Joint Discriminative and Generative Learning for Person Re-identification
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Abstract

Person re-identification (re-id) remains challenging due
to significant intra-class variations across different cam-
eras. Recently, there has been a growing interest in using
generative models to augment training data and enhance
the invariance to input changes. The generative pipelines
in existing methods, however, stay relatively separate from
the discriminative re-id learning stages. Accordingly, re-id
models are often trained in a straightforward manner on the
generated data. In this paper, we seek to improve learned
re-id embeddings by better leveraging the generated data.
To this end, we propose a joint learning framework that
couples re-id learning and data generation end-to-end. Our
model involves a generative module that separately encodes
each person into an appearance code and a structure code,
and a discriminative module that shares the appearance en-
coder with the generative module. By switching the appear-
ance or structure codes, the generative module is able to
generate high-quality cross-id composed images, which are
online fed back to the appearance encoder and used to im-
prove the discriminative module. The proposed joint learn-
ing framework renders significant improvement over the
baseline without using generated data, leading to the state-
of-the-art performance on several benchmark datasets.

1. Introduction

Person re-identification (re-id) aims to establish iden-
tity correspondences across different cameras. It is often
approached as a metric learning problem [52], where one
seeks to retrieve images containing the person of interest
from non-overlapping cameras given a query image. This
is challenging in the sense that images captured by differ-
ent cameras often contain significant intra-class variations
caused by the changes in background, viewpoint, human
pose, etc. As a result, designing or learning representations
that are robust against intra-class variations as much as pos-
sible has been one of the major targets in person re-id.
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Figure 1: Examples of generated images on Market-1501
by switching appearance or structure codes. Each row and
column corresponds to different appearance and structure.

Convolutional neural networks (CNNs) have recently
become increasingly predominant choices in person re-id
thanks to their strong representation power and the ability
to learn invariant deep embeddings. Current state-of-the-
art re-id methods widely formulate the tasks as deep met-
ric learning problems [12, 53], or use classification losses
as the proxy targets to learn deep embeddings [22, 38, 40,
47,52,55]. To further reduce the influence from intra-class
variations, a number of existing methods adopt part-based
matching or ensemble to explicitly align and compensate
the variations [34, 36,45, 50, 55].



Appearance Space
clothing/shoes color,
texture and style,
other id-related cues, etc.

Structure Space
body size, hair, carrying,
pose, background,
position, viewpoint, etc.

Table 1: Description of the information encoded in the la-
tent appearance and structure spaces.

Another possibility to enhance robustness against input
variations is to let the re-id model potentially “see” these
variations (particularly intra-class variations) during train-
ing. With recent progress in the generative adversarial net-
works (GANSs) [10], generative models have become ap-
pealing choices to introduce additional augmented data for
free [54]. Despite the different forms, the general consid-
erations behind these methods are “realism”: generated im-
ages should possess good qualities to close the domain gap
between synthesized scenarios and real ones; and “diver-
sity”: generated images should contain sufficient diversity
to adequately cover unseen variations. Within this context,
some prior works have explored unconditional GANs and
human pose conditioned GANs [9, 16,26, 30, 54] to gener-
ate pedestrian images to improve re-id learning. However,
a common issue behind these methods is that their genera-
tive pipelines are typically presented as standalone models,
which are relatively separate from the discriminative re-id
models. Therefore, the optimization target of a generative
module may not be well aligned with the re-id task, limiting
the gain from generated data.

In light of the above observation, we propose a learn-
ing framework that jointly couples discriminative and gen-
erative learning in a unified network called DG-Net. Our
strategy towards achieving this goal is to introduce a gen-
erative module, of which encoders decompose each pedes-
trian image into two latent spaces: an appearance space
that mostly encodes appearance and other identity related
semantics; and a structure space that encloses geometry
and position related structural information as well as other
additional variations. We refer to the encoded features in the
space as “codes”. The properties captured by the two latent
spaces are summarized in Table 1. The appearance space
encoder is also shared with the discriminative module, serv-
ing as a re-id learning backbone. This design leads to a sin-
gle unified framework that subsumes these interactions be-
tween generative and discriminative modules: (1) the gen-
erative module produces synthesized images that are taken
to refine the appearance encoder online; (2) the encoder, in
turn, influences the generative module with improved ap-
pearance encoding; and (3) both modules are jointly opti-
mized, given the shared appearance encoder.

