not involve model training, e.g. , MMD, 

ur method provides a reasonable training method without do- 

ain gap annotation. Our models are learned specially for domain 

ap evaluation, thus, they are aware of domain gap. While previ- 

us methods extract features by models that are not trained for 

omain gap evaluation, e.g. , models pre-trained on ImageNet for 

ecognition. This makes previous methods not able to precisely 

valuate domain gap. 

In our method, entropy is used to evaluate the uncertainty 

f predicted probabilities. Other metrics for uncertainty estima- 

ion [17,19] can also be adopted. However, those metrics involve 

omplicated computation for each sample, which is not efficient to 
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valuate all the images in a dataset. Moreover, experiments show 

hat proposed method is more reliable in domain gap evaluation. 

Model trained by � cls and � ent is also able to detect out-of- 

istribution samples based on the entropy of them. If S 1 is very 

lose to A 1 or even share the same domain with it, our method 

ill become an out-of-distribution detection method. This charac- 

er will be shown in experiments. 

Previous researchers focus on bridging domain gap. Though do- 

ain gap can be inferred by performance of transfer learning, in 

eal-world application, it is not available to evaluate the model on 

arget unlabeled dataset, while proposed method does not need la- 

els on target dataset. 

.4. Guidance on unsupervised learning 

.4.1. Pre-trained model and source dataset selection 

In unsupervised domain adaptation scenario, sometimes only 

re-trained models on different source domains are provided, 

hile using source labeled data to train a new model is unavail- 

ble owing to time and memory consume. Then, we need to select 

 pre-trained model that has potential to perform the best on the 

arget unlabeled dataset T with little cost. Intuitively, a model pre- 

rained on a domain closer to T will perform better on it. Given 

everal labeled datasets, we compare and select the closest one 

y proposed domain gap evaluation method. Let { S 1 , S 2 , . . . } denote

orted domains, i.e. , S 1 is the closest domain to T , and S 2 is farther

o T than S 1 . Let { M 1 , M 2 , . . . } denote corresponding pre-trained

odels on { S 1 , S 2 , . . . } . Then, M 1 is selected for the application on

 . This method is evaluated in Section 4.9.1 . 

In domain adaptive learning scenario where source domains are 

lso provided for training, we can also select the closest source 

omain for training based on proposed domain gap evaluation 

ethod, and this is evaluated in Section 4.9.3 . 

.4.2. Pre-trained model and source dataset fusion 

In addition to selecting a pre-trained model for application on 

 , we also propose to merge features of multiple pre-trained mod- 

ls with weights based on domain gaps. The weight for model 

 1 is defined as w i , which is computed as: w i = 

1 
(F S i /A i 

(T )) 2 
. Then

utputs of different models can be fused based on weights. Com- 

ared to fusing different models with equal weight, the pro- 

osed weighting strategy takes domain gaps into consideration. 

odel pre-trained on a closer domain has larger weight, and vice 

ersa . This fusion strategy is more reasonable and experiments in 

ection 4.9.2 show that it boosts the performance on T . If multi- 

le source labeled datasets are available for pre-training, a simple 

ay to use these datasets together for model pre-training is merg- 

ng them as a large dataset and then training the model on the 

erged dataset. However, this method ignores the gaps between T 

nd different labeled datasets in model training. We propose that 

n model training, different datasets should have different weights 

n loss computation and model update. Specially, we propose to 

eight different training set based on { w 1 , w 2 , . . . } . Experiments in

ection 4.9.4 show that this method boosts the performance com- 

ared with equal weight. 

. Experiment 

.1. Dataset and implementation detail 

Proposed model is first evaluated on several toy datasets in- 

luding PubFig83 [24] , LFW [16] , DeepFashion [23] , DukeMTMC- 

eID [8] , Cars196 [14] , CompCars [15] , and VeRi [25] . To avoid the

ariance from different collection methods, we further evaluate 

he domain gaps between different semantic sub sets within Im- 

geNet [20] . We then perform experiments on four person image 
5 
atasets and two domain adaptation datasets, i.e., CUHK03 [10] , 

ukeMTMC-reID [8] , MSMT17 [6] , Market-1501 [9] , Office [22] and 

ACS [21] , to evaluate proposed method and show the guidance on 

nsupervised domain adaptation. Involved datasets are briefly in- 

roduced as follows: 

