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Abstract— Learning discriminative representations for unseen
person images is critical for person re-identification (ReID). Most
of the current approaches learn deep representations in classifica-
tion tasks, which essentially minimize the empirical classification
risk on the training set. As shown in our experiments, such
representations easily get over-fitted on a discriminative human
body part on the training set. To gain the discriminative power
on unseen person images, we propose a deep representation
learning procedure named part loss network, to minimize both
the empirical classification risk on training person images and
the representation learning risk on unseen person images. The
representation learning risk is evaluated by the proposed part
loss, which automatically detects human body parts and computes
the person classification loss on each part separately. Compared
with traditional global classification loss, simultaneously consid-
ering part loss enforces the deep network to learn representations
for different body parts and gain the discriminative power on
unseen persons. Experimental results on three person ReID
datasets, i.e., Market1501, CUHK03, and VIPeR, show that our
representation outperforms existing deep representations.

Index Terms— Person re-identification, representation learn-
ing, part loss networks, convolutional neural networks.

I. INTRODUCTION

PERSON Re-Identification (ReID) targets to identify
a probe person appeared under multiple cameras.
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Fig. 1. Example images of three persons from Market1501 (first row) and
CUHK03 (second row), respectively. The subtle differences among different
persons and the large variance among images of the same person make person
ReID challenging.

More specifically, person ReID can be regarded as a zero-shot
learning problem, because the training and test sets do not
share any person in common. As illustrated in Fig. 1, person
images taken by different cameras could also be easily affected
by variances of camera viewpoint, human pose, illumination,
occlusion, etc. Consequently, person ReID is a challenging
problem.

Existing approaches conquer this challenge by either
seeking discriminative metrics [1]–[11], or generating dis-
criminative features [12]–[19]. Inspired by the success of
Convolutional Neural Network (CNN) in large-scale visual
classification [20], lots of approaches have been proposed
to generate representations based on CNN [19], [21]–[30].
For example, several works [22], [31], [32] employ deep
classification model to learn representations. More detailed
reviews on deep learning based person ReID will be given
in Sec. II.

Notwithstanding the success of these approaches, we argue
that the representations learned by current deep classification
models are not optimal for zero-shot learning problems like
person ReID. Most of current deep classification models
learn representations by minimizing the classification loss
on the training set. Differently, the optimal representation of
person ReID is expected to maximize the discriminative power
to unseen person images. Different optimization objectives
make current deep representations perform promisingly on
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Fig. 2. Saliency maps of CNN learned in traditional classification network (a),
and part loss networks (PL-Net) (b). The salient region reveals the body part
that the CNN representation focuses on. Representations of our PL-Net are
more discriminative to different parts.

traditional classification tasks, but might be not optimal to
depict and distinguish unseen person images.

Observations from our experiments are consistent with the
above discussions. As shown in Fig. 2(a), the representations
generated by deep classification model mainly focus on one
body region, i.e., the upper body, and ignore the other body
parts. This is reasonable because, guided by the classification
loss minimization, deep network tends to select the most
discriminative features from the training set and ignore the
others, e.g., the upper body conveys more distinct clothing
cues than the other parts. However, the other parts like head,
lower body, and foot, are potential to be meaningful to describe
the unseen persons. Ignoring such parts essentially increases
the risk of representation learning for unseen persons.

The above observations motivate us to study more reliable
deep representations for person ReID. We are inspired by the
structural risk minimization principle in SVM [33], which
imposes strict constraint by maximizing the classification
margin. Similarly, we enforce the network to learn better
representation with extra representation learning risk mini-
mization constraint. Specifically, the representation learning
risk is evaluated by the proposed part loss, which automatically
generates K parts for an image, and computes the person
classification loss on each part separately. In other words,
the network is trained to focus on every body part and learn
representations for each of them. As illustrated in Fig. 2(b),
minimizing the person part loss guides the deep network to
learn discriminative representations for different body parts,
hence avoids overfitting on a specific body part and decreases
the representation learning risk for unseen persons.

