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Domain-invariant feature-extraction has become very popular for unsupervised domain
adaptation (UDA) person re-identification (Re-ID). However, most methods using it are
limited by weak discrimination of learned domain-invariant features. To solve this prob-
lem, we develop a new approach: cross-adversarial consistency self-prediction learning.
Cross-adversarial consistency is used to endow the learned feature with domain invariance
and discrimination; consistency self-prediction fine-tunes the pre-trained model by select-
ing non-paired samples from target data. First, the camera views of source domain are ran-
domly divided into two groups with their samples. Then, the two identifiers are used
crosswise on both groups, forcing consistent results through adversarial learning between
the identifiers and the feature encoder. To refine the model, a self-prediction mechanism is
introduced that conservatively selects target domain samples with high identity similari-
ties to labeled source domain samples. This practical design helps to alleviate domain bias
between the source and target domains. The results of experiments conducted on five
benchmark datasets verify that the proposed method is effective and outperforms state-
of-the-art competitors. The source code of our method is available at https://github.com/
PangJian123/CAC-CSP.

� 2021 Elsevier Inc. All rights reserved.
1. Introduction

Person re-identification (Re-ID) involves finding a pedestrian with the same identity as the query image from non-
overlapping camera views. In contrast to common image retrieval [1–3], in which the label of the query image is the same
as that of the training images, for person Re-ID, training and testing images have entirely different identities. It is thus much
more challenging to retrieve, e.g., a specific pedestrian image from a large-scale pedestrian image library. Although, with the
advent of deep learning [4,5], supervised person-Re-ID methods have emerged and achieved significant progress [6,7], such
methods require a large number of manually labeled samples to train the model, which is extremely costly. Paired positive
samples are also scarce in real scenarios. Furthermore, applying these trained models from a labeled source domain to other
datasets can entail significant performance degradation owing to domain bias between the source and target data.
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At present, one of the most popular solutions to these problems is unsupervised domain adaptation (UDA) person Re-ID.
The existing UDA person Re-ID methods can be roughly divided into three categories: camera-style-transfer (CST) methods
[8–11], pseudo-label prediction (PLP) methods [12–14], and domain-invariant feature-learning (DIFL) methods [15,16]. CST
typically transfers the image style from the labeled source domain to the target domain, and then trains the model in a
supervised manner with the transferred source data. The performance depends heavily on the quality of the transferred
images. If the visual cues associated with the ID label cannot be well preserved before and after translation, recognition per-
formance will suffer greatly. Although some researchers have found ways to mitigate this [17,18], the problem is still far
from being solved.

PLP assigns pseudo-labels to the target samples, selecting those with high confidence to fine-tune the pre-trained model
with supervised training. Such methods are effective on public datasets and their performance surpasses that of other UDA
person-Re-ID methods by a large margin. However, they may not be practical in real-world deployment, as it is extremely
rare for pairwise samples to appear in different camera views in real scenarios; this makes it difficult for the self-training
method to select the correct matched sample pair. Furthermore, even if a few sample pairs can be selected, the amount is
not sufficient to optimize a deep-learning model as such models rely on large-scale parameters.

DIFL-based person Re-ID is gaining increasing attention for practical reasons, and some effective implementations have
recently been proposed [15,16,19]. However, the performance of these methods is still not ideal, and they especially lack
discrimination and robustness. To solve these problems, we propose cross-adversarial consistency (CAC) learning and con-
sistency self-prediction (CSP) learning for UDA person Re-ID (Fig. 1). CAC is used to improve the domain invariance of the
learned features, and CSP is used to increase the discrimination. In CAC, first, the camera views of source domain are ran-
domly divided into two groups with their samples; then, an identifier is trained for each group and used crosswise to obtain
consistent classification results in adversarial learning. The learned features are thus endowed with domain invariance.

In CSP, we propose using identity-consistency-based discriminative feature learning to improve the discrimination and
robustness of the learned features. In particular, we apply the two identifiers learned by CAC to each sample of the target
domain simultaneously. Thereafter, the feature encoder is updated under the guidance of the identity-consistency output
loss of the two identifiers to make the learned features more discriminant, robust, and domain-invariant. In self-
prediction learning, we apply to samples in the target domain the labels of the source domain samples to which they are
most similar. The assigned label for the target sample is called a soft-label, and such a labeled target sample is called a
soft-labeled sample. We combine these soft-labeled samples with the corresponding labeled source samples to form
pseudo-positive sample pairs and use these to optimize the feature encoder.

This design is essentially different from the existing method of pseudo-label prediction based on self-training, which
selects pseudo-labeled samples from the target domain to fine-tune the pre-trained model. Although such an approach
Fig. 1. Overview of cross-adversarial consistency self-prediction learning. Our proposed model consists of two parts: cross-adversarial consistency (CAC)
learning and consistency self-prediction (CSP) learning. Camera groups 1 and 2 are generated by randomly dividing the source dataset into two groups
according to their camera views. The backbone is ResNet-50 and pre-trained on ImageNet. W1 and W2 denote two different classifiers. The dotted lines
entering the two classifiers represent the adversarial training.
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has better performance than the simple DIFL method on public datasets, it may not be practical, because positive sample
pairs are extremely scarce in real scenarios. Our method assigns the labels of the source dataset as soft-labels to the target
domain samples, so that a soft-labeled sample pair including the target sample can be formed to optimize the model. This is
more practical than the existing method, because there is no need to select labeled pairwise samples from the target domain
to fine-tune the model. The main contributions and advantages of our work are as follows:

� We present a novel CAC learning algorithm to achieve the domain-invariant feature discrimination. The source datasets
are randomly divided into two groups according to the camera views and an identifier is trained for each group. The two
ID classifiers are then used on both groups. Driven by adversarial learning, the two different identifiers can output con-
sistent recognition results for the same pedestrian image, thus endowing the feature encoder with the ability to extract
domain-invariant features.

� To learn more discriminative features from the unlabeled target domain, a novel CSP learning algorithm is developed. In
this method, the label of the source sample is assigned to the target sample as a soft-label. The soft-labeled target samples
and the labeled source samples are then combined to form soft-hard sample pairs, improving the discrimination and
robustness of the learned features.