PubFig83 is a dataset of face images. It contains 13,838 images 

f 83 persons. LFW is also a dataset of face images with 5749 per- 

ons and 13,233 images. DeepFashion is a fashion dataset. In our 

xperiment, we use the category and attribute prediction bench- 

ark with 44 categories. Cars196 is a dataset of cars images with 

96 categories and 16,185 images from Internet. CompCars is also a 

ataset of vehicle images from Internet. In our experiments, 14,939 

mages are used. VeRi is a vehicle dataset collected from surveil- 

ance cameras and 37,778 images are used in our experiments. Im- 

geNet is a large-scale classification dataset with 10 0 0 categories 

nd around 10 0 0 images per category. DukeMTMC-reID is a dataset 

f person images collected from surveillance cameras in Duke Uni- 

ersity. It contains 36,411 images of 1812 persons from 8 cameras. 

n person ReID task, 16,522 images of 702 identities are selected 

or training and others are used for testing. 3368 images from test- 

ng set are selected as query images, and remaining 19,732 images 

re used as gallery images. For convenience, we use Duke to denote 

ukeMTMC-reID in the rest of this paper. CUHK03 is also a person 

mage dataset collected from the Chinese University of Hong Kong. 

t contains 7048 images of 1467 persons captured from 10 cam- 

ras. All images are used for training in this paper. Market-1501 is 

lso a person image dataset including 32,668 images of 1501 per- 

ons collected from 6 cameras at Tsinghua University. In person 

eID task, 12,936 images of 751 identities are selected for training 

n this paper. For convenience, we use Market to denote Market- 

501 in the rest of this paper. MSMT17 is a person image dataset 

ncluding 126,411 images of 4101 persons collected from 15 cam- 

ras at Peking University. In person ReID task, 32,621 images of 

041 identities are selected for training in this paper. Office con- 

ists of 31 classes and 4110 images in 3 domains: amazon, webcam , 

nd dslr. PACS covers 7 object categories and 4 domains, i.e., Photo, 

rt Paintings, Cartoon and Sketches . The number of images in each 

omain is 1,670, 2,048, 2,344, and 3,929, respectively. 

We use ResNet50 [39] as the backbone structure and change 

he output number to the number of categories for correspond- 

ng source dataset. We randomly select 32 images for � cls and 32 

mages for � ent to form the training batch. Adam is used to train 

he model for totally 5 epochs. Learning rate is set to 0.0 0 035. 

oss weight λ is set to 0.1. Note that we only need few epochs 

or training as we do not chase a high classification accuracy. In 

xperiments, it is observed that the performance and domain gap 

nly change slightly when we repeat the training. This might be 

ecause that the training data is sufficient for model convergence 

nd a stable performance. For example, on ReID task, we repeat 

he experiments in Table 5 for 10 times to compute the mean and 

tandard deviation of each value. It is observed that the standard 

eviation is rather small. Thus, we do not report the standard de- 

iation in other tables for neatness. 

.2. Evaluation on toy datasets 

In this section, we use the proposed method to evaluate do- 

ain gaps between several toy datasets. Details are presented in 

he following. 

Use CompCars as T : We compare the domain gaps between 

ompCars and four datasets including Cars196, VeRi, DeepFashion , 

nd Duke . The comparison result is shown in Fig. 3 . The values be-

ow axis are the outputs of function F S i /A i 
(T ) with Cars196, VeRi, 

eepFashion and Duke as S i , respectively. It can be observed that 

ars196 is the closest one to CompCars . Although VeRi is also a ve- 

icle image dataset, Cars196 is closer to CompCars than VeRi be- 
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Table 1 

Comparison by using CompCars as T . 

S i Cars196 VeRi DeepFashion Duke Market MSMT CUHK LFW PubFig83 

F S i /A i 0.377 0.795 0.911 0.934 0.944 0.912 0.898 0.957 0.969 

Table 2 

Comparison by using LFW as T . 

S i PubFig83 DeepFashion Duke Cars196 Market MSMT CUHK CompCars VeRi 

F S i /A i 0.454 0.755 0.935 0.954 0.970 0.892 0.980 0.985 0.991 

Fig. 3. Illustration of gaps between CompCars and different datasets. Gap enlarges 

from left to right. The values below axis are the outputs of function F S i /A i (T ) with 

Cars196, VeRi, DeepFashion and Duke as S i , respectively. 

Fig. 4. Illustration of gaps between LFW to different datasets. Gap enlarges from left 

to right. The values below axis are the outputs of function F S i /A i (T ) with PubFig83, 

DeepFashion, Duke and Cars196 as S i , respectively. 
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Table 3 

Comparison by using PubFig83 as S 1 and LFW as A 1 . “Acc.” denotes accu- 

racy on test set of PubFig83 . 