We propose Part Loss Network (PL-Net) structure that can
be optimized accordingly. As shown in Fig. 3, PL-Net is
composed of a baseline network and an extension to compute
the person part loss. It is trained to simultaneously minimize
the part loss and the global classification loss. Experiments
on three public datasets, i.e., Market1501, CUHK03, VIPeR
show PL-Net learns more reliable representations and achieves
promising performance compared with state-of-the-arts. It also
should be noted that, PL-Net is easy to repeat because it

Fig. 3. Overview of Part Loss Network (PL-Net), which is composed of a
baseline network and a part loss computation extension. “GAP” denotes the
Global Average Pooling. Given an input image, we firstly extract its feature
maps X , then compute the global loss and person part loss based on X .
The person part loss is computed on K parts generated with an unsupervised
method.

only has one important parameter to tune, i.e., the number
of generated parts K .

Most of previous person ReID works directly train deep
classification models to extract image representations. To our
best knowledge, this work is an original effort discussing
the reasons why such representations are not optimal for
person ReID. Representation learning risk and part loss are
hence proposed to learn more reliable deep representations to
depict unseen person images. The proposed PL-Net is simple
but achieves promising performance. It may inspire future
research on zero-shot learning for person ReID.

II. RELATED WORK

In the past several years, a lot of deep learning-based
methods have been proposed for person ReID. This section
briefly reviews those works.

The promising performance of CNN on large-scale
ImageNet classification indicates that the classification net-
work extracts discriminative image features. Therefore, several
works [22], [31], [32], [34] employ the classification network
fine-tuned on target datasets as the feature extractor for per-
son ReID. For example, Xiao et al. [22] propose a novel
dropout strategy to train a classification model with multiple
datasets jointly. Zheng et al. [31] extract features with deep
classification network to perform person ReID. Wu et al. [32]
combine the hand-crafted histogram features and Convolu-
tional Neural Network (CNN) features to fine-tune the classi-
fication network.

The classification network commonly needs a lot of training
samples for fine-tuning. This conflicts with the fact that, most
of current person ReID datasets are small-scale. The siamese
network takes a pair of images as input, and is trained to verify
the similarity between those two images. Therefore, pair-wise
verification is also a good choice for person ReID. There exist
several works [24], [25], [35]–[38] that use siamese network
to test whether the two input images contain the same person.
Ahmed et al. [24] employ the siamese network to infer the
description and a corresponding similarity metric simultane-
ously. Shi et al. [38] replace the Euclidean distance metric
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with Mahalanobis distance metric in the siamese network.
Yi et al. [37] jointly learn the color feature, texture descrip-
tor, and distance metric in a siamese deep neural network.
Zheng et al. [25] propose another network by jointly consid-
ering the objective functions of classification and similarity
learning. Varior et al. [36] combine the LSTM and siamese
network architecture for person ReID. Wu et al. [35] propose a
verification network to simultaneously learn high-level features
and a corresponding similarity metric for person ReID.

The siamese network is trained with known pair-wise
similarity, which could be too strict and hard to collect.
Therefore, some researchers study to train the network with
relative similarity among three images, named as triplet. Some
works [26], [39], [40] employ the triplet networks to learn the
discriminative description for person ReID. Cheng et al. [39]
propose a multi-channel parts-based CNN model for per-
son ReID. Liu et al. [40] propose an end-to-end Comparative
Attention Network to generate image description. Su et al. [26]
propose a semi-supervised network trained by triplet loss
to learn human semantic attributes. The learned human
attributes are treated as a discriminative mid-level feature for
person ReID.

Body part provides extra local details of a pedestrian. There-
fore, many works are proposed to fuse body part representa-
tions for person ReID [27], [41]–[44]. Some works use person
parts generated by existing methods, such as Convolutional
Pose Machines (CPM) [45]. For example, Zhao et al. [27]
and Su et al. [41] firstly extract human body parts with
fourteen body joints, then fuse features extracted on body parts
with global feature. Some other works apply the attention
strategy to automatically generate local parts. For example,
Li et al. [42] employ Spatial Transform Network (STN) [46]
for part localization, and propose Multli-Scale Context-Aware
Network to infer representations on the generated local parts.