� Our method is an end-to-end model involving no auxiliary network or additional computing cost. With the assistance of
the source domain samples and the fine-tuning with the soft-labeled target samples, it can be deployed directly on other
target datasets. To evaluate our approach, extensive experiments were conducted on five popular datasets. The results
demonstrate that our proposed method is effective and superior to other methods.

The reminder of this paper is organized as follows: Section 2 reviews relevant related work. Section 3 describes the proposed
method in detail. Section 4 discusses the experimental settings and analyzes each part of the proposed method. Section 5
presents concluding remarks.
2. Related work

2.1. DIFL for UDA person re-ID

DIFL has recently become one of the most commonly used practical methods of UDA person Re-ID. Dictionary learning,
transfer learning (TL), and adversarial learning (AL) have all been used for domain-invariant feature extraction in this context
[10,19]. Because of its excellent performance in computer-vision tasks [20–22], dictionary learning (the use of a learned dic-
tionary to produce new, domain-invariant features) has attracted much attention in unsupervised person Re-ID [23,24]. TL-
based UDA person Re-ID aims to transfer domain-invariant features from the labeled source domain to the unlabeled target
domain. In particular, Liu et al. [10] proposed an adaptive transfer network for UDA person Re-ID, decomposing the cross-
domain transfer into a set of intermediate sub-tasks corresponding to camera views, resolution, and illumination. Wang et al.
[19] developed a transferable joint attribute-identity learning model that transfers the labeled information from the source
domain to the target domain for UDA person Re-ID. However, these methods cannot optimize the model well, as they select
the unlabeled samples from the target domain, thus limiting further improvement in identification accuracy.

AL-based methods achieve domain invariance by eliminating the distribution discrepancy between the target and source
domains. In this regard, Qi et al. [15] developed a camera-aware domain-adaptation method based on AL. In their method,
the temporal continuity of the target domain in each camera is exploited to create domain-invariant discriminative features.
In order to make large-scale person Re-ID highly applicable, Yuan et al. [25] proposed an adversarial DIFL model to separate
identity information from challenging variations. In addition, local-patch-based feature-learning methods [16,26] have
attracted the attention of researchers as they outperform global feature-learning methods[27]. In the context of UDA person
Re-ID, Yang et al. [16] developed PatchNet, which learns discriminative features for each patch. However, such methods do
not exploit fully the unlabeled target domain data to learn more discriminative and robust features; moreover, models using
them are more sensitive to variation between the source and target domains.
2.2. Style transfer and pseudo-label prediction for UDA person re-ID

With the development of generative adversarial networks, person Re-ID based on camera-style transfer has attracted the
attention of researchers, and many effective methods have emerged[8–11]. Generative adversarial networks transfer the
labeled source domain images to the target domain so that the two domains are consistent in camera style; then, the trans-
ferred source domain data are used to train the model in a supervised manner. However, such methods require high-quality
transferred images, and it is difficult to guarantee that the visual features associated with the identity of an image will not
change after transfer. Although Deng et al. [18] noted this issue and proposed a method to retain self-similarity and domain-
dissimilarity, the problem still remains unsolved.

Recently, researchers have turned to methods based on pseudo-label prediction[12,13,28,14]. Such algorithms usually
involve two steps: pseudo-label prediction for target domain samples and supervised fine-tuning of a pre-trained model
with assigned pseudo-label samples. Most of these methods outperform [12,13,28] style-transfer and DIFL methods, and
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even, in some recent cases, supervised-learning methods. However, they may not be practical: there are frequently not
enough positive sample pairs available for self-training, which we will prove in the experiment. This contrasts sharply with
methods based on domain-invariant feature extraction and camera-style transfer.

Our approach is closely related to domain-invariant feature extraction. Unlike existing methods, our proposed method
can acquire discriminative information from the unlabeled target domain, and does not need any pseudo-labeled sample
pairs in the target domain to fine-tune the pre-trained model.

3. Proposed method

3.1. Overview of framework

As shown in Fig. 1, the developed method consists of CAC learning and CSP learning. CAC employs two identifiers under
adversarial training to make the learned features domain-invariant. By conservatively selecting non-paired samples from
unlabeled target dataset in training process, CSP can fully exploit the discrimination information from unlabeled target
domain and make the learned feature more discriminative and robust. In our model, the ResNet-50 [29] with the instance
normalization added before the batch normalization like [30] is used as the backbone and pre-trained on ImageNet [31].
More specifically, two fully connected (FC) layers are adopted and used as classifiers W1 and W2 after the backbone. In
CAC learning, W1;W2 and feature encoder E are first optimized so that both W1 and W2 can correctly identify the samples
in their corresponding groups. After that, W1 and W2 are fixed to further optimize the feature encoder E so that W1 and W2

can correctly identity the samples as before when the samples between the two camera groups are exchanged. CSP consists
of identity consistency learning and identity self-prediction learning. The former makes the two classifiers have identical
output, and the latter aims to pull the unlabeled sample closer to the most similar labeled samples.

3.2. Cross adversarial consistency learning

Given a labeled source domain fXs;Y sg including Ns person images Xs and the corresponding label set Y s, each image xs;i
in Xs is associated with an identity label ys;i 2 Y s. We also have an unlabeled target domain Xt ¼ fxt;ignti¼1 consisting of nt

images. Our goal is to develop an effective deep Re-ID model to acquire domain invariant discriminative features for UDA
person re-ID. First, the camera views of source domain are randomly divided into two groups with their samples. Each group
has approximately the same number of cameras. Specifically, assuming that the samples in the source domain are taken from
ns camera views, we divide them into two groups, one contains ½ns2 � camera views, and the other contains ns � ½ns2 � camera
views. There is no overlap of camera views between the two groups, ½�� denotes the ‘‘round down”. As shown in Fig. 2,
the developed CAC learning consists of two optimization processes: simultaneous optimization of E;W1 and W2 to make
them correctly identify pedestrians of the labeled source domain; optimizing E with the learned W1 and W2 to let encoder
E extract the domain invariant features.

