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Abstract: Person re-identification plays an important role in searching for a
specific person in a camera network with nonoverlapping cameras. The most critical
problem for re-identification is feature representation. In this paper, a multi-level
cross-view consistent feature learning framework is proposed for person
re-identification. First, local deep, LOMO and SIFT features are extracted to form
multi-level features. Specifically, local features from the lower and higher layers of a
convolutional neural network (CNN) are extracted, these features complement each
other as they extract apparent and semantic properties. Second, an ID-based
cross-view multi-level dictionary learning (IDB-CMDL) is carried out to obtain
sparse and discriminant feature representation. Third, a crossview consistent word
learning is performed to get the cross-view consistent BoVW histograms from sparse
feature representation. Finally, a multi-level metric learning fuses multiple BoVW
histograms, and learns the sample distance in the subspace for ranking. Experiments
on the public CUHK03, Market1501, and DukeMTMC-ReID datasets show results
that are superior to many state-of-the-art methods for person re-identification.
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Abstract

Person re-identification plays an important role in searching for a specific person in a camera network with non-
overlapping cameras. The most critical problem for re-identification is feature representation. In this paper, a
multi-level cross-view consistent feature learning framework is proposed for person re-identification. First, local
deep, LOMO and SIFT features are extracted to form multi-level features. Specifically, local features from the
lower and higher layers of a convolutional neural network (CNN) are extracted, these features complement each
other as they extract apparent and semantic properties. Second, an ID-based cross-view multi-level dictionary
learning (IDB-CMDL) is carried out to obtain sparse and discriminant feature representation. Third, a cross-
view consistent word learning is performed to get the cross-view consistent BoVW histograms from sparse feature
representation. Finally, a multi-level metric learning fuses multiple BoVW histograms, and learns the sample
distance in the subspace for ranking. Experiments on the public CUHK03, Market1501, and DukeMTMC-ReID
datasets show results that are superior to many state-of-the-art methods for person re-identification.

Keywords: Person re-identification, Local deep features, ID-based cross-view multi-level dictionary learning,
Cross-view consistent word learning, Multi-level metric learning.

1. Introduction1

Recognizing an individual across non-overlapping cameras, referred to as person re-identification, has gained2

much attention among researchers [1, 2, 3, 4, 5]. It is becoming an increasingly important technique for3

multimedia and computer vision communities because of its wide range of potential applications, especially in4

video content analysis. Examples include security cameras and video surveillance [6, 7], video summarization [8],5

and so on. Although with great application prospects, person re-identification is still confronted with significant6

challenges in real-world scenarios due to large variations of same person but subtle variations of the di↵erent7

persons under changing illuminations, poses and viewpoints among di↵erent cameras. The persons who have8

the same identities are di�cult to be distinguished without frontal face verification. While it is easy to misjudge9

di↵erent persons to be the same one because of the similar dress. In this paper, we solve this key issue by the10

proposed feature learning method that minimizes the di↵erence of feature distribution of the same person in11

di↵erent camera views. The di↵erences between the proposed method and common feature extraction methods12

are shown in Fig. 1.13

Recently, deep learning has been widely used in almost all visual applications. Many studies [9, 10, 11] have14

shown that fine-tuning a deep model pre-trained on a large-scale dataset (e.g., ImageNet [12]) is e↵ective for15

other related domains and tasks. Many methods of feature representation for person re-identification based on16

Convolutional Neural Networks (CNNs) are emerging such as [13, 14] that are designed to obtain more robust17

deep features through altering the architecture of CNNs. What is more, many feature fusion strategies based on18

CNNs have been developed, such as [15, 16, 17], in which deep features are combined tightly with some low-level19

or mid-level attributes of pedestrian images. The fundamental di↵erence between the proposed methods and20

those CNN related methods is that the latter only contains two parts: feature extraction and classification,21

while we have added a feature learning process externally. Besides, our work has mined the potential of both22

the high-level and low-level local features of CNN and we attempt find the optimal combination of apparent23

and semantic properties.24

Although deep learning methods have achieved great success in improving the accuracy of person re-25

identification, it doesn’t mean that hand-crafted features do not deserve any merit. More and more discrimi-26

native hand-crafted features have been developed to achieve accurate matching. Examples are: Local Maximal27

Occurrence Representation (LOMO) [18], Symmetry-Driven Accumulation of Local Features (SDALF) [19], lo-28

cal SIFT features [20], gabor Biologically inspired Covariance descriptors (gBiCov) [21], etc. In real scenarios,29

the available datasets for person re-identification are usually insu�cient because of the di�culties in data ac-30

quisition and labeling for ground-truth, which lead to the week generalization of the trained model. By taking31
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Figure 1: The proposed method focuses on dealing with the misjudgement of the same pedestrians with dissimilar appearances
caused by the change of camera views and the misjudgement of di↵erent pedestrians with the same view caused by similar appear-
ance. The common feature extraction methods roughly classify the samples with high feature similarity, but ignore the two special
cases mentioned above. As compared to these methods, our method can achieve smaller intraclass di↵erences and larger interclass
di↵erences.

this fact into account, LOMO features and local SIFT features are used as the complement of deep features to32

improve the performance of person re-identification in this paper.33

Our research aims to further process the constructed multi-level features to make them more applicable for34

pedestrian re-identification tasks. Dictionary learning is usually adopted to obtain sparse and discriminative35

feature representation, such as K-SVD [22], discriminative K-SVD [23], semi-supervised coupled dictionary36

learning (SSCDL) [24], and the cross-view multi-level dictionary learning (CMDL) [25]. We propose ID-based37

cross-view multi-level dictionary learning (IDB-CMDL). Unlike CMDL [25], which only maintains the view-38

consistency of the whole feature space, our work also ensures the view-consistency of the features of the same39

ID/label from di↵erent camera views.40

In addition to considering the consistency of the features, we also consider the view-consistency of feature41

distribution. In order to simplify the statistics of feature distributions to minimize distribution di↵erences, we42

propose cross-view consistent word learning based on Bag of visual words (BoVW) model. BoVWmodel was first43

applied to person re-identification in [26] as BoVW+color names (CN). The framework that we propose is very44

di↵erent from [26]. In this paper, multi-level local features are extracted to form the visual “words” of BoVW45

model, instead of color names only. An important finding is that the obtained BoVW histograms have Gaussian46

distribution, which inspired us to propose a multi-level metric learning. The multi-level BoVW histograms are47

normalized to equal mean Gaussian distributions for fusion, and then metric learning is performed.48

In summary, this paper make the following contributions for person re-identification:49