Our work also uses body parts during feature learning,
but with the motivation different from feature fusion. Our
motivation is that, the deep features trained with classification
loss tend to over-fit to one body region, thus are not discrimi-
native to identify unseen persons. We hence extract body parts,
design the part loss, and guide the network to learn a more
reasonable representation for unseen persons as illustrated
in Fig. 2(b). As shown by our experimental results, part loss
substantially boosts the performance of global body feature,
showing that our performance is improved without fusing
part features. Compared with the work from Zhao et al. [27]
and Su et al. [41], PL-Net generates body parts without
requiring any pose estimation models or manual annotations
on body key-points. The Spindlenet [27] generates body parts
using pose estimation model proposed in [45], which needs
additional human landmarks annotations.

MSCAN [42] also automatically detects body parts, but
with a different strategy, i.e., the Spatial Transformer Net-
work (STN). To help STN localize body parts, the authors pro-
posed three prior constraints. Differently, our part is detected
by the activations in the feature maps and does not need any
prior constraint. Our motivation and part detection strategy
highlight our differences with existing works using body part
for person ReID.

III. METHODOLOGY

A. Formulation
Given a probe person image Iq , person ReID targets to

return images containing the identical person in Iq from a
gallery set G. We denote the gallery set as G = {Ii }, i ∈
[1, m], where m is the total number of person images. Person
ReID can be tackled by learning a discriminative feature
representation f for each person image from a training set T .
Therefore, the probe image can be identified by matching its
fq against the gallery images.

Suppose the training set contains n labeled images from
C persons, we denote the training set as T = {Ii , yi }, i ∈
[1, n], yi ∈ [1, C], where Ii is the i -th image and yi is its
person ID label. Note that, person ReID assumes the training
and gallery sets contain distinct persons. Therefore, person
ReID can be regarded as a zero-shot learning problem, i.e., the
ID of probe person is not included in the training set.

Currently, some methods [22], [25], [32] fine-tune a
classification-based CNN to generate the feature representa-
tion. The feature representation learning can be formulated as
updating the CNN network parameter θ by minimizing the
empirical classification risk of representation f on T through
back prorogation. We denote the empirical classification risk
on T as,

J = 1

n
[

n∑

i=1

Lg(ŷi )], (1)

where ŷi is the predicted classification score for the i -th
training sample, and Lg(·) computes the classification loss for
each training image. We use the superscript g to denote it is
computed on the global image. The predicted classification
score ŷi can be formulated as, i.e.,

ŷi = Wfi + b, (2)

where W denotes the parameter of the classifier in CNN,
e.g., the weighting matrix in the fully connected layer.

Given a new image Iq , its representation fq is hence
extracted by CNN with the updated parameter θ , i.e.,

fq = CNNθ (Iq ). (3)

It can be inferred from Eq. (1) and Eq. (2) that, to improve
the discriminative power of fi during training, a possible
way is to restrict the classification ability of W. In another
word, a weaker W would enforce the network to learn more
discriminative fi to minimize the classification error. This
motivates us to introduce a baseline CNN network with weak
classifiers. Details of this network will be given in Sec. III-B

It also can be inferred from Eq. (1) that, minimizing the
empirical classification risk on T results in a discriminative
representation f for classifying the seen categories in T . For
example in Fig. 2(a), the learned representations focus on
discriminative parts for training set. However, such represen-
tations lack the ability to describe other parts like head, lower-
body, and foot which could be meaningful to distinguish an
unseen person. Therefore, more parts should be depicted by
the network to minimize the risk of representation learning for
unseen data.
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Therefore, we propose to consider the representation learn-
ing risk, which tends to make the CNN network learn dis-
criminative representation for each part of the human body.
We denote the representation of each body part as fk, k ∈
[1, K ], where K is the total number of parts. The representa-
tion learning risk P can be formulated as,

P = 1

K

K∑

k=1

1

n
[

n∑

i=1

L p(ŷk
i )], (4)

where L p(·) computes the part loss, i.e., the classification loss
on each part. ŷk

i is the predicted person classification score
for the i -th training sample by the representation of k-th part.
ŷk

i is computed with,

ŷk
i = Wkfk

i + bk, (5)

where Wk denotes the classifier for the representation of the
k-th part.

