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Abstract

The laborious manual person ID annotation results in
limited training data and increased difficulty in learning
discriminative representations. Meanwhile, high dimen-
sional deep features are not ready for fast indexing and
matching. Those challenges hinder the application of per-
son Re-Identification (ReID) in large-scale data. To con-
quer those challenges, we propose a novel training strategy
to learn compact binary hash codes. To facilitate feature
learning, person images are decomposed into body parts,
which are then composed across images into new positive
and negative training samples. Binary code quality restric-
tions are also applied the during training procedure. Re-
quiring no extra annotation costs, our algorithm iteratively
generates hard training samples by itself and makes dis-
criminative hash code learning with a limited number of
labeled data possible. We hence use “self-guided” to de-
scribe this training procedure. Extensive experiments are
conducted on two large-scale person ReID datasets, i.e.,
Market1501 and MSMT17 with distractors, showing our
method is competitive compared with recent works.

1 Introduction

Person Re-Identification (ReID) [6, 11, 1] matches a

query person image against a gallery set. It is important

for smart surveillance system. Thanks to recent efforts

ranging from Deep Convolutional Neural Networks (DC-

NNs) [10, 3] to structure design [9, 14], person ReID accu-

racy on existing datasets has been significantly boosted.

Compared with person ReID on benchmark datasets,

ReID on large-scale dataset faces new challenges. First,

compact features are required for high efficiency and low

memory cost. Second, the training data tends to be lim-

ited. Third, there exists large intra-class distance and small

inter-class distance issue. Some hard examples are shown in

Fig. 1. It can be observed that some false positives present

similar appearances with queries. Additional annotations

could be helpful, but it is expensive in large-scale datasets.

Figure 1: Hard examples on Market1501[15] by GoogLeNet[10].
True positives are annotated with green bounding boxes.

This work aims to learn hash codes with DCNN from

limited annotated data. We use hash codes to present per-

son images for fast indexing and retrieval on large-scale

datasets. Two restraints are applied to ensure the code qual-

ity and discriminative power. The code quality loss is mea-

sured by quantization error, entropy of binary codes, and

correlation among different binary bits. It ensures the code

compactness and small quantization error.

To ensure the high discriminative power of hash codes,

we propose to generate more training samples. Our intu-

ition is that, each person can be regarded as a composition

of body parts. After segmenting parts from person images,

pseudo person images can be composed. Then we can train

the model without requiring extra annotations.

Some composed images are shown in Fig. 2. It can be

observed that composed positive samples enlarge the vari-

ances of poses, viewpoints, etc. Hard negative samples can

also be composed as only a few parts are different between

two images. Training with those samples, hash code is po-

tential to gain high discriminative power. Training proce-

dure generates and selects hard samples for a better opti-

mization and is hence called as “self-guided”.

We extensively evaluate our methods on two large-scale

datasets, i.e., Market1501 [15] and MSMT17 [12]. Experi-
mental results show that our method achieves a reasonable

trade-off between accuracy and efficiency, and is an reason-
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Figure 2: Illustration of composed pseudo samples.

able option for large-scale person ReID. To our best knowl-

edge, this is an early and original attempt to adopt pseudo

image composition in hash code learning for person ReID.

2 Related Works

This work is related with DCNN based person ReID and

hashing. We briefly review those two lines of works.

DCNNs have dominated the methods of person ReID.

Some recent works focus on designing powerful features [9,

19]. For example, Li et al. [9] use human keypoints to

locate parts and extract local features from them. How-

ever, those mehtods commonly have a complicated DCNN.

Moreover, the high-dimensional floating-point representa-

tion is not ready for large-scale applications.

Some works focus on learning discriminative distance

metrics [2, 7]. For example, Chen et al. [2] design a quadru-

plet loss for training. Most metric learning methods need

mining hard examples. However, labeling and detecting

hard samples are expensive on a large-scale dataset.