Specifically, with the image xl;is of the l-th group ðl ¼ 1;2Þ and the i-th image, we train encoder E and identity classifiers
W1 andW2, to make W1 andW2 correctly identify the 2048-dimensional features f l;is ¼ Eðxl;is Þ. To this end, the cross-entropy
loss formulated in Eq. (1) is used:
Fig. 2.
W1 and
LID1 ðE;W1;W2Þ ¼
XNs

c¼1

� Iðc; y1;is Þ log pc W1ðf 1;is Þ� �� � !
þ

XNs

c¼1

� Iðc; y2;is Þ log pc W2ðf 2;is Þ� �� � ! !
; ð1Þ
Scheme of CAC learning. The samples of labeled source are divided into two parts randomly. First train encoder E and identifiersW1 andW2 to make
W2 identify the input samples, then fix W1 and W2 to train E to let E extract domain invariant features.
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where pc represents the predicted logits of class c, and yl;is represents the true label corresponding to the input image xl;is . To
prevent over-fitting, a smooth function Iðc; yÞ defined in Eq. (2) is utilized in Eq. (1):
Iðc; yl;is Þ ¼
1� Ns�1

Ns
e; if c ¼ yl;is

e
Ns
; otherwise

(
ð2Þ
where e is a smoothing parameter and it value is set to 0.1 in this paper. To further improve the discrimination of the learned
features, the triplet loss defined in Eq. (3) is used to optimize encoder E. For each mini-batch, P identities are selected ran-
domly and K images are sampled randomly for each identity, and the triplet loss (Tri Loss) can be formulated as:
ð3Þ
where xis;j; x
i
s;j� and xi

�
s;j� denote the anchor, positive and negative images of the i-th person, respectively. ½z�þ ¼ maxfz;0g;a is a

margin hyper-parameter of the triplet loss, with its value set empirically to be 0.3. In our method, we treat this model reg-
ularized by LID1 ðE;W1;W2Þ and LTriðEÞ as ‘‘baseline”.

To promote the learned encoder E to extract the domain invariant features for UDA person Re-ID, we develop a novel CAC
learning method. Particularly, once encoder E and identity classifiers W1;W2 are learned, W1 and W2 are fixed to update
encoder E to make W1ðEðx2;is ÞÞ and W2ðEðx1;is ÞÞ generate correct identity prediction, so as to let encoder E extract domain
invariant features. This can be achieved by minimizing the following cross-entropy loss:
LID2 ðEÞ ¼
XNs

c¼1

� Iðc; y1;is Þ log pc W2ðf 1;is Þ� �� � !
þ

XNs

c¼1

� Iðc; y2;is Þ log pc W1ðf 2;is Þ� �� � ! !
; ð4Þ
By conducting adversarial learning between the loss functions Eqs. (1) and (4), the discrimination ability of two identifiers
will be gradually improved, forcing the encoder to extract the domain invariant features and securing consistency between
the output of identifiersW1 andW2 after cross-use on the same image and that before cross-use. Thus encoder E is endowed
with the capability of extracting the domain invariant features. This design is different from the traditional domain invariant
feature extraction method in that the traditional approach extracts invariant features by adversarial learning between fea-
tures. The method proposed in this paper is to carry out adversarial learning between two different classifiers. They are
cross-used to make encoder E able to extract domain invariant features. Accordingly, our method avoids the loss of discrim-
ination information and shows superiority over other methods.

3.3. Consistency self-prediction learning

3.3.1. Identity consistency learning
This section involves the training of the model to let it learn robust and discriminative feature representation by exploit-

ing unlabeled samples from target domain. As stated above, the two identifiers W1 and W2 with supervised learning can
correctly identify the identities of their corresponding image groups. If used crosswise, W1 and W2 may lose their original
ability to recognize new data due to large appearance variations caused by the changes in illumination, camera views and
background. To solve this problem, and make full use of the discrimination information of the unlabeled target domain sam-
ples, the following identity consistency loss should be minimized:
LcðEÞ ¼ 1
K

XK
i¼1

1
Ns

kW1ðEðxt;iÞÞ �W2ðEðxt;iÞÞk1 ð5Þ
where k � k1 denotes L1-norm, K the number of batch size images, and Ns the output dimension ofW1 andW2. Minimizing Eq.
(5) can make encoder E extract domain invariant and robust features from the target domain.

3.3.2. Identity self-prediction learning
There are a large number of unlabeled samples in the target domain. If some samples can be selected from it to optimize

the model, improvement on the scalability of the model will benefit. The method based on pseudo-label prediction can select
pairwise samples from target domain by assigning pseudo-labels to them and optimize the pre-trained model, so the recog-
nition performance will be improved [12–14]. However, such methods are not practical due to the scarcity of positive sample
pairs in many real scenarios. Different from these existing methods, we propose a novel identity self-prediction learning to
mine discriminative information for unlabeled target domain. As shown in Fig. 3we leverage the similarity between source
samples and the batch target samples to create a matching criteria for conservatively selecting non-paired target samples.
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The samples of high similarity with the source domain are selected from the target domain and the labels of the source
domain samples are treated as their soft-labels to optimize the model.

Let ½xt;1; xt;2; � � � ; xt;K � be the images of the target domain contained in one batch size. The output of identifiers W1 and W2

on image xt;i are respectively denoted as:
w1
i ¼ ½w1

i;1;w
1
i;2; � � � ;w1

i;Ns
�

w2
i ¼ ½w2

i;1;w
2
i;2; � � � ;w2

i;Ns
� ð6Þ
For two recognition results w1
i and w2

i of image xt;i, select the label with the maximum probability to store, and it can be
formulate as
q1
i ¼ argmax

m
fw1

i;1;w
1
i;2; � � � ;w1

i;m; � � � ;w1
i;Ns

g
q2
i ¼ argmax

n
fw2

i;1;w
2
i;2; � � � ;w2

i;n; � � � ;w2
i;Ns

g ð7Þ
After that, we obtain two sets of labels denoted as q1 ¼ ½q1
1; q

1
2; � � � ; q1

K � and q2 ¼ ½q2
1; q

2
2; � � � ; q2

K �, where ql
iðl ¼ 1;2Þ indicates that

xt;i and the ql
i-th person images of source domain share the same label according to the decision of classifier W lðl ¼ 1;2Þ. In

this way, the labels of the source domain are assigned to the sample of the target domain. For the data of the target domain,
these labels are called soft-labels. This process can be achieved by the follow equation:
softidðxt;iÞ ¼ q1
i ; ifq

1
i ¼ q2

i and
w1

i;q1
i
þw2

i;q2
i

2
> g ð8Þ
where softidðxt;iÞ represents the soft-label prediction of xt;i, and g is the average similarity probability empirically set to be 0.8
in this work. With the selection criteria defined in Eq. (8), we can select some samples from unlabeled target domain to fur-
ther optimize the model. This can be achieved by minimizing the following identity self-prediction loss:
LSPðE;W3Þ ¼
XNs

c¼1

�Iðc; q1
i Þ logðpcðW3ðEðxt;iÞÞÞÞ ð9Þ
where W3 is an initialized fully connected layer, to resize the feature Eðxt;iÞ to Ns dimension.