• A feature learning process outside of the traditional recognition model (feature extraction + classification)50

has been added that aims to pull closer to the same pedestrian in di↵erent camera views and push away51

di↵erent pedestrians with similar dresses.52

• An ID-based cross-view multi-level dictionary learning is proposed that maintains the view-consistency of53

the features of the same ID/label from di↵erent camera views.54

• A cross-view consistent word learning is proposed that minimizes the feature distribution di↵erences and55

maintains the view-consistency of feature distribution.56

• A multi-level metric learning is proposed to normalize and fuse BoVW histograms to perform metric57

learning.58

2. Related work59

The proposed method mainly covers four technical areas: hand-crafted methods, deep learning, dictionary60

learning and feature learning methods, which we describe in the following.61

2.1. Hand-crafted methods for person re-identification62

The early work in person re-identification focused on visual feature representation, and distance metric63

learning. In [27], Bazzani et al. designed a Symmetry-Driven Accumulation of Local Features (SDALF) de-64

scriptor wich was invariant to pose, scale and illumination. Ma et al. [28] proposed a new descriptor building65

on the recent advances of Fisher Vectors, consisting of the pixel coordinates, intensity as well as the first and66

second order derivatives of each pixel. LOMO feature was proposed by Liao et al. in [18] to make a stable rep-67

resentation against viewpoint changes. It analyzes the horizontal occurrence of local features, and maximizes68

the occurrence. Zhao et al. [28] used dense SIFT descriptors as complementary to color histograms to handle69
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viewpoint and illumination changes. Zheng et al. [26] viewed person re-identification as a special task of image70

search, and proposed an unsupervised BoVW model to quantize and pool the color names descriptor. In dis-71

tance metric learning methods for person re-identification, Engel et al. [29] considered person re-identification72

as a ranking problem by using RankSVM to learn similarity parameters. A metric learning method called73

Cross-view Quadratic Discriminant Analysis (XQDA) was proposed by Liao et al. [18]. A XQDA metric was74

learned in the derived discriminant low dimensional subspace. Shen et al. in [30] introduced an approach based75

on boosting to learn a correspondence structure which indicated the patch-wise matching probabilities between76

images from a target pair. In addition, KISSME [31] and EIML [32] also were e↵ective metric learning methods.77

2.2. Deep learning-based methods for person re-identification78

Recently the state-of-the-art methods in person re-identification have been dominated by deep learning. The79

advantage of CNN is that it can not only optimize the feature representation, but also learn the discriminative80

metrics. Xiao et al. [14] introduced an algorithm based on Domain Guided Dropout to improve the feature81

learning procedure. This idea was based on the observation that some neurons learned representations are82

shared across several domains, while some others are e↵ective only for a specific one when training a CNN with83

data from all the domains. In order to search the target person from a gallery of whole scene images, Xiao84

et al. proposed an Online Instance Matching (OIM) loss function to train the network e↵ectively in [33]. Liu85

et al. [34] designed the end-to-end Comparative Attention Network (CAN) to selectively focus on parts of pairs86

adaptively comparing their appearance. A deep self-paced learning (DSPL) algorithm was proposed by Zhou87

et al. [35] to alleviate noisy background clutter and mutual occlusion. Zhu et al. in [36] proposed a Part-based88

Deep Hashing (PDH) by integrating deep learning and hashing into one framework to perform real-time search89

in a large gallery. In [37], an e↵ective learning-to-rank algorithm was proposed by Chen et al. to minimize the90

cost corresponding to the ranking disorders. The ranking model was solved with a CNN that built the relation91

between input image pairs and their similarity scores.92

2.3. Dictionary learning93

Dictionary learning aims to learn a feature subspace which di↵erentiate pedestrians from di↵erent IDs94

easier. In [24], two coupled dictionaries were learned from both labeled and unlabeled images of gallery and95

probe cameras in the training phase, then the features of pedestrian images from the probe camera were encoded96

by the sparse representation. After the above transformation, the features of the same person from di↵erent97

cameras became more similar than before. Zhu et al. [38] proposed a semi-supervised cross-view projection-based98

dictionary learning (SCPDL) method to achieve video-based person re-identification. With the transformation,99

the influence of variations within each video to the re-identification was reduced. In [39], a dictionary learning100

was embedded into metric learning, through which robust feature representation learning and discriminative101

metric learning were formulated into a unified framework. Li et al. [25] proposed a Cross-view Multi-level102

Dictionary Learning (CMDL) model at three di↵erent representation levels to solve the multi-view learning103

problem. The new strategy proposed was more e�cient than the traditional dictionary learning.104

2.4. Feature learning methods for person re-identification105

Recently, many feature learning methods based on CNNs have been emerging, and the proposed method is106

exactly one of them. Chen et al. [40] proposed a Deep Pyramid Feature Learning (DPFL) model to jointly learn107

discriminative scale-specific features, so that the complementary advantages across scales could be mined. In108

[41], Yu et al. presented a divide and fusion strategy for person re-identification re-ranking. High-dimensional109

sub-features of di↵erent parts were extracted, from which context information was iteratively encoded into110

feature vector for further fusion and re-ranking. Similar to [40] and [41], Fu et al. [42] proposed a Horizontal111

Pyramid Matching (HPM) to capture partial features at di↵erent horizontal pyramid scales. Li et al. [43]112

presented a Multi-Scale Context-Aware Network (MSCAN) to capture powerful features over full body and113

body parts to release some di�culties in pose variations and background clutters. A braidNet was proposed114

by Wang et al. [44] to extract the comparison features of two input images by the designed WConv layers.115

In [45], Feng et al. extracted view-related features with a cross-view Euclidean constraint (CV-EC) and a116

cross-view center loss (CVCL)to narrow the gaps between the features from changing viewpoints. Similar to117

[45], the Visibility-aware Part Model (VPM) proposed by Sun et al. compared two images by focusing on118

their shared regions. We have compared the above methods with the proposed methods in 4.3 separately.119

Here, it is necessary to distinguish few similar re-id works, such as similarity consistency learning [46] and120

deep association learning (DAL) [47], from ours. Wu et al. proposed a camera-aware similarity consistency121

loss to learn consistent pairwise similarity distributions for intra-camera matching and cross-camera matching.122

While Chen et al. formulated a deep association learning scheme that constrained the association of each frame123

to the best-matched intra-camera representation and cross-camera representation. Unlike [46] and [47] which124

use the consistency of the similarity distributions or the consistency of the ranking associations to cluster for125

unsupervised person re-identification, the proposed feature learning method focus on the deep processing of126

existing features to formulate the view-consistent feature representations.127

Based on the thorough analysis of the related work as described above, we have developed an approach128

with the following key characteristics. (1) We construct multi-level features by using the hand-crafted features129

(LOMO [18], SIFT [28]) and deep features. (2) We formulate the problem of maintaining the view-consistency130
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by adding several optimization objective terms to CMDL [25], we call the resulting method as ID based CMDL131

IDB-CMDL). (3) Inspired by distributions of the obtained BoVW histograms [26], we propose a cross-view132

consistent word learning to maintain the view-consistency of feature distribution. (4) We propose a multi-133

level metric learning that normalizes and fuses the obtained BoVW histograms before metric learning. (5) A134

comprehensive set of experiments are carried out on various datasets and comparisons with state-of-the-art135

techniques are provided which show improved results by the proposed technique.136

3. Technical Approach137

Unlike most feature-based methods that focus on constructing view-consistent hand-crafted features or138

learning deep features, our method focuses on the subsequent processing of extracted features so that they can139

complement each other and be more discriminative. The proposed feature learning method consists of ID-based140

cross-view multi-level dictionary learning, cross-view consistent word learning, and multi-level metric learning,141

as shown in Fig. 2. These three parts will be detailed in section 3.1, 3.2 and 3.3, respectively.