A 1 Acc. Entropy 

PubFig83_test Cars196 DeepFashion CUHK03 

None 0.91 0.155 0.859 0.867 0.887 

LFW 0.90 0.142 1.00 1.00 0.999 

Fig. 5. Illustration of gaps between sub sets fox to others in ImageNet . Gap enlarges 

from left to right. The values below axis are the outputs of function F S i /A i (T ) with 

Dog, Cat, Bird and Ship as S i , respectively. 
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ause VeRi is collected from surveillance cameras while Cars196 

nd CompCars are both collected from Internet. It can also be ob- 

erved that, although VeRi is collected in a different way, it is still 

loser than other datasets with no vehicle images. This indicates 

hat proposed method is robust to the variance in image-space. 

eepFashion and Duke are both person image dataset, and Deep- 

ashion is slightly closer to CompCars because it is also collected 

rom Internet. The comparison among more datasets are shown in 

able 1 . Note that, we only choose several typical datasets to show 

he relationship of domain gaps in Fig. 3 because the challenging 

ask is to judge whether Cars196 or VeRi is closer to CompCars , and

omparing domain gaps between CompCars and others is relatively 

asier. On the other hand, it can be observed in Table 11 that per-

on ReID datasets such as Market, CUHK03 , and MSMT17 perform 

imilarly with Duke. Face datasets LFW and PubFig83 also perform 

imilarly to each other. And these datasets are far from CompCars . 

hus, only Cars196, VeRi, DeepFashion , and Duke are shown in Fig. 3 .

Use LFW as T : The domain gaps between LFW and four datasets 

ncluding PubFig83, DeepFashion, Duke , and Cars196 are compared. 

he illustration of gaps is shown in Fig. 4 . It can be observed

hat PubFig83 is the closest one to LFW because it is also a per-

on face dataset. It can also be observed that DeepFashion is closer 

han Duke because DeepFashion is also collected from Internet and 

aces in DeepFashion are clearer. DeepFashion and Duke are both 

loser than the car image dataset Cars196 because they both con- 

ain human face in images. The comparison among more datasets 

re shown in Table 2 . It can be observed that most datasets are far

rom LFW . Thus, we only choose several typical datasets to show 

he relationship of domain gaps in Fig. 4 . 

Use PubFig83 as S 1 and LFW as A 1 : As discussion in 3.3 , when

 1 and A 1 are close to each other, our model will become an out- 

f-distribution detection method. To evaluate this character, we use 

ubFig83 as S 1 and LFW as A 1 to train the model, then compute the

ormalized average entropy on the test set of PubFig83, Cars196, 

eepFashion , and CUHK03 . The results are summarized in Table 3 . 
6 
t can be observed that the model is aware of whether inputs are 

n the distribution of PubFig83 as entropy of samples from the test 

et of PubFig83 is much lower than the entropy of samples from 

ther datasets. In the meantime, the model keeps the classification 

bility on the test set of PubFig83 . This shows that our model is 

ble to effectively detect out-of-distribution samples. 

.3. Evaluation on semantic sub sets in imagenet 

Domain gaps between different datasets might be affected by 

ifferent collection methods. To avoid the difference involved by 

ollection method, in this section, we evaluate domain gaps be- 

ween different semantic sub sets within a single dataset, i.e., Ima- 

eNet [20] , to show that proposed method is also aware of seman- 

ic gap. We form 5 semantic sub sets with different numbers of 

ategories, i.e., Fox with 4 categories, Dog with 118 categories, Cat 

ith 13 categories, Bird with 59 categories, and Ship with 12 cate- 

ories. The sub set Fox is set as T . Gaps between Fox and other sub

ets are illustrated in Fig. 5 . 

It can be observed that Dog is the closest one to Fox . The next

ne is Cat , and Ship is the furthest one. We further compute the 

emantic similarity between Fox and Dog, Cat , and Ship by Word- 

et package in Python, respectively. The resulted similarities are 

.93, 0.86, and 0.44, which also indicates that Dog is the closest 

nd Ship is furthest. This demonstrates that proposed method co- 

ncides with semantic similarity. 

.4. Evaluation on office 

In this section, we apply the proposed method on Office dataset 

o evaluate gaps between three domains in Office . In this section, 

omain webcam is selected as T . We sample 400 images from 

ach domain for evaluation. Based on proposed method, the out- 

uts of domain gap evaluation functions are F dslr/amazon (webcam ) = 
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Table 4 

Comparison on webcam with amazon and dslr as the source domain, 

respectively. 