Algorithm 1: Cross Adversarial Consistency Self-Prediction Learning Model

Input: Labeled source samples Xs ¼ fxs;i; ys;igns

i¼1, unlabeled target samples Xt ¼ fxt;ignti¼1, and the number of identities Ns

in source domain.
Output: The trained encoder E.
Step I: CAC learning(Sec. 3.2)
1: Randomly divide images of Xs into two groups according to their camera views.
2: Sample a batch of labeled source data to E.
3: for iter = 1, � � �, Iteration1 do
4: Update E;W1;W2 by Eq. (1) and (3).
5: end for
6: for iter = 1, � � �, Iteration2 do
7: Fix W1 and W2, update E by Eq. (4) and (3).
8: end for
Step II: CSP learning(Sec. 3.3)
9: Load the learned encoder E, classifiers W1 and W2.
10: for iter = 1, � � �, Iteration3 do
11: Sample a batch of unlabeled data to the model.
12: Assign soft label to unlabeled target samples by Eq. (8)
13: Update E by Eqs. (5) and (9).
14: end for
3.4. Final loss for model

Merging the losses of source and target domains into final loss can be expressed as
L ¼ LID1 þ LTri þ k1LID2 þ k2Lc þ k3LSP ð10Þ

where k1; k2, and k3 are hyper-parameters used to control the importance of the CAC learning, identity consistency learning
and identity self-prediction learning, respectively. For the target images, Lc and LSP are used to optimize the model exploiting
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Fig. 3. The proposed CSP learning method. The unlabeled target image is fed to the model to obtain two sets of output. The selected maximum probability
and identity are combined with the input image sent to the selection criteria to determine whether it is used for fine-tuning the model.
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the unlabeled samples of target domain. The selection and analysis of these hyper-parameters will be discussed later in the
section of parameter selection and analysis. A novel framework for UDA person Re-ID is introduced to our method. It consists
of CAC learning and CSP learning. The losses of the former are combined with the differences of the same person under dif-
ferent views to the model to learn domain invariant representation. The losses of the latter are used to extract discriminative
features from unlabeled target domain utilizing the output discrepancy between the two different identifiers in extracting
process. To facilitate understanding, the above process is summarized in Algorithm 1.
4. Experiments

4.1. Datasets and evaluation protocol

We evaluated our model on three large-scale benchmark datasets (Market1501 [32], DukeMTMC-reID [33], and MSMT17
[8]) and two small-scale benchmark datasets (PRID2011 [34] and GRID [35]), comparing the results with those of state-of-
the-art methods. Fig. 4 shows some randomly chosen images from each evaluation dataset.

Market1501 comprises 32,668 labeled images of 1,501 pedestrians captured by six cameras. All pedestrians were auto-
matically detected and cropped with bounding-boxes from the video sequences. In agreement with the standard settings
[32], all the images in this dataset were divided into two parts: 12,936 labeled images of 751 pedestrians for training,
and 19,732 images of 750 pedestrians for testing.

DukeMTMC-reID contains 36,411 images of 1,404 pedestrians collected from eight cameras in winter. Following the split
setting in [36], 16,522 images of 702 pedestrians randomly selected from the dataset were used for training. All images of the
remaining 702 pedestrians were used for testing: 2,228 as query images and 17,661 as gallery images (For simplicity, this
dataset is hereafter called Duke.).

MSMT17 is currently the largest dataset for person Re-ID. It contains 126,441 bounding boxes with 4101 identities, cap-
tured by 15 cameras over four days. The bounding boxes are predicted by Faster RCNN [36]. To improve the efficiency of the
algorithm, according to the setting in [8], the data were divided into training images and test images in a 1:3 ratio. The train-
ing set contained 32,621 bounding boxes with 1,041 identities; the reminder belonged to the test set. MSMT17 is one of the
most challenging Re-ID datasets because the images it contains were collected over a long period (four days) and cover com-
plicated scenarios, varied illumination, and different background conditions.

PRID2011 contains 934 identities captured by two different static surveillance cameras. One camera captured one image
each of 385 identities; the other did the same for 749 identities. There are 200 identities recorded in both cameras. These 200
identities were randomly divided into two groups. A group of 100 identities with 200 images was used for training, and the
remaining group of 100 identities with 100 images recorded by a single camera was used as a probe set. The 649 additional
identities in the other camera view were used as a gallery set.

GRID comprises 250 person-image pairs extracted from six disjoint camera views of a busy underground station. Each
pair contains two images captured by two different cameras. According to the setting in [37], 125 identities with 250 images
were randomly sampled for training, and 250 images of the remaining 125 people together with 775 interference images
were used for testing. More specifically, the query set included 125 images of 125 identities, while the gallery set contained
the remaining 125 images of 125 pairable individuals, along with 775 interfering images. In our experiments, all of the inter-
fering images were considered a single identity because they do not correspond to any of the query images. It should be
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Fig. 4. Randomly sampled person images from different datasets: Duke [33], Market1501 [32], MSMT17 [8], GRID [35], PRID2011 [34].
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noted that the labels of target domain samples during training are not used. Table 1 summarizes the settings used for the
various datasets.

4.1.1. Evaluation protocol
In our experiment, we employed as evaluation protocols the Cumulative Match Characteristic (CMC), reported by rank-1,

rank-5, and rank-10 accuracy, and the mean Average Precision (mAP). For all datasets, we used the single-query setting to
retrieve person images from the gallery set. Our method does not need any post-processing such as re-ranking or fine-tuning
with predicted pseudo-labels.