We formulate the image generation as switching the ap-
pearance or structure codes between two images. Given
any pairwise images with the same/different identities, one

is able to generate realistic and diverse intra/cross-id com-
posed images by manipulating the codes. An example of
such composed image generation on Market-1501 [51] is
shown in Figure 1. Our design of the generative pipeline not
only leads to high-fidelity generation, but also yields sub-
stantial diversity given the combinatorial compositions of
existing identities. Unlike the unconditional GANSs [16,54],
our method allows more controllable generation with better
quality. Unlike the pose-guided generations [9, 26, 30], our
method does not require any additional auxiliary data, but
takes the advantage of existing intra-dataset pose variations
as well as other diversities beyond pose.

This generative module design specifically serves for our
discriminative module to better make use of the generated
data. For one pedestrian image, by keeping its appearance
code and combining with different structure codes, we can
generate multiple images that remain clothing and shoes but
change pose, viewpoint, background, etc. As demonstrated
in each row of Figure I, these images correspond to the
same clothing dressed on different people. To better capture
such composed cross-id information, we introduce the “pri-
mary feature learning” via a dynamic soft labeling strategy.
Alternatively, we can keep one structure code and combine
with different appearance codes to produce various images,
which maintain the pose, background and some identity re-
lated fine details but alter clothes and shoes. As shown in
each column of Figure I, these images form an interesting
simulation of the same person wearing different clothes and
shoes. This creates an opportunity for further mining the
subtle identity attributes that are independent of clothing,
such as carrying, hair, body size, etc. Thus, we propose the
complementary “fine-grained feature mining” to learn addi-
tional subtle identity properties.

To our knowledge, this work provides the first frame-
work that is able to end-to-end integrate discriminative and
generative learning in a single unified network for person
re-id. Extensive qualitative and quantitative experiments
show that our image generation compares favorably against
the existing ones, and more importantly, our re-id accuracy
consistently outperforms the competing algorithms by large
margins on several benchmarks.

2. Related Work

A large family of person re-id research focuses on met-
ric learning loss. Some methods combine identification loss
with verification loss [46, 53], others apply triplet loss with
hard sample mining [5, 12,32]. Several recent works em-
ploy pedestrian attributes to enforce more supervisions and
perform multi-task learning [25, 35,42]. Alternatives har-
ness pedestrian alignment and part matching to leverage on
the human structure prior. One of the common practice is
to split input images or feature maps horizontally to take
advantage of local spatial cues [22, 38, 48]. In a similar
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Figure 2: A schematic overview of DG-Net. (a) Our discriminative re-id learning module is embedded in the generative
module by sharing appearance encoder E5. A dash black line denotes the input image to structure encoder Es is converted
to gray. The red line indicates the generated images are online fed back to E5. Two objectives are enforced in the generative
module: (b) self-identity generation by the same input identity and (c) cross-identity generation by different input identities.
(d) To better leverage generated data, the re-id learning involves primary feature learning and fine-grained feature mining.

manner, pose estimation is incorporated into learning local
features [34,36,45,50,55]. Apart from pose, human parsing
is used in [ 18] to enhance spatial matching. In comparison,
our DG-Net relies only on simple identification loss for re-
id learning and requires no extra auxiliary information such
as pose or human parsing for image generation.

Another active research line is to utilize GANs to aug-
ment training data. In [54], Zheng et al. first introduce to use
unconditional GAN to generate images from random vec-
tors. Huang et al. proceed with this direction with WGAN
[1] and assign pseudo labels to generated images [16]. Li et
al. propose to share weights between re-id model and dis-
criminator of GAN [24]. In addition, some recent methods
make use of pose estimation to conduct pose-conditioned
image generation. A two-stage generation pipeline is devel-
oped in [27] based on pose to refine generated images. Sim-
ilarly, pose is also used in [9,26,30] to generate images of a
pedestrian in different poses to make learned features more
robust to pose variances. Siarohin et al. achieve better pose-
conditioned image generation by using a nearest neighbor
loss to replace the traditional ‘3 or “, loss [33]. All the
methods set image generation and re-id learning as two dis-
jointed steps, while our DG-Net end-to-end integrates the
two tasks into a unified network.