ID-based cross-
view multi-level 

dictionary learning

Cross-view consistent 
word learning

Multi-level 
metric learning

Features
Ranking 
results

Figure 2: The pipeline of the proposed feature learning method.

142

The complete person re-identification process (including local feature extraction omitted in Fig. 2) is shown143

in detail in Fig. 3. The input images are from di↵erent camera views. Local features (CNN, LOMO, SIFT)144

are extracted from input images. Then IDB-CMDL is performed to obtain multi-level sparse feature represen-145

tation. After that, cross-view consistent word learning is performed to get the multi-level BoVW histograms146

by minimizing the di↵erence in feature distribution. Followed by multi-level metric learning, we normalize and147

fuse the obtained BoVW histograms to perform metric learning. The weights of fusion are �1 and �2.
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Local Feature Extraction
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Figure 3: The architecture of multi-level cross-view consistent feature learning proposed in this paper.

148

3.1. ID-based cross-view multi-level dictionary learning149

The first step of feature learning method is to learn the most discriminative information from the extracted150

multi-level features, that is, ID-based cross-view multi-level dictionary learning. In this subsection, we will151

explain where IDB-CMDL comes from 3.1.1, how it works 3.1.2, and why it makes sense 3.1.3. It should be152

noted that feature extraction is based on existing works rather than our innovations, so we will introduce it as153

the prelude in the Experiments (4.1).154

3.1.1. Preliminaries155

Since IDB-CMDL is developed from existing algorithms, clarifying the inheritance relationship of related156

dictionary learning methods is necessary to explain the rationality of the proposed IDB-CMDL algorithm.157

Dictionary learning has been widely applied in many visual tasks for the reason that it aims to learn expressive158

feature representations. The initial dictionary learning is as follows:159

X = DZ, (1)

where X 2 Rd⇥n denotes a set of samples, D 2 Rd⇥m is the dictionary that is learned, and Z 2 Rm⇥n is160

the sparse coe�cient. The representative approach, such as K-SVD [22], solves this problem by solving the161

following optimization problem to find the D that makes X as sparse as possible.162

min
D,Z

||X �DZ||1 s.t. 8i, ||zi||0  T0, (2)

where || · ||0 is the L0 norm, || · ||1 is the L1 norm, and T0 is a constant that controls the degree of sparsity.163

However, existing methods based on Eq. (1) still have two drawbacks, which make them can not be well applied164
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to some visual tasks. First, the expensive computational cost of the L1 norm in solving the sparse coe�cient165

Z limits its application in large-scale visual tasks. Second, traditional dictionary learning methods mainly166

focus on single-view tasks, therefore they cannot directly handle the multi-view visual data. However, person167

re-identification is exactly a multi-view visual task, and the amount of data collected from multiple views is168

very large in some scenarios, such as Market1501 dataset. CDL [25] algorithm is proposed to tackle the above169

problems by reformulating the approximation in Eq. (1) as a linear encoding and reconstruction process in170

di↵erent views. Therefore, Eq. (1) is reformulated as X ⇡ DPX. PX denotes the linear encodings of sample171

set X.172

Let X(1) 2 Rd⇥n and X(2) 2 Rd⇥n denote two training sets of two camera views. Then the process of173

dictionary learning can be expressed as174

X(1) = D(1)P(1)X(1)

X(2) = D(2)P(2)X(2)
(3)

Here, D(1) and D(2) represent the dictionaries of two di↵erent camera views, while P(1) and P(2) denote the175

corresponding linear projections in two camera views.176

The function of CDL model can be presented as177

min
D(1), D(2),
P(1), P(2)

||X(1) �D(1)P(1)X(1)||2F + ||X(2) �D(2)P(2)X(2)||2F + �f(D(1), D(2), P(1), P(2))

s.t. ||d1(:,i)||  1, ||d2(:,i)||  1, i = 1, ...,m,
(4)

where || · ||F denotes the Frobenius norm, f(·) denotes the regularization function, � is a trade-o↵ parameter,178

and d1(:,i) and d2(:,i) are the i-th columns in D(1) and D(2), respectively.179

In order to apply the CDL model to person re-identification, the solution CDL is extended to CMDL [25]180

by customizing regularization functions at feature level l. Eq. (4) is rewrite as following,181

min
D(1,l), D(2,l),
P(1,l), P(2,l)

||X(1,l) �D(1,l)P(1,l)X(1,l)||2F + ||X(2,l) �D(2,l)P(2,l)X(2,l)||2F + �lfl(D(1,l), D(2,l), P(1,l), P(2,l))

s.t. ||d1l(:,i)||  1, ||d2l(:,i)||  1, i = 1, ...,m
(5)

3.1.2. Model182

In this paper, each image is characterized by multiple feature vectors, which means the local features are183

obtained with ID tags. It inspires us to extend CMDL to IDB-CMDL by minimizing the di↵erences of features184

from the same person at di↵erent level l.185

min
D(1,l), D(2,l),
P(1,l), P(2,l)

||X(1,l) �D(1,l)P(1,l)X(1,l)||2F + ||X(2,l) �D(2,l)P(2,l)X(2,l)||2F + ||X(1,l,c) �D(1,l)P(1,l)X(1,l,c)||2F

+||X(2,l,c) �D(2,l)P(2,l)X(2,l,c)||2F + �lfl(D(1,l), D(2,l), P(1,l), P(2,l))

s.t. ||d1l(:,i)||  1, ||d2l(:,i)||  1, i= 1, ...,m,
(6)

where the samples X(1,l) and X(2,l) are divided into X(1,l,c) and X(2,l,c), c 2 {1, ...n}, respectively. n represents186

the number of identities under di↵erent two cameras in the same dataset. In order to minimize intra-class187

di↵erence, we enhance the consistency of the learned sparse representations for same pedestrians across camera188

views. The regularization function fl(·) in Eq. (6) is defined as ||P(1,l)X(1,l,c) � P(2,l)X(2,l,c)||2F , then we have189

the following objective190

min
D(1,l), D(2,l),
P(1,l), P(2,l)

||X(1,l) �D(1,l)P(1,l)X(1,l)||2F + ||X(2,l) �D(2,l)P(2,l)X(2,l)||2F + ||X(1,l,c) �D(1,l)P(1,l)X(1,l,c)||2F

+||X(2,l,c) �D(2,l)P(2,l)X(2,l,c)||2F + �l||P(1,l)X(1,l,c) � P(2,l)X(2,l,c)||2F
s.t. ||d1l(:,i)||  1, ||d2l(:,i)||  1, i= 1, ...,m

(7)
Considering the computational e�ciency, the relaxation variables A(1,l), A(2,l), A(1,l,c), A(1,l,c) are intro-191

duced, and the objective is rewritten as192

min
D(1,l), D(2,l),
P(1,l), P(2,l)

||X(1,l) �D(1,l)A(1,l)||2F + ||X(2,l) �D(2,l)A(2,l)||2F + ||X(1,l,c) �D(1,l)A(1,l,c)||2F

+||X(2,l,c) �D(2,l)A(2,l,c)||2F + ↵(||P(1,l)X(1,l) �A(1,l)||2F + ||P(2,l)X(2,l) �A(2,l)||2F )