4.2. Implementation details

4.2.1. Network settings
We resized the input images to 256� 128 and applied random cropping and horizontal flipping to all images for data

augmentation. Our algorithm was implemented on the Pytorch platform with an NVIDIA Tesla P100 GPU with 16 GB mem-
ory. ResNet-50 pre-trained on ImageNet was used as the backbone in our method; it was followed by a Global Average Pool-
ing (GAP) to resize the features into a 2,048-dimensional vector. In addition, a pair of Batch Normalization (BN) layers were
added after the GAP, with the eps and momentum set to 0.00005 and 0.1, respectively. After each BN layer, we added Fully
Connected (FC) layers with no bias as identifiers: their output dimension was the number of identities in the source domain.
Following the procedure in [30], we added instance-normalization layers before the batch normalization so as to make the
learned features more stable. In testing, we extracted the feature after the GAP and used Euclidean distance for similarity
measurement.

4.2.2. Optimization
In the training process, we set the batch size to 16 for both source and target datasets. Note that we set P ¼ 4 and K ¼ 4 to

meet the requirements of the triplet loss for the source dataset. We trained the model over 240 epochs in total. In CAC learn-
ing, the training first lasts 80 epochs for minimizing the Eq. (1). Subsequently, only the trained encoder E was further opti-
mized by minimizing Eq. (4); this process lasted for 30 epochs. We repeated this adversarial training process for 60 epochs to
optimize Eq. (1), and then for 40 epochs to optimize Eq. (4). The first 10 of the last 30 epochs were used to optimize the
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Table 1
Settings of person Re-ID datasets in performance evaluation. #Cams denotes the number of cameras.

Datasets #ID Train Gallery (Test) Query (Test) #Cams

#ID #Img #ID #Img #ID #Img

Market1501 1501 751 12936 750 19732 750 3368 6
Duke 1404 702 16522 702 17661 702 2228 8
MSMT17 4101 1041 32621 3060 93820 3060 11659 15
PRID2011 934 100 200 649 649 100 100 2
GRID 250 125 250 126 900 125 125 6
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model by minimizing Eq. (5); the remaining 20 were used for CSP learning, so that Eqs. (5) and (9) were combined to fine-
tune the model. We used the Adam optimizer [38] with initial learning rate 1:17� 10�4 and weight decay 0.0005 to optimize
the model. Following the settings in [39], we employed the warmup strategy [40] to adjust the learning rate linearly. Specif-
ically, the learning rate was increased linearly from 1:17� 10�4 to 1:3� 10�4 during the first 30 epochs and lowered to
1:3� 10�5 at the 31st epoch. From 31 to 55 epochs, the learning rate increased from 1:3� 10�5 to 1:4� 10�5; it was lowered
to 1:4� 10�6 after 55 epochs. Finally, the learning rate was increased to 2:3� 10�6 at the 239th epoch. These settings are
suitable for all experiments on the datasets described above.
4.3. Comparison with state-of-the-art

4.3.1. Experiments on larger scale re-ID datasets
In this section, we compare the proposed method with some state-of-the-art UDA person-Re-ID methods on six tasks:

Duke!Market1501, Market1501!Duke,
MSMT17!Market1501, MSMT17!Duke, Market1501!MSMT17, and Duke!MSMT17. In these settings, A!B means

that dataset A is used as the source domain and dataset B as the target domain. In the experiments Duke!Market1501
and Market1501!Duke, the methods compared included both domain-invariant feature-representation methods and
style-transfer-based methods. The former include TJ-AIDL [19], ATNet [10], CAMEL[41], CFSM [42], FMC [43], PAUL [16],
CDIL[25], and CAL-CCE [15], while the latter include PT-GAN [8], CamStyle [44], HHL[45], SSAE [46], CSGLP [9], and SBSGAN
[47]. The performance of the different methods are listed in Table 2.

From Table 2, we can observe that the rank-1 accuracy and mAP achieved by our method are superior to those of other
methods on Duke! Market1501 and Market1501!Duke. The rank-1/mAP accuracy of our method reaches 69.4%/36.9%
(57.5%/37.0%) for the task of Duke!Market1501(Market1501!Duke), surpassing the current best result by 2.7%/0.1%
(1.4%/0.3%). The results shown in Table 2 demonstrate that the method proposed in this paper outperforms all the style-
transfer-based methods by a large margin. Compared with the best style-transfer-based method (SBSGAN [47]), our method
improved the recognition rate on rank-1/mAP from 58.5%/27.3% to 69.4%/36.9% for Duke!Market1501, and from
53.5%/30.8% to 57.5%/37.0% for Market1501!Duke. The performances of other GAN-based methods, such as PTGAN [8],
TJ-AIDL [19], and ATNet [10], are generally lower than that of our method, possibly because they need an additional network
to generate images with different styles. However, the generated images are usually noisy, and the ID information contained
in the source images may be changed in the transferred results, leading to unsatisfactory performance. Unlike these meth-
ods, ours is an end-to-end model needs no auxiliary network and, thus, has no additional computing cost.

Methods such as UDA-TP [49], ACT [12], and MMT [28] adjust the performance of the model by using a clustering algo-
rithm that predicts the pseudo-label for target samples. We do not do this, and therefore, we cannot directly compare our
method with these algorithms. Later, we will evaluate the applicability of the proposed method and clustering-based
domain-adaptation methods to interference datasets.

To evaluate the effectiveness of the proposed algorithm more comprehensively, the larger dataset MSMT17 was used as
the source domain in the second experiment, and Market1501 and Duke as the target domains. In this experiment, we eval-
uated the performance of our method against three strong competitors (CASCL [48], MAR [14], and CDIL [25]) on the tasks of
MSMT17!Market1501 and MSMT17!Duke. The recognition accuracy of the different methods in rank-1, rank-5, rank-10,
and mAP with these settings is shown in Table 3. The table shows that our method surpasses CASCL [48] and CDIL [25] by
7.3% and 13.6% (8.7% and 7.3%), respectively, in rank-1 accuracy for the task of MSMT17!Market1501 (MSMT17!Duke).
Compared with the second-best method, ours improves the rank-1 accuracy from 67.7% to 72.7% and mAP from 40% to
41.0% when tested on Market1501. For MSMT17!Duke, the proposed approach also outperforms CASCL [48] and CDIL
[25] by a large margin and surpasses MAR [14] in Rank-1 accuracy. In the comparison of the mAP in task MSMT17!Duke,
MAR [14] is 0.6% higher. In the two cross-domain tasks, the mAP of the proposed approach is slightly lower on
MSMT17!Duke than that of MAR [14]; this is because we used fixed parameters in all experiments, which may not be opti-
mal for a specific dataset.