Source Domain amazon dslr 

Domain Gap to webcam 0.998 0.821 

Accuracy on webcam 

Method Reference amazon → webcam dslr → webcam 

DANN [40] JMLR’16 0.730 0.964 

ADDA [11] CVPR’17 0.751 0.970 

CDAN + E [41] NeurIPS’18 0.941 0.986 

PACET [42] PR’19 0.908 0.976 

ETD [43] CVPR’20 0.921 1.000 

DCAN [44] PR’20 0.973 0.991 

CAADA [45] PR’20 0.802 0.971 

Table 5 

Comparison of performance of pre-trained models on Duke . M 1 , M 2 and M 3 

denote models pre-trained on CUHK03, Market , and MSMT17 , respectively. 

Source Domain CUHK Market MSMT17 

Domain Gap to Duke 0.931 ±0.003 0.629 ±0.002 0.522 ±0.003 

Pre-trained Model M 1 M 2 M 3 

Rank1 0.323 ±0.004 0.360 ±0.005 0.510 ±0.005 

mAP 0.127 ±0.002 0.171 ±0.002 0.295 ±0.004 

Fig. 6. Illustration of gaps between Duke to different datasets. Gap enlarges from 

left to right. The values below axis are the outputs of function F S i /A i (T ) with 

MSMT17, Market , and CUHK03 as S i , respectively. 
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Table 6 

Comparison on Photo with different source domains on PACS . 

Source Domain Art Cartoon Sketches 

Domain Gap to Photo 0.445 0.578 0.887 

Accuracy on Photo 

Method Reference Art → Photo Cartoon → Photo Sketches → Photo 

JiGen [46] ICCV’19 0.958 0.819 0.354 

MMLD [47] AAAI’20 0.967 0.888 0.432 

RSC [48] ECCV’20 0.946 0.842 0.484 

CSD [49] ICML’20 0.947 0.839 0.505 

Table 7 

Distances between Duke and other person image 

datasets by AD, EMD, and MMD, respectively. Num- 

bers in bold font are the smallest gap in each row. 

Numbers in italics are the largest gap in each row. 

CUHK03 Market MSMT17 

f AD 0.269 0.224 0.241 

EMD [50] 0.616 0.624 0.617 

MMD [12] 0.378 0.263 0.275 

v AD 3.27 3.54 3.55 

EMD [50] 1.53 1.56 1.51 

MMD [12] 0.126 0.147 0.093 

Our Method 0.929 0.631 0.513 
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 . 821 and F amazon/dsl (webcam ) = 0 . 998 , respectively. This denotes

hat dslr is closer to webcam than amazon . It is reasonable as im- 

ges in amazon are of high resolution and have white background, 

hile webcam and dsle are collected by cameras with real-world 

ackground. Based on that, it can be inferred that the model pre- 

rained on dslr will perform better on webcam than the model pre- 

rained on amazon . 

To evaluate this inference, we refer to several state-of-the-art 

ethods in Table 4 . It is clear that the model pre-trained on dslr

utperforms the model pre-trained on amazon by a clear margin 

f each method. This coincides with our inference and also shows 

hat proposed domain gap evaluation method is effective to select 

re-trained model. 

.5. Evaluation on person image datasets 

In this section, we first compare the gaps between Duke 

nd other person image datasets including Market, CUHK03 , and 

SMT17 . Then we use classification loss to train models on Market, 

UHK03 , and MSMT17 to obtain pre-trained models, respectively. 

he transferred performance is used as the ground truth of do- 

ain gap evaluation. Following previous work [6] , Rank1 and mAP 

ccuracy are used to evaluate the person ReID performance. 

The comparison of domain gaps between Duke and others is 

hown in Fig. 6 . We can conclude that MSMT17 is closer than Mar- 

et , and they are both closer to Duke than CUHK03 . 

The comparison of person ReID performance on Duke is sum- 

arized in Table 5 . M 1 , M 2 , and M 3 denote the models pre-trained

n CUHK03, Market, MSMT17 , respectively. It is obvious that the 

 1 performs the worst and M 3 performs the best, which coincides 

ith our inference. For example, M achieves 0.312 in Rank1 ac- 
1 

7 
uracy, while M 2 and M 3 boost the Rank1 accuracy to 0.367 and 

.522, respectively. This demonstrates that our model can also pre- 

isely evaluate domain gap between person image datasets. It is 

orth noting that it is even hard for human to identify which per- 

on dataset is closer to Duke as images are both from surveillance 

ameras. 