+�(||P(1,l)X(1,l,c) �A(1,l,c)||2F + ||P(2,l)X(2,l,c) �A(2,l,c)||2F ) + �l||A(1,l,c) �A(2,l,c)||2F
s.t. ||d1l(:,i)||  1, ||d2l(:,i)||  1, i= 1, ...,m

(8)

The solution details of the model are shown in the Appendix. It should be noted that the above theoretical193

derivation only takes two-view case as an example. In fact, it is also applicable to multiple view scenarios. For194

instance, we learned six dictionaries X(1,l)⇠X(6,l) and coe�cient matrices P(1,l)⇠P(6,l) from the Market1501195

dataset, which contains 6 disjoint camera views. In particular, there were C(6, 2) = 15 cross-view terms like196

||P(1,l)X(1,l,c) � P(2,l)X(2,l,c)||2F in Eq. (7) during optimization process.197
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3.1.3. The innovations compared with previous work198

We analyzed the improvements of IDB-CMDL over CMDL in principle. For feature level l, CMDL focuses on199

minimizing reconstruction errors after sparse expression in each camera view, i.e., min d(X(1,l), D(1,l)P(1,l)X(1,l))200

and min d(X(2,l), D(2,l)P(2,l)X(2,l)). CMDL takes advantages of the view-consistency information, and adaptively201

learn pairs of dictionaries to generate robust and compact representations for pedestrian images. Although it202

solves the cross-view problem to a certain extent, it only focuses on minimizing reconstruction errors from203

di↵erent views so that the learned coe�cient matrix approximates the original feature matrix as much as204

possible. On this basis, the IDB-CMDL we proposed can not only maximize the inter-class di↵erence, but also205

minimize the intra-class di↵erence, making the learned coe�cient matrix more discriminative for multi-view206

visual tasks.207

Compared with the previous work CMDL, the most significant innovation of the proposed IDB-CMDL is that208

we maximize the inter-class di↵erence by class-by-class reconstruction, and minimize the intra-class di↵erence by209

enhancing cross-camera invariants. The cross-camera invariant refers to the inherent consistency information of210

the same pedestrian across camera views. (1). The person re-identification dataset is divided into many subsets.211

Specifically, features from two di↵erent camera views are divided into X(1,l,1) �X(1,l,n) and X(2,l,1) �X(2,l,n),212

respectively. Then we perform class-by-class reconstruction, that is, min d(X(1,l,c), D(1,l)P(1,l)X(1,l,c)) and213

min d(X(2,l,c), D(2,l)P(2,l)X(2,l,c)). In this way, the learned D(1,l), D(2,l), P(1,l), P(2,l) can clearly separate di↵erent214

classes, so as to maximize the inter-class di↵erence. (2). Considering that the learned sparse representation215

of the same pedestrian in di↵erent views should have smaller di↵erence compared to di↵erent pedestrians, we216

minimize intra-class di↵erence by enhancing cross-camera invariants, that is min d(P(1,l)X(1,l,c), P(2,l)X(2,l,c)).217

3.2. Cross-view consistent word learning218

After IDB-CMDL, we find that there is still a huge computational cost to perform metric learning directly219

on the obtained sparse representations. Therefore, we propose a cross-view consistent word learning to improve220

computational e�ciency by encoding sparse feature representations into BoVW histograms. As we know, BoVW221

model is one of the e↵ective and e�cient method to search images in massive data due to its insensitivity to222

visual angle. Fig. 4 shows how it works in our approach. Local features usually shift with the change of223

camera views, such as the green satchel in Fig. 4. It is likely to result in mismatch when directly classifying the224

concatenated local features. So we get the codebooks by K�means, and then get the BoVW histogram which225

only cares about the statistical distribution of local features in the whole image, not the spatial location.

Positive pairs Local feature codebooks BoVW histogram

Figure 4: BoVW solves the misalignment of the same person in di↵erent camera views.

226

Classical BoVW models utilize only SIFT descriptor to build visual words, and other important features are227

ignored. In this paper, three di↵erent local features are used as visual words after IDB-CMDL. In this section,228

we define that Z(1,l,c) = P(1,l)X(1,l,c), Z(2,l,c) = P(2,l)X(2,l,c). zi(1,l,c) and zi(2,l,c) are the i-th row of Z(1,l,c) and229

Z(2,l,c), respectively. K�means is used to divide zi(1,l,c) into k clusters, so that each local feature of the same230

person is assigned to one of them by minimizing the non-negative cost function below.231

min
npX

i=1

(||zi(1,l,c) � cj(1,l,c)||
2
2 j = 1, ...k), (9)

where cj(1,l,c) is the clustering center corresponding to Z(1,l,c). np is the total number of the patches with the232

same label. The objective of k�means is to minimize the sum of squares of Euclidean distance between each233

local feature zi(1,l,c) and its nearest cluster cj(1,l,c). Similarly, we obtain the clusters corresponding to Z(2,l,c).234

After that, we obtain three codebooks by which each image can be represented linearly.235

Di↵erent from the traditional BoVW methods, we try to maintain the consistency of word distribution across236

views while clustering, because the feature distribution (learned from Eq. (7)) across views should be basically237

the same. So a cross-view consistent word learning is proposed to make the word distribution of the same person238

across views as similar as possible. We introduce a cross-view multi-level consistent word learning loss:239

LCMWL=
X

v,l
d(P(wv,l)� P(wl)), (10)
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where wv,l is the v-th camera view l-th feature level word vector, P(wl) is the l-th feature level word distribution240

of BoVW histogram, P(wv,l) is the v-th camera view l-th feature level word distribution of BoVW histogram,241

and d(·) is the distance between these two distribution.242

We observe that P(wv,l) follows a normal distribution. In this work, we use the simplified 2-Wasserstein243

distance [48] to represent the cross-view multi-level consistent word learning loss:244

LCMWL=
X

v,l
||µv,l � µl||22 + ||�v,l � �l||22, (11)

where µv,l/�v,l is the mean/std vector of the v-th camera view l-th feature level word distribution, and µl/�l245

is the mean/std vector of the l-th feature level word distribution. The cross-view multi-level consistent word246

learning loss Eq. (11) is jointly optimized along with the objective described in Eq. (9) as an extra constraint247

to get the BoVW histograms with consistent distribution across views.248

3.3. Multi-level metric learning249

So far, we get the multi-level word vectors that reflect feature distribution. These word vectors with di↵erent250

attributes need to be fused, and finally classified by measuring similarity. Considering that the similarity between251

word vectors is di↵erent from the linear distance in geometric space, the fused word vectors need to be mapped to252

r dimensional subspaces  2 Rd⇥r, where the Euclidean distance can work better for classification or ranking,253

that is, metric learning. Compared with the previous metric learning methods, the proposed KL-XQDA in254

this paper is unusual in that it fits the following two observations: (1) the multi-level words follow Gaussian255

distribution, which can meet the precondition of XQDA (mean= 0, Gaussian distribution) after standardization256

and fusion. (2) the BoVW histogram reflects the distribution of features, which inspires us to use KL (Kullback-257