To validate further advantages of the proposed algorithm, in the third group of experiments, we set MSMT17 as the target
dataset, Market1501 and Duke as the source domains. Our method was compared with two state-of-the-art methods:
PTGAN [8] and ECN [50]. This group of experiments was more challenging because the scale of the training sets (i.e. Mar-
54



Table 2
Experimental results of the proposed methods and state-of-the-art methods with the settings of Duke!Market1501 and Market1501! Duke. Here, mAP
denotes mean average precision and ‘‘–” denotes not reported. Bold face indicates the optimal value.

Methods Duke!Market1501 Market1501!Duke

Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP

PTGAN [8] 38.6 – 66.1 – 27.4 – 50.7 –
CAMEL [41] 54.5 – – 26.3 42.0 – – 21.0
TJ-AIDL [19] 58.2 – – 26.5 44.3 – – 23.0
ATNet [10] 55.7 73.2 79.4 25.6 45.1 59.5 64.2 24.9
CamStyle [44] 58.8 78.2 84.3 27.4 48.4 62.5 68.9 25.1
SBSGAN [47] 58.5 – – 27.3 53.5 – – 30.8
CFSM [42] 61.2 – – 28.3 49.8 – – 27.3
HHL [45] 62.2 78.8 84.0 31.4 46.9 61.0 66.7 27.2
FMC [43] 63.4 79.5 84.8 32.4 48.0 62.3 68.1 27.8
CAL-CCE [15] 64.3 – – 34.5 55.4 – – 36.7
CASCL [48] 64.7 80.2 85.6 35.6 51.5 66.7 71.7 30.5
PAUL [16] 66.7 – – 36.8 56.1 – – 35.7
SSAE [46] 60.7 – – 26.6 50.2 – – 28.1
CDIL [25] 57.2 73 80.0 27.4 – – – –
CSGLP [9] 61.2 77.5 83.2 31.5 47.8 62.3 68.3 27.1
Ours 69.4 82.8 87.3 36.9 57.5 71.2 75.3 37.0

Table 3
Performance (%) comparison of the proposed method and various state-of-the-art methods with the settings of MSMT17!Market1501 and MSMT17!Duke. ‘‘–
” denotes not reported. Bold face indicates the optimal value.

Methods MSMT17!Market1501
Rank-1 Rank-5 Rank-10 mAP

CASCL (ICCV’19) [48] 65.4 80.6 86.2 35.5
MAR (CVPR’19) [14] 67.7 81.9 – 40.0
CDIL (WACV’20) [25] 59.1 75.4 – 30.3
Ours 72.7 85.1 88.8 41.0

Methods MSMT17!Duke
Rank-1 Rank-5 Rank-10 mAP

CASCL (ICCV’19) [48] 59.3 73.2 77.8 37.8
MAR (CVPR’19) [14] 67.1 79.8 – 48.0
CDIL (WACV’20) [25] 60.7 74.7 – 39.1
Ours 68.0 80.3 84.3 47.4
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ket1501 and Duke) is smaller than that of the target domain MSMT17, and therefore, there are only a few methods to report
the recognition results on the settings of Market1501!MSMT17 and Duke!MSMT17, except for PTGAN [8] and ECN [50].
From Table 4, we can see that our method outperforms both these methods by a wide margin. On Market1501!MSMT17,
our method improves the recognition rate of ECN [50] for rank-1/mAP from 25.3%/8.5% to 28.0%/10.7%, and on
Duke!MSMT17 from 30.2%/10.0% to 36.6%/13.2%. These results demonstrate the consistent superiority and robustness of
our method over its competitors.
4.3.2. Experiments on small-scale re-ID datasets
The experiments above demonstrate the validity and superiority of our method on large-scale Re-ID datasets. However,

with small-scale datasets, does our method still perform well? To answer this question, two challenging small-scale datasets
(PRID2011 and GRID) were used as the target domains, and Market1501, Duke, and MSMT17 as the labeled source domains.
The proposed method was again compared to various state-of-the-art methods. Table 5 reports the results of the different
methods on the PRID2011 and GRID datasets.

It can be seen that our method clearly surpasses the others in rank-1 and mAP accuracies on PRID2011 and GRID. Specif-
ically, on PRID2011, our method outperformed the handcrafted feature-based methods SSAE [46] and AIESL [24] by at least
11.9% and 5.5% in rank-1 accuracy. On GRID, our method is superior to the other methods in rank-1 and mAP accuracies. As
shown in Table 5, whenMarket1501 is used as the source domain, the rank-1 accuracy of our method reaches 42.4% and mAP
reaches 49.2%, showing improvements in recognition rate and mAP of 21.6% and 20.3% compared with the second best
method. In addition, as Table 5 indicates, the improvement of our method on rank-1 accuracy also reaches 15.2% (versus
16.8% and 32.0%) and 14.0% (versus 18.0% and 32.0%) compared with the newly released methods AIESL [24] and SSAE [46].

In recent years, the pseudo-label prediction algorithm based on clustering has been very extensively studied [49,12,28].
This kind of algorithm has excellent performance on the Market1501 and Duke datasets, and some approaches even achieve
the recognition accuracy of supervised methods. For example, MMT [28]achieved a rank-1 accuracy of more than 87.7% on
Market1501 and 78.0% on Duke. However, this extremely high performance was achieved under the assumption that there
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Table 4
Performance (%) comparison of the proposed method and the state-of-the-art methods on Market1501!MSMT17 and Duke!MSMT17. ‘‘–” denotes not
reported. Bold face indicates the optimal value.