.6. Evaluation on PACS 

In this section, we apply the proposed method on PACS dataset 

o evaluate gaps between four domains in PACS . In this section, do- 

ain Photo is selected as T . We use 1500 images in each domain 

o train the model. The domain gap comparison between Photo and 

ther domains is shown in Table 6 . It is shown that Art is the clos-

st one to Photo and Sketches is the farthest one. 

To evaluate our inference on domain gap, we also refer to sev- 

ral state-of-the-art methods in Table 6 . It is clear that the model 

re-trained on Art outperforms models pre-trained on other do- 

ains by a clear margin. This coincides with our inference on do- 

ain gap comparison and also shows that domain gap evaluation 

ould provide guidance for source domain selection. 

.7. Model analysis 

.7.1. Without � ent 

To demonstrates that the proposed � ent makes the domain gap 

valuation more precise, we perform experiments on different 

atasets without using � ent as follows. 

On Toy Datasets: When using CompCars as T and only � cls in 

raining, the average normalized entropies on CompCars by model 

rained on Cars196, VeRi, DeepFashion , and Duke are 0.475, 0.811, 

.455, and 0.912. This leads to the conclusion that DeepFashion is 

loser to CompCars than Cars196 and VeRi , which goes against the 

act that Cars196 and VeRi are both vehicle datasets and should be 

loser to CompCars . 

On Sub Sets in ImageNet: When using Fox as T and only � cls in

raining, the average normalized entropies on Fox by model trained 

n Dog, Cat, Bird , and Ship are 0.352, 0.281, 0.364, and 0.251. This 

eads to the conclusion that Ship is closer to Fox than Dog and Cat ,

hich goes against the semantic similarities. 
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On person datasets: We compute the average normalized en- 

ropy with models pre-trained by only � cls on Duke to show the va- 

idity of proposed � ent . On CUHK03, Market , and MSMT17 , the aver-

ge normalized entropies are 0.806, 0.705, and 0.831, respectively. 

n this metric, Market is the closest one and MSMT17 is the furthest 

ne, which goes against the performance in Table 5 . 

These experiments demonstrate that the proposed � ent is im- 

ortant for precise domain gap evaluation. 

.7.2. Using classification model on T for domain gap evaluation 

Assuming labels are available on T , a classification model can be 

rained on T , i.e., Duke in this section. Then, domain gaps can be

valuated by average normalized entropy on different source do- 

ains as in [17,19] . Here we compare proposed method with this 

imple method. We first train a classification model on Duke . Then 

verage normalized entropies on CUHK03, Market , and MSMT17 are 

.818, 0.760, 0.778, correspondingly. Market is the closest domain 

n this method, which goes against the performance comparison in 

able 5 . This further demonstrates the validity of proposed domain 

valuation method. 

.7.3. Comparison with other metrics 

We further compare proposed method with several widely 

sed metrics including Average Distance (AD), Earth Mover’s Dis- 

ance (EMD), and Maximum Mean Discrepancy (MMD). We use a 

esNet50 model pre-trained on ImageNet to extract pool5 features 

enoted as f , and also the final predicted probabilities vector de- 

oted as v . We use Euclidean distance for a pair of pool5 features.

or a pair of probabilities vectors, we use KL-divergence to com- 

ute the distance. Experimental results are summarized in Table 7 . 

umbers in bold font are the smallest gap in each row. It can be

bserved that these metrics are not able to effectively compare the 

omain gaps and the closest domain is falsely predicted in most 

ases. In the two cases where MSMT17 shows the smallest distance, 

UHK03 shows smaller distance than Market , which goes against 

he performance comparison in Table 5 . This indicates that these 

etrics cannot precisely evaluate domain gaps. 

.8. Factors affecting domain gap 

This section studies which factors will affect domain gap. Spe- 

ially, three factors that might affect domain gap are evaluated, i.e. , 

umber of images, number of categories, and number of cameras 

n person dataset. Experiments show that proposed domain gap 

valuation method is robust to those factors. Details are shown in 

he following. 

.8.1. Number of images and categories 

This section studies whether the number of images and cate- 

ories in source datasets will affect the domain gap. 