Some other works handle person ReID by augmenting

training data [12, 17]. Zheng et al. [17] generate unla-

beled samples by a GAN model. Compared with [17], our

method is easier to train without GAN model. Moreover,

our method generates labeled training samples, which are

more important than unlabeled data for model training.

Recently, many works use DCNN to learn hash codes.

Some works [20, 5] propose new training algorithms to opti-

mize the quantization and approximation error. Some works

apply hash codes on person ReID. Chen et al. [1] propose

a hashing method based on hand-crafted features for per-

son ReID. However, hash codes could achieve better per-

formance based on DCNN. Zhu et al. [19] learn hash codes

based on a part-based feature extraction CNN. Liu et al. [8]

learn deep hash codes for person images with an adversar-

ial learning strategy. Compared with them, the proposed

method uses a more concise structure, and performs better

through generating pseudo images as extra training data.

3 Proposed Method

We train a DCNN with K outputs to learn hash codes.

The generated hash code is expected to be discriminative

and compact. We accordingly post two constraints in loss

function during model training:

L = Ld + λLcq, (1)

where Ld denotes discriminative power loss and Lcq de-
notes code quality losses. λ is the weighting parameter.
The binary codes are relexed to real-valued ones by sigmoid

function in training.

3.1 Self-Guided Learning for Ld Optimization

We use two constraints to improve the discriminative

power, i.e., softmax loss and siamese loss. Given a train-

ing set A, two image pair collections Sp and Sn can be
constructed to contain positive and negative image pairs, re-

spectively. Let f denote the real-valued code of input image
I , then Ld can be defined as:

Ld =
β

N

∑

Ii∈A
�sm(fi)+

1

2NpK

∑

{Ii,Ij}∈Sp

‖fi − fj‖22

+
1

2NnK

∑

{Ii,Ij}∈Sn

max{m− ‖fi − fj‖22, 0}, (2)

whereN is the image number inA,Np andNs are the num-

bers of image pairs in Sp and Sn. {Ii, Ij} is an images pair.
�sm(fi) computes the softmax loss for fi in person classi-
fication. m denotes the distance margin parameter, and β
weights the classification and distance losses.

We propose to generate pseudo hard samples to assist the

model training. Let A′ denote the set of generated pseudo
person images with person ID annotation, S′p and S

′
n the set

of generated positive pairs and negative pairs, respectively.

We update the loss function of Ld as L
′
d as:

L′d =Ld +
1

N ′
l

∑

Ii∈A′
�sm(fi) +

1

2N ′
pK

∑

Ii,Ij∈S′
p

‖fi − fj‖22
1

2N ′
nK

∑

Ii,Ij∈S′
n

max{m− ‖fi − fj‖22}, (3)

whereN ′
l denotes the number of samples inA′,N ′

p andN
′
n

are the number of positive and negative pairs, respectively.

For pseudo samples generation, we denote a labeled per-

son image as a composition of M different parts: Ii =
{pi,j |j = 1...M}. Then we introduce the generation of
pseudo samples in the following.

Positive Sample Composition: A pseudo image can be
generated with parts from different image. To ensure the

pseudo image can be annotated with a person ID, e.g., the

person h, we require that all its parts are sampled from per-
son h’s images. We formulate the composition of an posi-
tive image I ′i of person h as:

I ′i = {p′i,j |j = 1...M}, s.t. p′i,j ∈ h, (4)
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where p′i,j ∈ h means all the M parts composing I ′i are
sampled from annotated images of h. The generated I ′i in
Eq. (4) is labeled with person ID h and is added to A′. The
S′p hence could be composed by images of h in A and A′.
Some composed positive samples are illustrated in

Fig. 2. It can be observed that, exchanging and reassem-

bling the body parts across images of the same person does

not change the person identity, but effectively explores more

possible appearances of this person. Therefore, generating

positive pseudo images enlarges sample variances in train-

ing set, and has potential to alleviate model overfitting.