Methods Market1501!MSMT17
Rank-1 Rank-5 Rank-10 mAP

PTGAN (CVPR’18) [8] 10.2 – 24.4 2.9
ECN (CVPR’19) [50] 25.3 36.3 42.1 8.5
Ours 29.3 40.2 45.9 10.5

Methods Duke!MSMT17
Rank-1 Rank-5 Rank-10 mAP

PTGAN (CVPR’18) [8] 11.8 – 27.4 3.3
ECN (CVPR’19) [50] 30.2 41.5 46.8 10.0
Ours 37.0 49.9 55.6 13.3

Table 5
Performance comparison with state-of-the-art methods on PRID2011 and GRID. Ours(xx) means ‘‘xx” is used as the source dataset. ‘‘–” denotes not reported.
Bold face indicates the optimal value.

Methods Target:PRID2011 Target:GRID

Rank-1 mAP Rank-1 mAP

TJ-AIDL (CVPR’18) [19] 34.8 – – –
JSLAM (TPAMI’18) [23] 25.6 – – –
PTGAN (CVPR’18) [8] 33.5 – – –
ATNet (CVPR’19) [10] 24.0 – – –
SSAE (PR’20)[46] 29.1 – 18.0 –
AIESL (TCSVT’20) [24] 35.5 – 16.8 –
UDA-TP (PR’20)[49] 22.(22.0) 31.3(33.3) 15.2(27.2) 24.5(35.6)
ACT (AAAI’20) [12] 24.0(13.0) 37.2(21.9) 20.0(13.6) 26.3(20.4)
MMT (ICLR’20) [28] 25.0(25.0) 33.9(33.9) 20.8(32.8) 28.9(41.3)
Ours (MSMT17) 47.0( 62.0) 55.1( 70.6) 34.4(43.2) 41.9(51.0)
Ours (Duke) 48.0 (54.0) 56.7(65.5) 32.0(41.6) 39.1(49.3)
Ours (Market1501) 41.0(45.0) 48.5(54.6) 42.4( 43.2) 49.2(52.8)
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are a large number of positive samples in the target datasets. This assumption is obviously inconsistent with the actual sit-
uation, in which the scarcity of positive samples in real-world scenarios makes it very challenging for this kind of clustering
algorithm to predict pseudo-labels correctly. Even if these algorithms can select the positive samples, they cannot enough to
improve significantly the performance of a deep learning model with large-scale parameters. In order to prove that the pro-
posed method is more practical than clustering-based algorithms, we additionally took out 300 and 400 interference images
from the gallery of PRID and GRID respectively and added them to their training set to increase the diversity of negative sam-
ples. The results are shown in brackets in Table 5, it can be seen that UDA-TP [49], ACT [12], and MMT [28], although they
have high performance in Market1501 and Duke, can only achieve a Rank-1 accuracy of approximately 20% on the interfer-
ence dataset, while the proposed method can reach a Rank-1 accuracy of about 40%. From the analysis, we can conclude that
the proposed method is more scalable, and not only performs well on large datasets, but also competitively on interference
datasets.
4.3.3. Discussion of training efficiency
The time consumed by the proposed approach was compared with some classical methods such as PAUL [16], CAMEL [41]

and HHL [45] on the tasks of Duke!Market1501 and Market1501!Duke. The different experiments were all run on the
same device using the codes published by their respective authors. The experimental results are shown in Table 6. Compared
with PAUL [16], CAMEL [41], and HHL [45], the proposed approach has higher computing efficiency. This is mainly because
the proposed method does not measure the similarity of the local blocks of the image like PAUL, nor does it use the image
after style transfer to train the model like HHL. Thus, it can significantly reduce the computing burden of the model.
4.4. Ablation study

As mentioned previously, the method proposed in this paper consists of two modules: CAC learning and CSP learning. CSP
learning includes identity-consistency learning and identity self-prediction learning. In our method, we train the baseline
only with LID1 and LTri, and then evaluate the effectiveness of each component of the proposed method by adding them to
the baseline model one by one. Market1501 and Duke are utilized for testing. The experimental results for different combi-
nations are reported in Table 7.
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Table 6
Comparison of time cost of different methods on Duke!Market1501 and Market1501!Duke. ‘‘–” denotes not reported.

Methods Duke!Market1501 Market1501!Duke

Training epoch Training time Training epoch Training time

PAUL [16] 120 �12.3 h 120 �18.5 h
CAMEL [41] – �13.7 h – �13.7 h
HHL [45] 60 �21.0 h 60 �21.0 h
Ours 240 �6.1 h 240 �5.7 h

Table 7
Ablation study of the proposed model on Market1501!Duke and Duke!Market1501 (%). Baseline trained on labeled source dataset with LID1 and LTri . LID2 loss
function used in cross adversarial consistency learning. Lc loss function used in ientity-consistency Learning. LSP loss function used in identity self-prediction
learning. Bold face indicates the optimal value.

Methods Market1501!Duke Duke!Market1501

R-1 R-5 R-10 mAP R-1 R-5 R-10 mAP

Baseline (LID1 + LTri) 52.3 66.4 71.8 32.8 66.3 81.4 86.2 34.3
Baseline + LID2 55.4 68.3 73.6 34.9 68.3 82.3 86.8 35.7
Baseline + LID2 + Lc 55.9 69.6 74.1 35.8 69.0 82.7 87.1 36.8
Baseline + LID2 + LSP 56.6 70.9 75.6 36.7 68.6 81.6 86.5 36.5
Baseline + Lc + LSP 55.1 68.7 73.1 34.7 68.1 82.1 86.5 36.2
Baseline + LID2 + Lc + LSP 57.5 71.2 75.3 37.0 69.4 82.8 87.3 36.9
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4.4.1. Effectiveness of CAC learning
To evaluate the effectiveness of CAC learning, either Market1501 is used as the labeled source domain and Duke as the

target domain, or vice versa. We cross-use the two classifiers on the trained baseline model for CAC learning. From the com-
parison between ‘‘ Baseline (LID1 + LTri)” and ‘‘Baseline + LID2 ”, we observe that the improvement of the rank-1 accuracy reaches
3.1% and 2.0% when tested on Duke and Market1501 datasets. The mAP is improved from 32.8% to 34.9% and 34.3% to 35.7%
for the settings of Market1501!Duke and Duke!Market1501. These results verify that the proposed CAC learning method is
very effective in learning domain-invariant features for UDA person Re-ID.