In Section 4.3 , different subsets contain different number of im- 

ges. Specifically, as each category in ImageNet contains around 

0 0 0 images, sub sets Dog, Cat, Bird contain around 118,0 0 0 im-

ges, 13,0 0 0 images, and 59,0 0 0 images, respectively. Dog and Bird 

oth have much more images than Cat . While Dog is closer to 

ox and Bird is farther to Fox than Cat . This demonstrates that 

he number of images and categories in datasets does not affect 

he domain gap. This also demonstrates that proposed method is 

obust to the number images and categories in different source 

atasets. 

In Section 4.4 , 400 images from each source domain are ran- 

omly selected when comparing domain gaps. The comparison re- 

ult coincides with domain adaptation performance by state-of- 

he-art methods that use all the images in source datasets. This 

lso demonstrates that proposed method is robust to the number 

f used images. 
8 
In Section 4.5 , CUHK, Market , and MSMT17 have different num- 

er of images and categories. To eliminate the effect of different 

cales of datasets, we sample 50 0 0 images from CUHK, Market , and 

SMT17 to re-compare the gaps between Duke in this section. The 

omain gap relationship is the same with the one in Section 4.5 , 

.e., CUHK03 is the farthest and MSMT17 is the closest. The Rank1 

ccuracies on Duke of models pre-trained on sub sets of CUHK, 

arket , and MSMT17 are 0.162, 0.231, and 0.264, respectively. When 

e sample 10,0 0 0 images from each dataset for pre-training, the 

omain gap relationship is also the same one and the Rank1 accu- 

acies of pre-trained models on Duke are 0.252, 0.302, and 0.436, 

espectively. This shows that results of our domain gap evaluation 

ethod coincide with the performance on the target dataset, and 

his further demonstrates that our method is robust to the number 

f images and categories in source datasets. 

In Section 4.6 , 1500 images from each source domain are ran- 

omly selected for domain gap evaluation. The evaluation result 

oincides with domain adaptation performance by several state- 

f-the-art methods that use all the images in source datasets as 

hown in Table 6 . This further demonstrates that proposed method 

s robust to the number of used images. 

.8.2. Number of cameras in person datasets 

Different person datasets are collected from different number 

f cameras. Specifically, CUHK, Market , and MSMT17 are collected 

rom 10 cameras, 8 cameras, and 15 cameras, respectively. Al- 

hough CUHK03 and MSMT17 are both collected from more cam- 

ras than Market, CUHK03 is farther to Duke and MSMT17 is closer 

o Duke than Market . We further use images from random 8 cam- 

ras in CUHK, Market , and MSMT17 to compare gaps between Duke . 

e find that the sub set of MSMT17 is still the closest to Duke 

nd CUHK03 is still the farthest. Note that Market is collected from 

 cameras, so that sampling data from random 8 cameras results 

he whole dataset. The Rank1 accuracies on Duke of models pre- 

rained on sub sets of CUHK03, Market , and MSMT17 are 0.264, 

.367, and 0.438, respectively. This shows that the results of pro- 

osed method coincide with the performance of pre-trained mod- 

ls. 

.9. Guidance on transfer learning 

This section evaluates the guidance on transfer learning of our 

ethod on person image datasets. We evaluate the proposed pre- 

rained model selection strategy, pre-trained model fusion strategy, 

ource dataset selection strategy, and dataset fusion strategy. 

.9.1. Pre-trained model selection 

Based on the domain gap evaluation results in Section 4.5 , it 

an be inferred that the model pre-trained on MSMT17 performs 

he best on Duke , while the model pre-trained on CUHK03 per- 

orms worst. The comparison of person ReID performance on Duke 

ummarized in Table 5 shows that our model can provide effective 

uidance for unsupervised learning. 

.9.2. Pre-trained model fusion 

This section merges features of different pre-trained models 

ith proposed weighting method to show the guidance of domain 

ap evaluation. The weights are computed in Section 3.4 . The per- 

ormance comparison is shown in Table 8 . “EWs” and “GBWs” de- 

ote equal weights and gap based weights, respectively. By merg- 

ng M 1 + M 2 , M 1 + M 3 , M 2 + M 3 , and M 1 + M 2 + M 3 with equal

eight, the mAP accuracies on Duke are 0.197, 0.272, 0.295, and 

.281, respectively. By merging with proposed gap based weights, 

he mAP accuracies are 0.198, 0.299, 0.310, and 0.311, respectively. 

t is clear that merging models with proposed weighting method 

oosts the performance on the unlabeled dataset. 
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Table 8 

Performance comparison of model fusion. “EWs” and “GBWs” denote equal 

weights and gap based weights, respectively. Each cell is in rank1/mAP for- 

mat. 