The representation learning risk monitors the network and
enforces it to learn discriminative representation for each
part. It shares a certain similarity with the structural risk
minimization principle in SVM [33], which also imposes
more strict constraints to enforce the classifier to learn better
discriminative power.

The final part loss networks (PL-Net) model could be
inferred by minimizing the empirical classification risk and
the representation learning risk simultaneously, i.e.,

θ = arg min(J + P). (6)

During the training stage, we set J and P with the same
weight. This is equivalent to setting the weight for J as 1,
and the weight for each local part loss as 1/K , where K is the
number of body parts. In the following parts, we proceed to
introduce the Part Loss Network(PL-Net) and the computation
of part loss.

B. Part Loss Network
PL-Net is extended from our baseline network. Our baseline

network replaces the fully-connected classifier with a con-
volutional layer and a Global Average Pooling (GAP) layer.
As shown in Fig. 3, the convolutional layer directly generates
C activation maps explicitly corresponding to C classes. Then
GAP generates the classification score for each class, i.e.,

sc = 1

W × H

H∑

h=1

W∑

w=1

Cc(h, w), (7)

where sc is the average response of the c-th activation map Cc

with size W × H , and Cc(h, w) denotes the activation value
on the location (h, w) on Cc. sc is hence regarded as the
classification score for the c-th class.

This modified baseline network uses a Convolutional +
GAP structure to generate classification scores. Compared with
traditional GAP with Fully Connected layer (FC) classifier
structure, our Convolutional + GAP structure generates spatial
activation maps explicitly corresponding to object categories,
i.e., each class explicitly corresponds to one activation map.
As a consequence, the activation map of each class could

be visualized to show the cues learned by the deep model,
e.g., showing the most discriminative regions of an image.
Moreover, our baseline network could preserve the spatial
activations on feature maps, which is useful for our part
localization.

According to Eq. (6), our representation is learned to
minimize both the empirical classification risk and the rep-
resentation learning risk. We thus extend the baseline network
accordingly to make it can be optimized by these two types
of supervisions. The overall PL-Net is shown in Fig. 3.
Specifically, PL-Net processes the input image and generates
feature maps. During training, it computes a person part
loss and a global loss. The global loss is computed by the
baseline network to minimize the empirical classification risk.
We denote the feature maps of the last convolutional layer
before the classification module as X ∈ RZ×H×W . For
example, Z = 1024, H = 16, W = 8 when we input a
512 × 256 sized image into the baseline network modified
from GoogleNet [47]. After obtaining X , the global loss is
calculated as,

Lg(ŷi ) = −
C∑

c=1

1{yi = c} log
eŷi

∑C
l=1 eŷl

. (8)

The part loss is computed on each automatically generated
part to minimize the representation learning risk. The network
first generates K person parts based on X in an unsupervised
way. Then part loss is computed on each part. The following
part gives details of the unsupervised part generation and part
loss computation.

C. Person Part Loss Computation
Person parts can be extracted by various methods.

For instance, detection models could be trained with
part annotations to detect part locations. However, those
methods [27], [30] require extra annotations that are hard to
collect. We thus propose an unsupervised part generation algo-
rithm that can be optimized together with the representation
learning procedure.

Wei et al. [48] show that simply average pooling the feature
maps of convolutional layers generates a saliency map. The
saliency essentially denotes the “focused” regions by the
neural network. Fig. 4 shows several feature maps generated
by a CNN trained in the classification task. It can be observed
that, different feature maps have different spatial attention
locations and activation values. For example, the lower part of
the body has substantially stronger activations. As illustrated
in Fig. 4, for the CNN trained in the classification task, simply
average pooling all of those feature maps gathers together
the activations on discriminative region and suppresses the
activations of other regions.

Although the responses on different parts are seriously
imbalanced, they still provide cues of different part locations.
By clustering feature maps based on the locations of their
maximum responses, we could collect feature maps depicting
different body parts. Individually pooling those feature map
clusters indicates the part locations. As shown in Fig. 4 and
Fig. 5, the four saliency maps focus on head, upper body,
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Fig. 4. Examples of CNN feature maps and generated saliency maps. The
saliency map generated on all feature maps focuses on one part and suppresses
the activations on other parts. The four saliency maps on the right side are
generated by average pooling four types of feature maps based spatial attention
consistency respectively. They clearly indicate different part locations.