Negative Sample Composition: A negative sample of
person h should have identity other than h. It can be ensured
if at least one part is not sampled from h. We formulate the
composition of a negative image I ′i for person h as:

I ′i = {p′i,j |j = 1...M}, s.t. ∃pi,j /∈ h. (5)

It is also not reasonable to annotate I ′i with any other per-
son ID in A. Sampling more parts from person h results in
larger difficulty to distinguish. Then, pseudo negative pairs

can be composed and added to S′n to assist model learning.
Some composed negative samples are illustrated in

Fig. 2. It can be observed that, images in each negative im-

age pair only differ in some local details, e.g., legs. Being

trained to distinguish those hard samples, the binary hash

code would gain stronger discriminative ability.

3.2 Code Quality Optimization

We use code quality loss Lcq to optimize the code qual-
ity. Lcq can be formulated as:

Lcq = �q + γ1�e + γ2�c, (6)

where �q , �e, and �c denote quantization loss, entropy loss,
correlation loss, respectively. γ1 and γ2 are loss weights.

Quantization Loss: To minimize quantization error, we
encourage outputs to approach 1 if they are larger than 0.5,

to 0 otherwise. We design the function of the �q as:

�q=
1

2(N+N ′)K

N+N ′∑

i=1

K∑

k=1

(abs(fi(k)−0.5)−0.5)2, (7)

where abs(·) denotes absolute value function, and fi(k) de-
notes the kth output of fi.

Entropy Loss: To maximize the information provided
by each neuron, we constrict the average output value of

each output neuron to be 0.5. Let μ̂k denote the average
output value for the kth neuron in the output layer: μ̂k =

1
N+N ′

∑N+N ′

i=1 fi(k).We design the entropy loss w.r.t. the

kth neuron based on K-L divergence as:

�e(μ̂k) =
1

2
ln

1

2μ̂k
+
1

2
ln

1

2(1− μ̂k) . (8)

�e over all neurons is computed as: �e =
1
K

∑K
k=1 �e(μ̂k).

Computing �e requires enough samples to estimate μ̂. To
handle this issue, we propose a new strategy to estimate μ̂.
For the first T iterations, μ̂t for the tth iteration is calculated
as: μ̂tk = μ̂

t−1
k + 1

Tn · ∑n
i=1 f

t
i (k), where f

t
i (k) denotes

the output in the tth iteration and n denotes the batch size.
After T iterations, we update μ̂tk as: μ̂

t
k =

T−1
T · μ̂t−1k +

1
Tn ·∑n

i=1 f
t
i (k). This strategy posts larger weights for the

current output during average value calculation.

Correlation Loss: Each output neuron should be uncor-
related to each other to reduce feature redundancy. For the

k1th and the k2th neurons, we design the correlation loss
as the square of correlation coefficient:

�c(k1, k2) =∑N+N ′

i=1 (fi(k1)− μk1)2(fi(k2)− μk2)2∑N+N ′
i=1 (fi(k1)− μk1)2

∑N+N ′
i=1 (fi(k2)− μk2)2

. (9)

The overall uncorrelated loss can be computed as:

�c =
2

K(K − 1)
K∑

i=1

K∑

j=i+1

�c(ki, kj). (10)

Eq. (10) also needs enough samples to precisely evaluate

correlated coefficient. We propose to cache the outputs of

recent T iterations and calculate �c on those cached outputs.

4 Experiments

4.1 Dataset and Implementation Details

We conduct experiments with Market1501 [15],

MSMT17 [12] and Distractor-671K. Market1501 contains
32,668 images of 1,501 persons. 12,936 images of 751 per-

sons are selected for training and others are used for testing.

500,000 unlabeled distractors are provided. MSMT17
contains 126,441 images of 4,101 persons. 32,621 images

of 1,041 persons are selected for training and others are

used for testing. Distractor-671K is a large-scale distractor
set containing 671,904 person images without annotation.