Leibler) divergence to compute the distribution di↵erence of features in di↵erent views and embed it into XQDA.258

First, the word vector wv,l is standardized as follows259

wv,l =
wv,l � µv,l

�v,l

(12)

Then three levels of word vectors are fused into a word vector through weighted concatenation, which is expressed260

as261

w = (wdeep, �1wLOMO, �2wSIFT ), (13)

where the fusion weight �1, �2 are the adaptive parameters, and the operation (·, ·) denotes vector concatenation.262

Before computing KL divergence, we need to normalize w and map its elements between 0 and 1. In this263

way, each element of w represents the probability of the corresponding local feature. w is linearly normalized264

as265

w =
w � wmin

wmax � wmin
(14)

Then we compute feature distribution di↵erence D(wi, wj) of two sample word vectors wi and wj from di↵erent266

views by KL divergence. Considering the asymmetry of KL divergence (KL(wi||wj) 6= KL(wj ||wi)), D(wi, wj)267

can be expressed as268

D(wi, wj) = KL(wi, wj) +KL(wj , wi)

=
LP

k=1
wk

i
ln w

k
i

wk
j
+

LP
k=1

wk

j
ln

w
k
j

wk
i

= (wi ln
wi
wj

)T (wi ln
wi
wj

) + (wj ln
wj

wi
)T (wj ln

wj

wi
),

(15)

where wk

i
and wk

j
are the elements of the word vectors wi and wj , and L is the length of word vector.269

Finally, we embed D(wi, wj) into XQDA to learn a r dimensional subspace  2 Rd⇥r where feature distri-270

bution di↵erence is much reduced. The distance function between wi and wj can be expressed as271

d(wi, wj) = (
X�1

I
�
X�1

E
)D(wi, wj), (16)

where
P

I
and

P
E

denote the covariance matrices of intrapersonal variations ⌦I and extrapersonal variations272

⌦E , respectively. Given the subspace  = ('1,'2, ...,'r), this distance function Eq. (16) can be expressed as273

d(wi, wj) = '(
X�1

I
�
X�1

E
)'TD(wi, wj) (17)

The samples of the two classes will still have the same mean but di↵erent variances in  . In this case, the ratio274

of �I(') and �E(') can be used to increase the distance of the variance, so as to improve the discrimination275

of di↵erent samples. Notice that �I(') = 'T⌃I' and �E(') = 'T⌃E', therefore, ' can be optimized by276

maximizing the ratio function in Eq. (18):277

r(') =
'T⌃E'

'T⌃I'
(18)

The maximization of r(') is equivalent to278

min
'

'T⌃E', s.t. 'T⌃I' = 1, (19)

with ', we can learn a discriminant subspace  and a distance function d(wi, wj), as defined in Eq. (17).279
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4. Experiments280

4.1. Feature representation281

4.1.1. Local deep features282

Unlike many deep learning methods that use only the last fully connected layer as the feature, we use a283

combination of lower layer and higher layer to construct deep features. The idea is based on an observation that284

the lower feature maps in the network reflect the apparent attributes, while the higher feature maps represent285

the semantic properties, and these two sets of features can be complementary.286

The VGG16 network has a total of 13 convolution layers (Conv1⇠Conv13). We roughly divide them into low287

layers (Conv1⇠Conv4) and high layers (Conv9⇠Conv13), and select one layer from each to extract features and288

complement each other by concatenation. Fig. 5 shows the process of extracting the deep local features. Each289

feature maps is gridded as non-overlapping patches, each of which is expanded into a one-dimensional feature290

vector. For each lower feature map of size 112⇥112, the patch size is set to 16⇥16. For each higher feature map291

of size 28⇥ 28, the patch size is set to 4⇥ 4. After L2 normalization, the patches of feature maps from the same292

spatial position of lower and higher feature maps, respectively, are concatenated into a 16 ⇥ 16 + 4 ⇥ 4 = 272293

dimensional local feature vector.

max pooling max pooling max pooling

Conv1

Conv2

Conv3

Conv4

Conv5

Conv6

Conv7

Conv8

Conv9

Conv10

concat

Feature extraction

Feature extraction

Conv11

Conv12
max pooling

Conv13

Figure 5: The schematic for feature extraction of local deep features.

294

We get the optimal layers Convn1 and Convn2 by minimizing the object function of the proposed feature295

learning method.296

n1, n2 = argmin
i,j

f(xi

deep
, xj

deep
, �1xLOMO, �2xSIFT ), (20)

where n1 and n2 are 3 and 10 in this paper, and f(·) represents the proposed multi-level cross-view consistent297

feature learning. The comparison experiments of n1 and n2 have been given in Fig. 7 of 4.4.298

4.1.2. LOMO299

In this paper, LOMO features [18] are extracted. However, di↵erent from the original, instead of utilizing300

only the patches that represent horizontal maximized occurrence in the same rows, all the patches are used to301

obtain the local features. In addition, downsampling is removed. In the end, an image of 160 ⇥ 60 is divided302

into 10⇥ 3 = 30 patches, each of which has 8⇥ 8⇥ 8 color bins +34 ⇥ 2 SILTP bins = 1186 dimensions.303

4.1.3. SIFT304

In this work, each image of size 160⇥ 60 is divided into 16⇥ 6 of overlapping local patches. Then the SIFT305

features are extracted from these patches. Each patch is divided into 4 ⇥ 4 cells, and the orientations of local306

gradients are quantized into 8 bins. In the end, for each patch, we obtain a 4⇥ 4⇥ 8 = 128 dimensional SIFT307

feature vector, which is L2 normalized.308

4.2. Datasets and implementation details309

For evaluation, experiments were performed on three large-scale person re-id benchmarks, CUHK03 [49],310

Market1501 [26], and DukeMTMC-ReID [50]. Fig. 6 shows several samples of three datasets. We followed the311

standard person re-identification training/test split and test protocol, as shown in Table 1. We use the mean312

Average Precision (mAP) and cumulative matching characteristic (CMC) to evaluate the performance.313

Table 1: Evaluation protocol for Person re-id on three datasets.

Datasets #Images #Identities #Train #Test

CUHK03 14,097 1,467 767 700
Market1501 32,668 1,501 751 750

DukeMTMC-ReID 36,411 1,402 702 702

We fine tune VGG16 network in the Tensorflow framework to obtain the local deep features. All the input314

images are resized to 224⇥224. We set the batch size to 32 and epoch to 65. For IDB-CMDL, D(1,l), D(2,l), P(1,l)315
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(a) CUHK03 (b) Market1501 (c) DukeMTMC-ReID

Figure 6: Examples from three datasets. Each column corresponds to the same person.

and P(2,l) are intialized to random matrixes (l = 1, 2, 3). The trade-o↵ parameters �l = 0.45,�2 = 0.35,�3 = 0.2.316

The relaxation variables ↵1 = 0.2,↵1 = 0.3,�1 = 0.15,�2 = 0.2. When we get the BoVW histograms from the317

local features by K�means algorithm (see Fig. 3), we classify the local features of the same identity into the318

same class. In other words, k is equal to the number of identities in the training set. Take the CUHK03 dataset319

as an example, k = 767 (see Table 1). For codebook fusion, the adaptive parameters �1 = 0.3 and �2 = 0.2.320