M 1 + M 2 M 1 + M 3 M 2 + M 3 M 1 + M 2 + M 3 

EWs 0.386/0.197 0.496/0.272 0.510/0.295 0.499/0.281 

GBWs 0.391/0.198 0.523/0.299 0.526/0.310 0.528/0.311 

w 0.467 + 1 0.301 + 1 0.644 + 1 0.301 + 0.644+1 

Table 9 

Comparison of performance by different state-of-the-art domain adaptive methods 

on MSMT17 with Market and Duke as source dataset, respectively. 

Method Reference From Market From Duke 

Rank1 mAP Rank1 mAP 

PTGAN [6] CVPR’18 0.102 0.029 0.118 0.033 

ECN [3] CVPR’19 0.253 0.085 0.302 0.102 

SSG [1] ICCV’19 0.316 0.132 0.322 0.133 

SSG + [1] ICCV’19 0.376 0.166 0.416 0.183 

GPP [51] TPAMI’20 0.404 0.152 0.425 0.160 

DIM + GLO [27] ACMMM’20 0.497 0.207 0.565 0.244 

MMT [52] ICLR’20 0.525 0.263 0.588 0.297 

D-MMD [53] ECCV’20 0.291 0.135 0.344 0.153 

Domain Gap to MSMT17 This paper 0.863 0.711 
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Table 10 

Performance comparison of dataset fusion. “CU. ”, “Ma. ”, and “MS. ” denote 

CUHK03, Market , and MSMT17 , respectively. “EWs” and “GBWs” denote equal 

weights and gap based weights, respectively. Each cell is in rank1/mAP for- 

mat. 

CU. + Ma. CU. + MS. Ma. + MS. CU. + Ma. + MS. 

EWs 0.425/0.211 0.523/0.293 0.536/0.308 0.555/0.336 

GBWs 0.431/0.219 0.536/0.297 0.542/0.310 0.569/0.339 

w 0.467 + 1 0.301 + 1 0.644 + 1 0.301 + 0.644+1 
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.9.3. Source dataset selection 

We further use proposed method to guide the source dataset 

election for domain adaptive person ReID task. In this task, a la- 

eled dataset and an unlabeled dataset are provided for model 

raining, and the target is improving performance on the unla- 

eled target dataset. As Duke and Market have a similar number 

f both images and identities, and many state-of-the-art methods 

ave reported the performance on MSMT17 by using Duke and Mar- 

et as source dataset, respectively, in this section, MSMT17 is used 

s the unlabeled dataset, and Market and Duke are used as labeled 

atasets, respectively. Moreover, as Duke and Market are both much 

maller than MSMT17 , this setting is closer to real-world applica- 

ion. 

With proposed method, values of two functions 

 Duke/Market (M SM T 17) and F Market/Duke (M SM T 17) are 0.711 and

.863, respectively. This indicates Duke is closer to MSMT17 than 

arket . Then, it can be inferred that model trained with Duke 

s labeled dataset will perform better on MSMT17 . To verify this 

nference, we show performances by different state-of-the-art 

omain adaptive methods in Table 9 . “From Market ” and “From 

uke ” denote Market and Duke are used as labeled training dataset, 

espectively. It can be observed that the model trained with Duke 

s the labeled dataset outperforms the model trained with Market 

s the labeled dataset by a clear margin in every method. Specially, 

lthough GPP outperforms SSG++ in same settings, SSG++ with 

uke as labeled dataset even outperforms GPP with Market as la- 

eled dataset. This indicates that source dataset selection matters 

or domain adaptive person ReID. This also shows that proposed 

omain gap evaluation method provides effective guidance for 

omain adaptive person ReID. 
Table 11 

Comparison of different methods combined wit

MSMT17 . “ANE” denotes “ Average Normalized En

Market Duke MSMT17 

ECN [3] � cls � ent L tgt [3] 

� ent � cls L tgt [3] 

DIM + GLO [27] � cls � ent L glo [27]

� ent � cls L glo [27]

9 
.9.4. Source dataset fusion 

This section evaluates proposed dataset fusion strategy for un- 

upervised learning. The mAP accuracies on Duke by merging dif- 

erent datasets are summarized in Table 10 . It can be observed that 

using different datasets with gap based weights can improve the 

erformance compared with using equal weight. This demonstrates 

he validity of proposed fusion strategy and the motivation of fo- 

using on datasets closer to the target dataset. 