Fig. 5. Examples of generated saliency maps on four parts across different
persons. The first row is the original image, and the other four rows illustrate
the saliency maps on four parts, i.e., head, upper body, lower body, and foot,
respectively.

lower body, and foot, respectively. This might be because the
head, lower body, and foot are also provide discriminative
visual cues for distinguishing persons, thus CNN still learns
certain neurons to depict them.

The above observation motivates our unsupervised part
generation. Assume that we have got the feature map X ,
we first compute the position of maximum activation on each
feature map, denoted as (hz, wz), z ∈ [1, Z ],

(hz, wz) = arg max
h,w

Xz(h, w), (9)

where Xz(h, w) is the activation value on location (h, w) in
the z-th channel of X .

As illustrated in Fig. 6, the feature maps are divided into
K groups according to their maximum activation locations for
part generation. Feature maps in each group are expected to
show similar maximum activation locations. This is imple-
mented by clustering their maximum activation locations into

Fig. 6. Illustration of the procedure for unsupervised person part generation.

K clusters using L2 distance and K -means clustering. From
each feature map group, we generate one part bounding box.
Specifically, we average pooling the feature maps in each
group and apply the max-min normalization to produce a
saliency map. A threshold, e.g., 0.5, is set to turn each
saliency map into a binary image. For each binary image,
we treat its minimum enclosing rectangle as the part bounding
box. Examples of generated parts are shown in Fig. 8. The
parameter K decides the number of generated body parts.
It will be studied in our experiments.

After obtaining the part bounding boxes, we proceed
to compute the part loss. Inspired by Fast R-CNN [49],
we employ the RoI pooling to convert the responses of X
inside each part bounding box into a new feature map X k ∈
RZ×H ′×W ′

with a fixed spatial size, e.g., H ′ = W ′ = 4 in
this work. Based on those feature maps, we compute the part
loss L p(·) for k-th part with a similar procedure of global loss
computation, i.e.,

L p(ŷk
l ) = −

C∑

c=1

1{yi = c} log
eŷk

i

∑C
l=1 eŷk

l

. (10)

Similar to the notations in Eq. (4), ŷk
i is the predicted person

classification score of the i -th training sample based on the
representation of its k-th part.

We next discuss the rationality of our part localization
strategy. The intuition behind this strategy is that, CNN train-
ing enforces convolutional kernels to capture discriminative
parts for person classification. As a result, the discriminative
body parts are activated on feature maps by CNN kernels,
e.g., as shown in Fig. 4, the lower body is activated because
it provides more distinctive cues for person classification.
In other words, the activation on a local part would be stable,
if there are well-trained CNN kernels to depict it. Our part
loss essentially minimizes the training error on each part, this
generates well-trained CNN kernels to depict each part, and
in-turn boosts the stability of activations on different body
parts. Therefore, the accuracy of our unsupervised part gener-
ation is related with the representation learning performance.

The generated parts are updated on each iteration of network
training. As more discriminative part features are learned,
more stable part locations can be detected. For example
in Fig. 4, if more neurons are trained to depict parts like
head and foot during representation learning, more feature
maps would focus on these parts. This in turn improves the
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feature maps clustering and results in more accurate bounding
boxes for head and foot. Existing works [48], [50]–[52] also
demonstrate that feature map could be utilized to localize
parts. The validity of our part localization strategy will be
tested in our experiments.

Another property of PL-Net is that, it is an end-to-end
differentiable network. For the part loss computation, PL-Net
firstly generates the bounding box for each local part, then
employs RoI pooling [49] to convert the response inside each
part bounding box into a new feature map. During the back
propagation, the gradient of RoI pooling is only computed for
the features inside the bounding boxes rather than the whole
original feature map, making the body part branches in PL-Net
also differentiable.

D. Person ReID
On the testing phase, we extract feature representation from

the trained neural network for person ReID. We use the feature
maps X to generate the global and part representations for
similarity computation.