The feature learning method proposed in this paper is easy for multi-thread batch computing, which greatly321

improves the execution e�ciency.322

4.3. Comparisons with the state-of-the-art algorithms323

4.3.1. Evaluation on CUHK03324

We evaluated the proposed method on the CUHK03 dataset with both manually labelled and auto-detected325

cases. We adopted a more realistic setting in which the identities were divided into 767/700 for training/testing,326

instead of the previous 1367/100. In this way, the training set is smaller, with only 7,300 images (versus327

12,936/16,522 in Market1501/DukeMTMC-ReID). Table 2 shows that in the labelled setting, our method is328

superior to the compared state-of-the-art algorithms, surpassing the 2nd best CRAN by 1.04% (69.24 - 68.2) in329

mAP and 1.67% (74.37 - 72.7) in Rank-1. For the detected setting, our method achieved almost the same result330

as the best CASN, far more than the 3rd best CRAN by 2.75% (67.65 - 64.9)/2.23% (72.13 - 69.9) in mAP/Rank-331

1. In addition, we compared our method with some feature learning methods that were listed separately in332

Table 2, like HPM, DPFL and DaF. And our method outperforms them by at least 10% in both mAP and333

Rank-1 (labelled setting). We also compared the methods associated with our descriptor, BoW+XQDA and334

LOMO+XQDA. The results show that our method outperforms them by at least 30% in both mAP and Rank-335

1, regardless of the setting. It shows that to some extent IDB-CMDL and feature fusion greatly improve the336

discrimination of the descriptor for person re-identification.

Table 2: Results on the CUHK03 dataset. Metric: mAP and Rank-1 (%). Our method using CUHK03 as the labelled and detected.
1st/2nd/3rd best in red/blue/green.

Method References
Labelled detected

mAP Rank-1 mAP Rank-1
CRAN[51] TCSVT 2019 68.2 72.7 64.9 69.9
CASN[52] CVPR 2019 64.4 71.5 68.0 73.7
Pose-Transfer[53] CVPR 2018 42.0 45.1 38.7 41.6
SVDNet[54] ICCV 2017 37.83 40.93 37.30 41.50
IDE-R+XQDA[55] CVPR 2017 29.6 32.0 28.2 31.1
HPM[42] AAAI 2019 57.5 63.9 - -
DPFL[40] ICCV Workshop 2017 40.5 43.0 37.0 40.7
DaF[41] BMVC 2017 31.5 27.5 30.0 26.4
BoW+XQDA[26] BMVC 2016 7.3 7.9 6.4 6.4
LOMO+XQDA[18] CVPR 2015 13.6 14.8 11.5 12.8
Ours 69.24 74.37 67.65 72.13

337

4.3.2. Evaluation on Market1501338

We evaluated the proposed method against 13 state-of-the-art methods on the Market1501 dataset. Mar-339

ket1501 is a large-scale dataset with enough images, making it particularly suitable for data-driven deep learning340

methods. Table 3 shows that the proposed method again outperforms all compared state-of-the-art methods341

with slight accuracy advantages both in mAP and Rank-1. More specifically, our method surpasses the 2nd best342

model CRAN by 0.66% (89.26 - 88.6)/0.78% (96.58 - 95.8) in mAP/Rank-1. The proposed method performed343

well in both Rank-5 and Rank-10, ranking second, only 0.18% and 0.12% lower than the best VPM. Besides, we344
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also compared our method with some feature learning methods that were listed separately in Table 3, such as345

VPM, JSTL DGD+ICV-ECCL, DaF, and MSCAN. It can be seen that the results produced by our methods346

are not inferior to them. We can see that our method surpasses the 2nd best feature learning method VPM347

a lot, 9.26% (89.26 - 80.0)/3.58% (96.58 - 93.0) in mAP/Rank-1. And our method achieved almost the same348

result as the best VPM in Rank-5/Rank-10. This suggests the e�cacy of our learning framework.

Table 3: Results on the Market1501 dataset. Metric: mAP, Rank-1, Rank-5 and Rank-10 (%). 1st/2nd/3rd best in red/blue/green.

Methods References mAP Rank-1 Rank-5 Rank-10
CRAN[51] TCSVT 2019 88.6 95.8 - -
SPReID[56] CVPR 2018 83.36 93.68 97.57 98.40
CASN[52] CVPR 2019 82.8 94.4 - -
HPM[42] AAAI 2019 82.7 94.2 97.5 98.5
KPM[57] CVPR 2018 75.3 90.1 96.7 97.9
Pose-Transfer[53] CVPR 2018 68.92 87.65 - -
PDC[58] ICCV 2017 63.4 84.1 92.7 94.9
JLML[59] IJCAI 2017 62.5 85.1 - -
SVDNet[54] ICCV 2017 62.1 82.3 92.3 95.2
VPM[60] CVPR 2019 80.0 93.0 97.8 98.8
JSTL DGD+ICV-ECCL[44] TIP 2018 77.3 90.6 - -
DaF[41] BMVC 2017 72.4 82.3 - -
MSCAN[43] CVPR 2017 57.53 80.31 - -
Ours 89.26 96.58 97.62 98.68

349

4.3.3. Evaluation on DukeMTMC-ReID350

We evaluated the proposed method against 15 existing methods on recently released DukeMTMC-ReID351

dataset. Compared with Market1501, the camera in DukeMTMC-ReID has a wider field of view and a more352

complex scene, resulting in great changes in the image resolution and background, which makes the re-id353

task more challenging. Table 4 shows the clear performance superiority of the proposed method over all354

state-of-the-art methods with significant Rank-1 and Rank-5 advantages. Our model achieves a small mar-355

gin (+0.93%/+1.18%) over the 2nd best CASN/HPM in Rank-1/Rank-5. Some feature learning methods like356

HPM, VPM, DPFL and BraidNet-CS+SRL are listed separately in Table 4. Experimental results show that357

the proposed method performs the best as compared with others. Since TJ-AIDL is in unsupervised learning,358

the accuracy rate is inherently lower. This demonstrates the e�cacy of IDB-CMDL and the complementary359

role of hand-crafted features again.

Table 4: Results on the DukeMTMC-ReID dataset. Metric: mAP, Rank-1, Rank-5 and Rank-10 (%). 1st/2nd/3rd best in
red/blue/green.