.9.5. End-to-end training by our method combined with different 

ethods 

In this section, we explore the end-to-end training by our 

omain gap evaluation method combined with domain adaptive 

raining methods on person image datasets. Market and Duke are 

sed as source domains and MSMT17 is used as T . In model 

raining, all source domains and the target domain are used 

nd trained with different losses. We use released code to re- 

mplement ECN [3] and GLO [27] on person datasets. The compar- 

son is shown in Table 11 . 

It can be observed that, in the end-to-end training fashion, pro- 

osed domain evaluation method still works well and domain gap 

valuation results still coincide with ReID performance, i.e., Duke is 

loser to MSMT17 than Market . And the ReID performance is com- 

arable with reported performance. 

. Discussion 

.1. Domain gap evaluation scenario 

In this paper, domain gap evaluation is performed with multi- 

le optional source domains provided. And our method computes 

elative gaps to compare different source domains, i.e. , our method 

ries to answer the question that which source domain is closer to 

he target one. This is reasonable as discussed in Section 3.1 . This 

lso coincides with the requirement for domain gap comparison of 

ownstream tasks to choose the best source domain for applica- 

ions on the target domain as discussed in Section 4.9 . 

If only one source domain is provided, there is no need to com- 

are domain gap for tasks shown in Section 4.9 as there is only 

ne choice of source domain. The absolute domain gap of a spe- 

ific pair of domains might be also needed in other tasks, and we 

ill further study how to compute the absolute domain gap in the 

uture work. 
h � ent . Rank1 and mAP are computed on 

tropy”. 

Rank1 mAP ANE on MSMT17 

0.233 0.077 0.511 

0.310 0.112 0.470 

 0.479 0.187 0.404 

 0.520 0.222 0.270 
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.2. Advantages of our method 

Proposed domain gap evaluation method is easy to implement 

nd efficient in computation. Experiments show that our method 

oincides with common sense, semantic similarities, and trans- 

er performance by many state-of-the-art methods on Office, PACS, 

uke and MSMT17 . We also show that domain gap evaluation has 

otential to assist transfer learning and unsupervised learning on 

eID task. 

Compared with previous methods that do not use labels or 

raining, such as MMD, proposed method can evaluate domain 

aps more precisely as shown in Table 7 . This is because our 

ethod encodes semantic information provided by labels in source 

omains into the models in training. As MMD method do not per- 

orm training, it fails to encode semantic information as it is hard 

o obtain a reliable model for feature extraction on different do- 

ains. It is worth noting that the training of our method is per- 

ormed offline and only cost around 1 h. As we do not chase 

 good classification performance on source domains, we do not 

eed many training iterations. Thus, the training process does not 

ffect the practical application of our method. 

It is also worth noting that, training is always needed to en- 

ode semantic information provided in labels for semantic-level 

ap evaluation in current works such as TASK2VEC [31] . The ad- 

antage of our method compared with TASK2VEC [31] is that our 

ethod does not require any data in target domains, i.e. , train- 

ng of our method is only performed on source domains. While 

ASK2VEC [31] needs data and label in target domains. Thus, our 

ethod is more practical than TASK2VEC [31] . 

.3. Disadvantages and future work 

Currently, our method needs to re-train models if a new source 

omain is added. Luckily, model re-training does not affect the re- 

erring time. However, we still hope to solve this issue in future 

tudy. A possible study direction is simplifying the training process, 

uch as using one source domain as the reference and computing 

he relative gaps of different source domains compared to the ref- 

rence. Another possible study direction could be computing the 

bsolute domain gap in semantic level, which will be also studied 

n the future. 

onclusion 

In this paper, we propose a computational method for domain 

ap evaluation. A multi-task training strategy with classification 

oss and proposed entropy loss is used to encourage the output 

ntropy of the model to be different on different source domains. 

hen, the average normalized entropy of output in target dataset is 

sed to evaluate domain gaps between the target domain and dif- 

erent source domains. Extensive experiments on multiple datasets 

emonstrate the validity of our method on evaluating domain gaps. 

oreover, experiments also show that proposed domain gap evalu- 

tion method is instructive for applications on unlabeled datasets. 

his paper could raise the interest of researchers on domain gap 

valuation, and this task also has potential to reveal the reason for 

omain gaps, as well as to assist future studies on CNN training 

nd designing towards better generalization ability. In the future, 

e will further explore how to assistant transfer learning with do- 

ain gap evaluation. 
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