Compared with distractors provided by [15], where a large

portion of distractors are background images, all distractors

in Distractor-671k are person images, making it a more
challenging and realistic distractor dataset.

Deeper Cut [4] is used to estimate the positions of 14

keypoints for each person image. Based on estimated key-

points, human body is devided into four parts: head, arm,

upper body, and lower body. Examples of generated images

are illustrated in Fig. 3. Our model structure is based on

GoogLeNet [10]. Hash codes are generated by two fully

connected layers after pool5 layer. We setm in Eq. (2) and

Eq. (3) as 0.5. λ in Eq. (1), β in Eq. (2), γ1 and γ2 in
Eq. (6) are empirically set to 0.1, 10, 1 and 1, respectively.
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Figure 3: Illustration of composed examples by replacing head,

arm, upper body and lower body from other images, respectively.

Table 1: Performance gained by composed images.

Positive Negative
Market1501 MSMT17

Rank-1 mAP Rank-1 mAP

- - 0.751 0.545 0.478 0.228√
- 0.786 0.564 0.506 0.244

-
√

0.779 0.575 0.485 0.228√ √
0.787 0.588 0.506 0.245

Data Augmentation 0.773 0.570 0.494 0.232

LSRO [17] 0.781 0.562 - -

The number of initialization iterations T for computating
�e and �c is set to 10. The base learning rate is set to 0.003
and is decreased by 50% after each 22,000 iterations. Im-

ages are resized into 512×256 as input. Following previous
works [12], we report Rank-1 accuracy and mAP.

4.2 Ablation Study

This section evaluates the validation of each part in our

method. 1024-dim feature is used in this section.

Performance Gained by Composed Samples: To sim-
plify the evaluation, we simply compose pseudo person im-

ages by exchanging the lower bodies across two images.

On Market1501, we generate 22,796 images with ID labels
and 51,568 negative image pairs. On MSMT17, we obtain
57,290 images with ID labels and 118,616 negative image

pairs. In the following, we call pseudo images with ID label

as ‘Positive”, and call the composed negative image pairs as

“Negative” for short.
√
denotes corresponding data is used

for training. 1024-bit code is used in this section.

Two data augmentation strategies are compared. The

first one crops and flips a 512×256 region randomly. A
GAN based data augmentation strategy in LSRO [17] is also

compared. Note that LSRO uses 2048-dim floating-point

features. The comparison is summarized in Table 1. It can

be observed that, both positive and negative samples im-

prove the performance. Using all composed samples results

in the best performance, e.g., improves the Rank-1 accuracy

by 3.6% onMarket1501 over the baseline. Our method out-
performs the two data augmentation strategies with a simply

image composition strategy. This indicates our pseudo sam-

ple composition could be a more reasonable sample gener-

ation strategy than the one in LSRO [17] for person ReID.

Table 2: Evaluation of composed positive images on Market1501.

Accurately classified
Misclas. Rank-1 mAP

(0, 0.8) [0.8, 0.95) [0.95, 1)

- - - - 0.751 0.545√
- - - 0.759 0.550

-
√

- - 0.763 0.555

- -
√

- 0.769 0.564

-
√ √

- 0.770 0.563√ √ √
- 0.786 0.564

- - -
√

0.766 0.556

-
√ √ √

0.765 0.567√ √ √ √
0.773 0.567

Table 3: Evaluation of composed negative image pairs on Mar-
ket1501.

(0, 0.75) [0.75, 1.25) [1.25, 4) Rank-1 mAP

- - - 0.751 0.545√
- - 0.760 0.561

-
√

- 0.765 0.569

- -
√

0.762 0.561

-
√ √

0.772 0.570√ √ √
0.779 0.575

Among composed samples, it is unavoidable that some

samples are not natural and distribute far from original

training data. To evaluate the impact of distribution of com-

posed positive samples, we use the classification confidence

score by the baseline model as indicator, i.e., a high and

correct score indicates the corresponding composed image

is close to the distribution of original images and vice versa.