Methods References mAP Rank-1 Rank-5 Rank-10
CRAN[51] TCSVT 2019 74.7 87.6 - -
CASN[52] CVPR 2019 73.7 87.7 - -
SPReID[56] CVPR 2018 73.34 85.95 92.95 94.52
Two-stream+dMpRL-II[61] TIP 2019 58.56 76.81 - -
TJ-AIDL[62] CVPR 2018 23.0 44.3 59.6 65.0
AOSReID[63] CVPR 2018 62.10 79.17 - -
SVDNet[54] ICCV 2017 56.8 76.7 86.4 89.9
ACRN[64] CVPR Workshop 2017 52.0 72.6 84.8 88.9
Pose-Transfer[53] CVPR 2018 48.06 68.64 - -
OIM Loss[33] CVPR 2015 47.4 68.1 - -
Basel.+LSRO[50] ICCV 2017 47.1 67.7 - -
HPM[42] AAAI 2019 74.3 86.6 93.0 95.1
VPM[60] CVPR 2019 72.6 83.6 91.7 94.2
DPFL[40] ICCV Workshop 2017 60.6 79.2 - -
BraidNet-CS+SRL[45] CVPR 2018 59.49 76.44 - -
Ours 74.34 88.63 94.18 94.97

360

4.4. Feature analysis361

To illustrate the rationality of the combination of lower and higher convolution layers, considering too362

many combinations, we only compare di↵erent convolution layer combinations on CUHK03 labelled dataset.363

In addition, we also verify the necessity of the multi-level features constructed in this paper on Market1501364

dataset.365

In this paper, we demonstrate the complementary role of the deep features of the higher and lower layers366

learned from fine-tuning VGG16. There are 13 convolution layers in VGG16. We consider Conv1-Conv4 as367
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the lower layers and Conv9-Conv13 convolutional layer as the higher layers. We try di↵erent combinations of368

lower and higher layers to verify the rationality of our choice. As shown in Fig. 7, our combination (Conv3 +369

Conv10) achieved the best mAP result (69.2%, see Fig. 7(a)) and the best Rank-1 result (74.4%, see Fig. 7(b))370

on the labelled CUHK03 dataset, 1.0% and 1.6% higher than the suboptimal (Conv3 + Conv11), respectively.
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Figure 7: mAP and Rank-1 results for di↵erent combinations of lower and higher convolution layers on CUHK03 labelled dataset.

371

In addition, feature analysis experiments are conducted on Market1501 dataset to evaluate the complemen-372

tarity among di↵erent features, and the results are shown in Table 5. To fully prove the e↵ectiveness of each373

feature, feature analysis is also divided into three di↵erent levels, that is, l = 1, 2, 3. l = 1 represents the374

individual feature, l = 2 is a combination of any two features, and l = 3 is the full multi-level feature proposed375

in this paper. In particular, when analyzing individual feature (l = 1), the fusion parameters in Eq. (13) are376

ignored since the weight of individual feature should be 1, while when analyzing feature combinations (l = 2, 3),377

the fusion parameters remain the same as the original setting, �1 = 0.3, �2 = 0.2. It can be seen from Table 5378

that as the most important component in the fusion feature, deep feature has got the best result in the individ-379

ual feature analysis, and its e↵ect is obviously greater than the other two (79.54%>>54.63%>47.65% mAP),380

even better than their combination, LOMO & SIFT (+15.23% mAP/+16.62% Rank-1). What’s more, we find381

that performance gradually improves with the level l. For example, from Deep to Deep & LOMO, then to382

Deep & LOMO & SIFT, mAP (same regularity on Rank-1, 5, 10) accuracy is gradually improved (from 79.54%383

to 86.14%, and then to 89.26%). Besides, we concluded that these three features contribute to the fusion in384

di↵erent degrees. Deep feature plays the most important role, LOMO and SIFT play an auxiliary role, and385

LOMO is slightly more useful than SIFT (by comparing Deep & LOMO with Deep & SIFT).386

Table 5: Results on the Market1501 dataset. Metric: mAP, Rank-1, Rank-5 and Rank-10 (%).

Feature combinations l mAP Rank-1 Rank-5 Rank-10
LOMO 1 54.63 56.78 63.21 66.84
SIFT 1 47.65 49.18 54.19 57.97
Deep 1 79.54 84.31 90.11 93.69

Deep & LOMO 2 86.14 93.23 94.47 95.82
Deep & SIFT 2 82.56 87.61 92.73 94.47
LOMO & SIFT 2 64.31 67.69 71.24 74.84

Deep & LOMO & SIFT 3 89.26 96.58 97.62 98.68

4.5. Ablation analysis387

To further verify the e↵ect of the three learning processes proposed in this paper, we decomposed them and388

conducted ablation experiments. Considering that removing the sparse process during analysis of IDB-CMDL389

results in very high feature dimensions, we only tested on a smaller CUHK03 dataset to reduce execution time.390

We compared the four configurations (C1-C4) on the CUHK03 dataset with the labelled settings and de-391

tected settings respectively, as shown in Table 6 and Table 7. The abbreviation CVCWL represents cross-view392

consistent word learning, and MLML represents multi-level metric learning. ⇥ means to remove while Xis to393

retain. C4 is the full configuration, including the three processes of IDB-CMDL, CVCWL and MLML. The394

experimental settings of C1 - C3 are as follows: (1) for C1, we just remove the IDB-CMDL module because it is395

completely independent of the other two modules. (2) for C2, we only remove the consistency restriction of the396

word distribution (Eq. (11)) in optimization objective of CVCWL, which is exactly what we innovate compared397

with the traditional BoVW method. In other words, we replace CVCWL with the traditional BoVW method.398

(3) for C3, we only removed our innovation in MLML that focused on evaluating the feature distribution dif-399

ference, and replaced the KL-XQDA with the existing XQDA method. Specifically, KL divergence D(wi, wj)400

in Eq. (16) is replaced by Euclidean distance. It can be seen from the comparison of C1-C3 and C4 that each401

process has a positive e↵ect on the improvement of recognition rate, because the mAP and Rank-1 of C4 are402
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higher than any of C1-C3. The influence ranking of three learning processes: IDB-CMDL>>MLML>CVCWL403

(refer to 54.33<<66.85<70.36 in Table 6, and 55.34<<65.65<68.94 in Table 7).404

Table 6: Rank-1 and mAP results for di↵erent configurations on CUHK03 labelled datasets.

Config. IDB-CMDL CVCWL MLML Rank-1 mAP
C1 ⇥ X X 54.33 51.18
C2 X ⇥ X 70.36 66.14
C3 X X ⇥ 66.85 62.24
C4 X X X 74.37 69.24

Table 7: Rank-1 and mAP results for di↵erent configurations on CUHK03 detected datasets.

Config. IDB-CMDL CVCWL MLML Rank-1 mAP
C1 ⇥ X X 55.34 52.23
C2 X ⇥ X 68.94 64.07
C3 X X ⇥ 65.65 61.72
C4 X X X 72.13 67.65

4.6. Evaluation of fusion weights405

We analyze the e↵ect of the weights �1 and �2 of feature fusion on accuracy. Lots of comparative experiments406

have been done on Market1501 dataset to show that the accuracy (mAP, Rank-1, Rank-5, Rank-10) reach the407

highest when �1 = 0.3 and �2 = 0.2. We find the best combination of �1 and �2 in the range of 0 to 0.5 with408

step length of 0.1. The experimental results are shown in Fig. 8. As can be seen from Fig. 8, the accuracy is409

obviously lower than our optimal combination (0.3, 0.2) when �1 = �2 = 0 which means ignoring the auxiliary410

role of LOMO and SIFT, and considering only the discrimination of local deep features. These experiments411

fully demonstrate the complementary role of the hand-crafted feature and the rationality of weight parameters412

selection.
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Figure 8: Accuracy results for di↵erent combinations of fusion weights �1 and �2 on Market1501 dataset.
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5. Conclusions414