Given a person image I , we firstly resize it to the size
of 512 × 256, then fed it into network to obtain the feature
maps X . We hence compute the global representation f(g) with
Eq. (11),

f(g) = [ f1, ..., fz , ... fZ ], (11)

fz = 1

W × H

H∑

h=1

W∑

w=1

Xz(h, w). (12)

For the part representation, we obtain the feature maps
after RoI pooling for each part, denoted as X k ∈ RZ×4×4,
k ∈ [1, K ]. For each X k , we calculate the part description fk

in similar way with Eq. (11). The final representation is the
concatenation of global and part representations, i.e.,

f = [f(g), f1, ..., fK ]. (13)

IV. EXPERIMENTS

A. Datasets
We verify the proposed part loss networks (PL-Net) on three

datasets: VIPeR [53], CUHK03 [19], and Market1501 [54].
VIPeR [53] contains 632 identities appeared under two cam-
eras. For each identity, there is one image for each camera. The
dataset is split randomly into equal halves and cross camera
search is performed to evaluate the algorithms.

CUHK03 [19] consists of 14,097 cropped images from
1,467 identities. For each identity, images are captured
from two cameras and there are about 5 images for each
view. Two ways are used to produce the cropped images,
i.e., human annotation and detection by Deformable Part
Model (DPM) [55]. Our evaluation is based on the human
annotated images. We use the standard experimental set-
ting [19] to select 1,367 identities for training, and the rest
100 for testing.

Market1501 [54] contains 32,668 images from 1,501 iden-
tities, and each image is annotated with a bounding box
detected by DPM. Each identity is captured by at most six
cameras. We use the standard training, testing, and query

Fig. 7. Effects of the hight-width ration of input image to baseline network
performance on CUHK03.

split provided by Zheng et al. [54]. The Rank-1, Rank-5,
Rank-10 accuracies are evaluated for VIPeR and CUHK03.
For Market1501, we report the Rank-1 accuracy and mean
Average Precision (mAP).

B. Implementation Details
We use Caffe [56] to implement and train the part loss net-

works (PL-Net). The baseline network is modified from second
version of GoogLeNet [57]. Following the inception5b/output
layer, an 1 × 1 convolutional layer with the output of C
channels is used to generate the category confidence map. For
the training, we use the pre-trained model introduced in [58]
to initialize the PL-Net, and use a step strategy with mini-
batch Stochastic Gradient Descent (SGD) to train the neural
networks on Tesla K80 GPU. Parameters like the maximum
number of iterations, learning rate, step size, and gamma are
set as 50,000, 0.001, 2500, and 0.75, respectively. For the
person images, we first resize their size to 512 × 256, and
then feed their into the PL-Net for training and testing.

C. Performance of Baseline Network
Most of previous methods [25], [26] resize the input person

image into 224 × 224, which is commonly used in image
classification networks. However, the reasonable and natural
height-width ratio of person should be larger than 1.0. Setting
height-width ratio as 1.0 might be not an optimal choice
for person ReID. We therefore evaluate the effect of input
height-width ratio on CUHK03. To make a fair comparison,
we ensure each compared input pair contain similar number of
pixels. As shown in Fig. 7, setting the ratio as 2.0 gets higher
performance than 1.0. The input ratio 2.0 performs better than
1.0 could be because most of persons in existing ReID datasets
show standing or walking poses. If lots of persons are sitting
or occluded in the dataset, this setting might be not optimal.

D. Performance of Learned Representations
1) Accuracy of Part Generation: One key component of our

representation learning is the person part generation. Some
examples of automatically detected body parts are illustrated
in Fig. 8. As existing person ReID datasets do not provide part
annotations, it is hard to quantify the results. To demonstrate
that our generated parts are reasonable, we compare the rep-
resentations learned by CNN trained with part loss using the
generated parts and fixed grid parts, respectively. As shown
on the left side of Fig. 9, we generate grid parts by equally
dividing an image into horizontal stripes following [1] and [7].
In Fig. 9, the generated parts get substantially higher accuracy
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Fig. 8. Samples of generated part bounding boxes. The first and second row
correspond to K = 4 and K = 8, respectively.

Fig. 9. Performance of grid parts and generated parts representation learned
with and without part loss on Market1501.