Among the positive samples on Market1501, 335 samples
are misclassified. The correctly classified samples are di-

vided into three categories: 14,800 samples whose score is

in [0.95, 1), 5,630 samples in [0.8, 0.95), and 2,366 in (0,

0.8). The performance are summarized in Table 2. It can

be observed that, all of those samples improve the perfor-

mance. This indicates that both the composed samples far

from and close to the distribution of original images can as-

sist the model training. When using all the accurately classi-

fied samples, our model achieves the best Rank-1 accuracy

of 0.786. Thus, we adopt all the accurately classified sam-

ples for model training in following experiments.

We evaluate the negative samples in a similar way. The

generated negative pairs are divided into three categories

based on the distance between the two images in each pair.

The L2-normalized real-valued feature is used to compute

the distance. The results are summarized in Table 3. It can

be seen that, adding every portion of composed negative

pairs improves the performance. Using all the negative pairs

achieves the best performance and improves 2.8% and 3.0%

in Rank-1 and mAP over baseline, respectively.

Effects of Pseudo Sample Composition Strategy: We
test different pseudo sample composition strategies by set-

ting part number M from 2 to 4. With M = 2, we evalu-
ate four composition strategies, i.e., exchanging only head,
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Table 4: Effects of different pseudo sample composition strategies

on Market1501.

Head Arm Upper Lower
Positive Negative

Rank-1 mAP Rank-1 mAP

- - - - 0.751 0.545 0.751 0.545√
- - - 0.759 0.547 0.766 0.567

-
√

- - 0.768 0.568 0.758 0.561

- -
√

- 0.779 0.566 0.769 0.566

- - -
√

0.786 0.564 0.779 0.575√
-

√ √
0.788 0.573 0.782 0.582√ √ √ √
0.797 0.587 0.784 0.582

Table 5: Evaluation of code quality loss on Market1501.

Positive Negative
Without Lcq With Lcq

Rank-1 mAP Rank-1 mAP

- - 0.751 0.545 0.767 0.563√
- 0.786 0.564 0.798 0.574

-
√

0.779 0.575 0.793 0.592√ √
0.787 0.588 0.801 0.605

only arms, only upper bodies, and only lower bodies, re-

spectively. ForM = 3, the pseudo image training set con-
tains images generated by exchanging head, upper body,

and lower body, respectively. For M = 4, the training
set contains pseudo images generated by exchanging four

body parts, i.e., head, arms, upper body and lower body, re-

spectively. The performances of different training sets are

summarized in Table 4. It can be observed that, consider-

ing more body parts consistently improves the performance.

Generated with 4 body parts, the positive samples boost the

baseline Rank-1 accuracy from 75.1% to 79.7%. Among

the four body parts, the lower body seems more important

for pseudo image generation. Only exchanging the lower

body, the composed positive samples achieves Rank-1 Acc.

78.6%, which is close to the best performance in Table 4,

and is substantially better than the ones achieved by other

body parts. We hence set M = 2 and use the lower body
for pseudo image composition, a more reasonable trade-off

between performance and computational complexity.

Evaluation on Code Quality Loss: The performance
of 1024-bit binary hash code trained with and without Lcq
is summarized in Table 5. It can be observed that, using

Lcq constantly improves the performance. This indicates
that the quality of generated binary codes is important to re-

trieval performance, and proposed Lcq could optimize their
quality and improve the performance.

We show the retrieval results by proposed model in

Fig. 4. Proposed method returns true positives of these

queries on the top and boosts the AP in a large margin.

4.3 Comparison with Related Works

We compare our method with recent hashing methods

on person ReID in Table 6. It can be observed that, our

method outperforms PDH [19] and ABC+triplet [8] by large

Figure 4: Illustration of retrieval results by proposed model. True

positives are annotated with green bounding boxes. On the left

of each query we show the average precision improvement from

baseline model to our final model.

margins. For example, our method achieves 0.669 Rank-

1 accuracy with 128-bit hash code, which outperforms the

1024-bit code of ABC+triplet and 2048-bit code of PDH.