In this paper, we proposed a multi-level cross-view consistent feature learning framework for person re-415

identification, which consists of three learning processes: IDB-CMDL, cross-view consistent word learning and416

multi-level metric learning. We overcome the challenge of viewpoint change in person re-identification from two417

aspects: feature consistency and feature distribution consistency. Compared to the state-of-the-art methods,418

our approach combined multiple techniques and achieved superior results. Specifically, we observed that the419

proposed method improves the accuracy of mAP and rank-1 by large margins for person re-identification.420
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Appendix A. Appendix424

Here we give the detailed solution of IDB-CMDL and some detailed derivation of formulas in Eq. 3.3.425

Appendix A.1. Solution of IDB-CMDL426

Although there are many variables in (7), we can alternatively optimize these variables as follows. Fix other427

variables and update A(1,l) and A(2,l). By ignoring the irrelevant variables with respect to A(1,l), the objective428

(8) is reduced to429

min
A(1,l)

||X(1,l) �D(1,l)A(1,l)||2F
+↵||P(1,l)X(1,l) �A(1,l)||2F

(A.1)

Setting the derivative with respect to A(1,l) to zero, we get the solution430

A(1,l) = (DT

(1,l)D(1,l) + ↵I)�1

(DT

(1,l) + ↵P(1,l))X(1,l)

, (A.2)

where I is an identity matrix. Similarly, we get the solution to A(2,l) as431

A(2,l) = (DT

(2,l)D(2,l) + ↵I)�1

(DT

(2,l) + ↵P(2,l))X(2,l)

(A.3)

Fix other variables and update A(1,l,c) and A(2,l,c). The objective function regarding A(1,l,c) is reduced to432

min
A(1,l,c)

||X(1,l,c) �D(1,l)A(1,l,c)||2F
+�||P(1,l)X(1,l,c) �A(1,l,c)||2F
+�l||A(1,l,c) �A(2,l,c)||2F

(A.4)

Setting the derivative with respect to A(1,l,c) to zero, we get the solution433

A(1,l,c) = (DT
(1,l)D(1,l) + (� + �l)I)�1

(DT
(1,l)X(1,l,c) + �lA(2,l,c) + �P(1,l)X(1,l,c))

(A.5)

Similarly, we get the solution to A(2,l,c) as434

A(2,l,c) = (DT
(2,l)D(2,l) + (� + �l)I)�1

(DT
(2,l)X(2,l,c) + �lA(1,l,c) + �P(2,l)X(2,l,c))

(A.6)

Fix other variables and update P(1,l) and P(2,l). The objective function regarding P(1,l) is reduced to435

min
P(1,l)

↵||P(1,l)X(1,l) �A(1,l)||2F
+�||P(1,l)X(1,l,c) �A(1,l,c)||2F

(A.7)

Setting the derivative with respect to P(1,l) to zero, we get the solution436

P(1,l) = (↵A(1,l)X
T
(1,l) + �A(1,l,c)X

T
(1,l,c))

(↵X(1,l)X
T
(1,l) + �X(1,l,c)X

T
(1,l,c))

�1
(A.8)

Similarly, we get the solution to P(2,l) as437

P(2,l) = (↵A(2,l)X
T
(2,l) + �A(2,l,c)X

T
(2,l,c))

(↵X(2,l)X
T
(2,l) + �X(2,l,c)X

T
(2,l,c))

�1
(A.9)
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Fix other variables and update D(1,l) and D(2,l). The objective function regarding D(1,l) is reduced to438

min
D(1,l)

||X(1,l) �D(1,l)A(1,l)||2F
+||X(1,l,c) �D(1,l)A(1,l,c)||2F

s.t. ||d1l(:,i)||  1, ||d2l(:,i)||  1, i = 1, ...,m

(A.10)

Problem (A.10) can be solved by the Alternating Direction Method Of Multipliers (ADMM) algorithm. We439

have similar solution to D(2,l). The above procedures are repeated until convergence. The complete procedures440

of IDB-CMDL is summarized in Algorithm 1.

Algorithm 1: ID-based cross-view multi-level dictionary learning (IDB-CMDL)

Input: Local feature sets in three di↵erent levels from two di↵erent camera views X(1,l) and X(2,l),
l = 1, 2, 3.

Output: D(1,l), D(2,l), P(1,l), and P(2,l).
Initialize D(1,l), D(2,l), P(1,l), P(2,l), A(1,l), A(2,l), A(1,l,c), A(2,l,c), ↵, �, and �l;
while not converge do

Fix other variables, update A(1,l) and A(2,l) according to (A.1), (A.2), (A.3);
Fix other variables, update A(1,l,c) and A(2,l,c) according to (A.4), (A.5), (A.6);
Fix other variables, update P(1,l) and P(2,l) according to (A.7), (A.8), (A.9);
Fix other variables, update D(1,l) and D(2,l) according to (A.10);

end

returnreturnreturn D(1,l), D(2,l), P(1,l), and P(2,l);

441

Appendix A.2. Derivation of some formulas in 3.3442

The detailed derivation of distribution di↵erence distance D(wi, wj) in Eq. (15) is443

D(wi, wj) = KL(wi, wj) +KL(wj , wi)

=
LP

k=1
wk

i
lnw

k
i

wk
j
+

LP
k=1

wk

j
ln

w
k
j

wk
i

=
LP

k=1
wk

i
(lnwk

i
� lnwk

j
) + wk

j
(lnwk

j
� lnwk

i
)

=
LP

k=1
wk

i
lnwk

i
� wk

i
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j
+ wk

j
lnwk

j
� wk

j
lnwk

i

=
LP
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wk

i
lnwk

i
� wk

i
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j
+

LP
k=1

wk

j
lnwk

j
� wk

j
lnwk

i

= (wiln
wi
wj

)T (wiln
wi
wj

) + (wj ln
wj

wi
)T (wj ln

wj

wi
)

(A.11)

The detailed derivation of metric distance d(wi, wj) in Eq. (16) is444

d(wi, wj) = (wiln
wi
wj

)T (
P�1

I
�
P�1

E
)(wiln

wi
wj

) + (wj ln
wj

wi
)T (

P�1
I

�
P�1

E
)(wj ln

wj

wi
)

= (
P�1

I
�
P�1

E
)[(wiln

wi
wj

)T (wiln
wi
wj

) + (wj ln
wj

wi
)T (wj ln

wj

wi
)]

= (
P�1

I
�
P�1

E
)D(wi, wj)

(A.12)

After mapping to subspace ', the metric distance in Eq. (17) is derived as445

d(wi, wj) = (wiln
wi
wj

)T'(
P�1

I
�
P�1

E
)'T (wiln

wi
wj

) + (wj ln
wj

wi
)T'(

P�1
I

�
P�1

E
)'T (wj ln

wj

wi
)

= '(
P�1

I
�
P�1

E
)'T [(wiln

wi
wj

)T (wiln
wi
wj

) + (wj ln
wj

wi
)T (wj ln

wj

wi
)]

= '(
P�1

I
�
P�1

E
)'TD(wi, wj)

(A.13)

The explanation of Eq. (18) and Eq. (19) can be found in [18].446
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