TABLE I

PERFORMANCE OF FINAL REPRESENTATIONS LEARNED WITH
OUR GENERATED PARTS vs. FIXED GRID PARTS

WITH K = 8 ON MARKET1501

than the fixed grid parts for K = 4 and 8, respectively. This
conclusion is reasonable, because the generated parts cover
most of the human body and filter the clustered backgrounds.
It also can be observed that, part representations extracted
from the center parts of human body, e.g., parts with index =
4 and 5 for K = 8, get higher accuracies. This might be
because the center of human body generally presents more
distinct clothing cues. Table I compares the final global-part
representations learned with fixed grid parts and the generated
parts, respectively. It is clear that, the generated parts perform
substantially better.

2) Validity of Part Loss: This experiment shows that part
loss helps to minimize the representation learning risk and
improve the descriptive ability of CNN. We firstly show the
effects of part loss computed with fixed grid parts. We equally
divide an image into stripes, then learn part representations on

Fig. 10. Performance of final representation on Market1501 and
CUHK03 with different K .

TABLE II

PERFORMANCE OF GLOBAL REPRESENTATION ON MARKET1501 WITH

DIFFERENT K . K = 0 MEANS THE PART LOSS IS NOT CONSIDERED

them with and without part loss, respectively. The evaluation
is performed on Market1501. Fig. 9 clearly shows that more
discriminative part representations can be learned with part
loss for K = 4 and 8, respectively.

Besides using fixed grid part, we further perform experi-
ments to show the validity of part loss computed on generated
parts. Comparisons with similar settings are shown in Fig. 9,
where part loss also constantly improves the performance.
Those two experiments show that, part loss enforces the
network to learn more discriminative representations for dif-
ferent body parts, thus better avoids overfitting and decreases
the representation learning risk for unseen person images.
As shown in Fig. 9, the performance of a single part is
not high. However, their concatenation achieves promising
performance in Fig. 10.

3) Performance of Global Representation: This experiment
verifies the effects of part loss to the global representation.
As shown in Fig. 3, the global representation is computed
on X , which is also affected by the part loss. Experimental
results on Market1501 are shown in Table II, where K = 0
means no part is generated, thus part loss is not considered.
From Table II, we could observe that part loss also boosts
the global representation, e.g., the mAP and Rank-1 accuracy
constantly increase with larger K . This phenomenon can be
explained by the saliency maps in Fig. 2 (b), which shows the
global representation learned with part loss focuses on larger
body regions. We thus conclude that, part loss also boosts the
global representation to focus on more body parts.

4) Performance of Final Representation: K is the only
parameter for part loss. We thus test the performance of the
final representation with different K . As shown in Fig. 10, the
increasing of K does not constantly improve the performance.
For example, setting large K = 16 could descrease the
performance on datasets Market1501, and setting large K = 8
achieves the similar performance to K = 4. The reason might
be that too large K results in small part regions, which could
be sensitive to misalignment errors and human pose variances.
In this work, we set K = 8 in the following experiments.

5) Discussions on Part Loss: In this work, the part loss is
computed with Eq. (10), i.e., compute the ID classification
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TABLE III

mAP ACHIEVED BY DIFFERENT WAYS OF PART LOSS COMPUTATION
ON MARKET1501. “CONCAT.” DENOTES PART LOSS COMPUTED

WITH CONCATENATED PART FEATURES. “FINAL,” “GLOBAL,”
“P-k” DENOTES THE FINAL, GLOBAL, AND k-TH PART

REPRESENTATIONS. K IS SET AS 4

TABLE IV

COMPARISON ON MARKET1501 WITH SINGLE QUERY

error on each part separately. Another possible solution is
first to concatenate part representations then compute the
ID classification with the fused representations. Therefore,
we have compared those two methods and summarize the
results in Table III. As shown in the comparison, part loss
computed with Eq. (10) performs better than the other solution,
e.g., 67.17% vs 64.72%. This might be because Eq. (10) better
ensures the quality of each learned part representation, thus is
more effective in decreasing the representation learning risk.

E. Comparison With State-of-the-Art

In this section, we compare the proposed method with
existing ones on the Market1501, CUHK03, and VIPeR.