4.4.2. Effectiveness of identity consistency learning
The effectiveness of identity-consistency learning is evaluated by adding the loss function Lc into ‘‘Baseline + LID2 ”. As

shown in Table 7, the recognition accuracy improves from 68.3% to 69.0% in rank-1 and from 35.7% to 36.8% on mAP when
Duke is used as the source domain and Market1501 as the target domain. For the task of Market1501!Duke, the improve-
ments in rank-1 accuracy and mAP reach 0.5% and 0.9%, respectively. The improvement resulting from identity-consistency
learning can ensure that the learned features of the same person predict the same identity. Compared with CAC learning, the
improvement achieved by identity-consistency learning is not significant, but nevertheless it can improve the robustness of
the learned domain-invariant feature.

4.4.3. Effectiveness of identity self-prediction learning
Identity-self-prediction learning is also integrated into ‘‘Baseline + LID2 ”. We evaluated its effect by comparing the perfor-

mance of ‘‘Baseline + LID2 + LSP” with that of ‘‘Baseline + LID2 ”. As reported in Table 7, after adding the self-prediction learning
for training, the rank-1 accuracy and mAP of the model are improved by 0.3% and 0.8% on Duke!Market1501 and 1.2% and
2.2% on ‘‘Market1501!Duke”. This can be explained by the fact that the self-prediction learning effectively exploits the dis-
criminative information from unlabeled target domains to further refine feature learning on unlabeled datasets.

As reported in Table 7, the combination of CAC learning, identity-consistency learning and identity-self-prediction learn-
ing (i.e., ‘‘Baseline + LID2 + Lc + LSP”) is more effective than ‘‘Baseline + LID2 ”, ‘‘Baseline + LID2 + Lc”, or ‘‘Baseline + LID2 + LSP” sep-
arately, demonstrating that the three submodules are complementary to each other. This is easy to understand. CAC learning
guarantees that the learned features are domain invariant, rendering the model generalizable; identity-consistency learning
ensures that the domain-invariant features are discriminative; identity-self-prediction learning exploits the discriminative
information from the target domain, further refining the learned feature. Therefore, the concatenated sub-modules ‘‘Base-
line + LID2 + Lc + LSP” are more effective for discrimination feature-learning than any submodule individually.

4.5. Parameter selection and analysis

We conducted a series of experiments to investigate the effects of the hyper-parameters k1; k2 and k3 on our model. By
default, the value of one parameter was altered and the others remained unchanged to reveal the effect of this parameter
on the performance. The experiments with different parameters were conducted on the Market1501 and Duke datasets.
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Once the parameters are selected for both datasets, the parameter settings remain the same throughout the remainder of the
paper.

4.5.1. Effect of the parameter k1 of LID2

In Eq. (9), k1 is used to adjust LID2 . Figs. 5 (a) and (b) show the effects of k1 on our framework. When k1 ¼ 0, the rank-1
accuracy and mAP of our method are lowered by approximately 55% and 35%, respectively, for the task of M!D; they are
lowered by around 67% and 36% for the task of D!M. As shown in Fig. 5(a) and (b), the proposed method achieves better
performance on rank-1 accuracy for these two tasks when CAC learning (k1 > 0) is added to our model. This demonstrates
the effectiveness of CAC learning and the importance of domain-invariant feature extraction for UDA person Re-ID. More
specifically, when k1 ¼ 1, our approach achieves the best results for rank-1 and mAP on both datasets, as presented in Figs. 5
(a) and (b).

4.5.2. Effect of the parameter k2 of Lc

Figs. 5(c) and (d) show the effect as k2 varies from 0 to 10. The rank-1 accuracy is elevated greatly when k2 2 ½0:1;0:5� for
both M!D and D!M, and reaches its highest value when k2 ¼ 0:5. It can be seen that when k2 is larger than 2, the perfor-
mance of our model suffers significantly, especially in terms of mAP, which drops from 37% to 27% as k2 changes from 2 to 10
on the Duke dataset. Considering the accuracy of both rank 1 and mAP, the most acceptable value for k2 is 0.5, although this
does not have the best rank-1 accuracy.

4.5.3. Effect of the parameter k3 of LSP

Another experiment was conducted to evaluate the effect of k3. Figs. 5(e) and (f) show the rank-1 accuracy and mAP when
different values of k3 were applied. It can be seen that our approach achieved its best rank-1 accuracy and mAP when k3 is
approximately 0.08. Moreover, the decrease of mAP is greater than that of the rank-1 when k3 is greater than 0.5. This phe-
nomenon is probably caused by over-fitting. A smaller k3 means a smaller role played by self-prediction learning in feature
Fig. 5. Performance analysis under different values of hyper-parameters. (a) Rank-1 accuracy under varying k1, (b) mAP accuracy under varying k1, (c) Rank-
1 accuracy under varying k2, (d) mAP accuracy under varying k2, (e) Rank-1 accuracy under varying k3, (f) mAP accuracy under varying k3. M denotes the
Market1501 dataset, and D the Duke dataset.

58



H. Li, J. Pang, D. Tao et al. Information Sciences 559 (2021) 46–60
learning and vice versa. Note that, in self-prediction learning, to exploit the discriminative information from target samples,
samples are selected from the target domain and the source domain to form pseudo-positive sample pairs. Such pairs are
used to fine tune the pre-trained model. Because the target sample and the source-domain sample are not from the same
person, a pseudo-positive sample pair is not a real positive sample pair, but simply a combination of two very similar pedes-
trian images. Therefore, self-prediction learning cannot be assigned a large weight. Nevertheless, experiments have proved
that self-prediction learning can help to improve the performance of the algorithm to some extent. This is because some dis-
criminative information of the target domain is exploited and used in the learning of features.
5. Conclusion

This paper focused on the problems of domain-invariant discriminative feature learning for UDA person-Re-ID tasks and
presented a novel method that includes both CAC and CSP learning. CAC learning can exploit fully the robust representation
through adversarial training, while CSP learning is able to enhance discrimination of the features of unlabeled data by
exploiting the similarities between source data and target data. The detailed structure of this method and its associated loss
functions were presented. The results of the experiments conducted on five person Re-ID benchmark datasets indicate that
our model can obtain state-of-the-art performance. An ablation study verified the effectiveness of each sub-module. The
method is highly effective and superior to most of its competitors. It is also very practical by virtue of its availability design
in real scenarios. In the future, further effort should be made to improve the recognition performance for practical
applications.
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