Note that, PDH extracts hash codes from several overlapped

parts. Our methods directly extract hash codes from the

whole image, thus is more efficient. ABC+triplet [8] ap-

plies a deeper DCNN as backbone structure, i.e., ResNet-

50 [3]. While our methods still outperforms it with a shal-

lower network. We also compare our method with recent

works in Table 7. Compared with several works that ex-

tract real-valued features, our method still shows compet-

itive performance. For instance, our method outperforms

the 800-dim P2S [18] and the 4096-dim ADLCE [16] with

a compact 1024-bit hash code. Although PDC [9] performs

better than our methods, PDC uses a more complex model

to extract 2048-dim floating-point features with more time

and memory cost than ours.

4.4 Performance on Large-Scale Data

We evaluate ReID accuracy and efficiency of

GoogLeNet [10], GLAD [13], and our method on

two large-scale datasets. The Market1501 dataset is

combined with provided 500,000 distractors to compose a

large-scale test set. The MSMT17 dataset is combined with
the Distractors-671K to compose another large-scale test

set. We use the original queries and ground truth labels to

compute the Rank-1 accuracy and mAP. The comparisons

are summarized in Table 8.

It can be observed that, our method outperforms the

baseline GoogLeNet in the aspects of both ReID accuracy

and efficiency. GLAD achieves better ReID accuracy than

ours with high-dimensional feature vectors. However, our

method is significantly faster than it, e.g. our model costs

around 0.6s to compute the distance among a query and all

gallery images on Market1501 while GLAD costs around
23s. This indicates that our model is more efficient for

large-scale person ReID task.
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Table 6: Comparison among recent deep hashing method on Market1501 with different length of hash codes.

Method
128-bit 256-bit 512-bit 1024-bit 2048-bit

Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP

PDH [19] 0.363 0.196 0.427 0.224 0.446 0.243 0.496 0.261 0.479 0.261

ABC+triplet [8] 0.445 - 0.496 - 0.593 0.438 0.668 - 0.735 0.529

Ours 0.669 0.451 0.751 0.537 0.787 0.581 0.801 0.605 0.810 0.619

Table 7: Performance comparison with state-of-the-art methods.

Method Dimension Backbone
Market1501 MSMT17
Rank-1 mAP Rank-1 mAP

P2S [18] 800-dim - 0.707 0.443 - -

GoogLeNet [10] 1024-dim GoogLeNet 0.800 0.583 0.476 0.230

PDC [9] 2048-dim InceptionV2 0.841 0.634 0.580 0.297

ADLCE [16] 4096-dim CaffeNet 0.795 0.599 - -

LSRO [17] 2048-dim ResNet-50 0.781 0.562 - -

Ours 1024-bit GoogLeNet 0.801 0.605 0.506 0.245

Table 8: Evaluation on large-scale ReID task.

Model Dimension
Market1501+500K MSMT+Distractors-671K

Rank-1 mAP Time/ms Rank-1 mAP Time/ms

GoogLeNet 1024-dim 0.712 0.458 1843 0.230 0.100 2296

GLAD 4096-dim 0.759 0.500 23015 0.255 0.121 24458

Ours 1024-bit 0.705 0.463 598 0.244 0.109 857

5 Conclusion

This paper presents a self-guided training strategy to

learn hash codes for large-scale person ReID task. Pseudo

positive and negative images are composed based on human

keypoint estimation. Composed images provide more vari-

ations of hard samples for the model training, and this en-

hances the discriminative ability of the model. Several code

quality losses are proposed to learn a better hash function.

We evaluate our methods onMarket1501 andMSMT17. Ex-
perimental results show our methods achieve promising per-

formance, and the performance by binary hash codes on

person ReID is improved by a large margin.
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