Table IV shows the comparison on Market1501 in the
aspects of both mAP and Rank-1 accuracy. As shown
in Table IV, the proposed method achieves the mAP of 69.3%
and Rank-1 accuracy 88.2%, which both outperform the
existing methods. From Table IV we could also see that, our
baseline network has achieved competitive performance. This
further demonstrates the validity of our convolutional classifier
and the selected height-width ratio. By adding the part loss,
the global and part representation achieve 4% and 7.1%
improvements in mAP upon the baseline network, respectively.
This makes the global and part representations already perform
better than existing methods. By combining the global and
part representations, the final representation further boosts the
performance.

On CUHK03, the comparisons with existing methods are
summarized in Table V. As shown in Table V, the global

TABLE V

COMPARISON WITH EXISTING METHODS ON CUHK03

TABLE VI

COMPARISON WITH EXISTING METHODS ON VIPeR

and part representations improve the baseline network by
8.1% and 9.85% on Rank-1 accuracy, respectively. The pro-
posed PL-Net achieves 82.75%, 96.59%, and 98.59% for the
for Rank-1, Rank-5, and Rank-10 accuracies, respectively.
This substantially outperforms most of the compared methods.
Note that, the SpindelNet [27] and PDC [41] are learned
with extra human landmark annotations, thus leverages more
detailed annotations than our method, and DLPAR [43] has a
higher baseline performance, e.g., 82.4% [43] vs 72.85% for
our baseline.

The comparisons on VIPeR are summarized in Table VI.
As VIPeR dataset contains fewer training images, it is hard to
learn a robust deep representation. Therefore, deep learning-
based methods [19], [21], [36], [41], [64] achieve lower
performance than metric learning methods [5], [11], [12], [65].
As shown in Table VI, simply using the generated repre-
sentation obtains the Rank-1 accuracy of 47.47%, which is
lower than some metric learning methods [5], [11], [12], [65].
However, it outperforms most of recent deep learning based
methods, e.g., DeepReID [19], LSTM Siamese [36], Gated
Siamese [21], and MuDeep [64]. Some recent deep learning
based methods [27], [41], [43] perform better than ours. Note
that, SpindelNet [27] and PDC [41] leverage extra annotations
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Fig. 11. Ilustration of the retrieval results on Market 1501. The green rectangle represents a true positive, and the red dash rectangle represents a
negative positive. For each samples, the first, second, and third rows show the results for the final representation, global representation, and baseline network
representations, respectively.

Fig. 12. Ilustration of the retrieval results on CUHK03. The green rectangle represents a true positive, and the red dash rectangle represents a negative positive.
For each samples, the first, second, and third rows show the results for the final representation, global representation, and baseline network representations,
respectively. Note that each query has one positive match in the gallery for CUHK03.

during training. Also, the training set of DLPAR [43] is larger
than ours, i.e., the combination of CUHK03 and VIPeR. Our
learned representation is capable of combining with other

features to further boost the performance. By combining
the traditional LOMO [1] feature, we improve the Rank-1
accuracy to 56.65%.
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From the above comparisons, we summarize: 1) part loss
computation could improve the discriminative ability for
global and part representations, and 2) the combined final
representation is learned only with person ID annotations but
outperforms most of existing works on the three datasets.

V. CONCLUSIONS

This paper shows that, the traditional deep classification
models are trained with empirical classification risk on the
training set. This makes those deep models not optimal for
representation learning in person ReID, which can be regarded
as a zero-shot learning problem. We thus propose to minimize
the representation learning risk to infer more discriminative
representations for unseen person images. The person part
loss is computed to evaluate the representation learning risk.
Person part loss firstly generates K body parts in an unsuper-
vised way, then optimizes the classification loss for each part
separately. In this way, part loss network learns discrimina-
tive representations for different parts. Extensive experimental
results on three public datasets demonstrate the advantages
of our method. Our current body parts are extracted with an
unsupervised strategy. Our current body parts are localized
with an unsupervised strategy. Supervised part localization is
expected to get more accurate part bounding boxes, hence
would help to improve our performance. Our future work
would also investigate leveraging supervised part localization
strategy to further boost the performance of part loss.
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