Meanwhile, some recent studies also exploit synthetic
data for style transfer of pedestrian images to compensate
for the disparity between the source and target domains. Cy-
cleGAN [58] is applied in [8,57] to transfer pedestrian im-
age style from one dataset to another. StarGAN [6] is used
in [56] to generate pedestrian images with different camera
styles. Bak et al. [3] employ a game engine to render pedes-
trians using various illumination conditions. Wei et al. [44]
take semantic segmentation to extract foreground mask in
assisting style transfer. In contrast to the global style trans-
fer, we aim for manipulating appearance and structure de-
tails to facilitate more robust re-id learning.

3. Method

As illustrated in Figure 2, DG-Net tightly couples the
generative module for image generation and the discrim-
inative module for re-id learning. We introduce two im-
age mappings: self-identity generation and cross-identity
generation to synthesize high-quality images that are online
fed into re-id learning. Our discriminative module involves
primary feature learning and fine-grained feature mining,
which are co-designed with the generative module to better
leverage the generated data.



3.1. Generative Module Cross-identity generation. Different from self-identity
generation that works with image reconstruction using the
same identity, cross-identity generation focuses on image
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of classes or identities in the dataset. Given two real imagesno pixel-level ground-truth supervision. Instead, we intro
x; andx; in the training set, our generative module gener- duce the latent code reconstruction based on appearance and
aites a njew edestrian ima 'e by swapping the appearance c'Jsrtructure codes to control such image generation. As shown
P ge by bping PPE: in Figure 2(c), given two images andy; of different iden-
structure codes of the two images. As shown in Figure 2, . . ; : SN
titiesy; 6 yj, the generated imagg = G(a;sj) is re-

the generative module consists of an appearance encoder . . . .
. . guired to retain the information of appearance cadiom
Ea :xi ! @&, astructure encodéis : x; ! sj, adecoder

G:(a;s)! x,andadiscriminatob to distinguish be- Xi and structure cods; from Xx;, respectively. We should
[ L then be able to reconstruct the two latent codes after encod-
tween generated images and real ones. In theicasg,

the generator can be viewed as an auto-encodet, sox; . ing the generated image:

Formulation. We denote the real images and identity

Note: fo_r generateq images, we use superscript to de_note Leoder = Efka, E(G(ai;s )k, ]; (4)
the real image providing appearance code and subscript to code, _ '
indicate the one offering structure code, while real images Lrecon = ELks;  Es(G(ai;sj))ky]: ®)

only have subscript as image index. Compared to the ap-
pearance codg , the structure codg maintains more spa-
tial resolution to preserve geometric and positional proper-
ties. However, this may result in a trivial solution fGrto

only uses; butignorea; inimage generation since decoders LS = E[ lo NVINE 6
tend to rely on the feature with more spatial information. In d [ log(plyix I ©
prgctlce, we convert input images Bf into gray-scale to Wherep(yijx} ) is the predicted probability ijl belonging
drive G to leverage botla; ands; . We enforce the two ob- 15 the ground-truth clasg of x;, the image that provides
jectives for the generative module: (1) self-identity genera- appearance code in generat')r}g Additionally, we employ

tion to regularize the generator and (2) cross-identity gener-,qyersarial loss to match the distribution of generated im-
ation to make generated images controllable and match reabges to the real data distribution:

data distribution.

Similar for self-identity generation, we also enforce identi-
cation loss on the generated image based on its appearance
code to keep the identity consistency:

Self-identity generation. As illustrated in Figure 2(b), Ladv = E[logD(x;) +log(1  D(G(a;si)]: (7))
given an image;, the generative module rstlearns how to
reconstrucix; from itself. This simple self-reconstruction Discussion. By using the proposed generation mecha-

task serves as an important regularization role to the wholenism, we enable the generative module to learn appearance
generation. We reconstruct the image using the pixel-wiseand structure codes with explicit and complementary mean-

"1 loss: _ ings and generate high-quality pedestrian images based on
Lo = E[kx;  G(a;si)ky]: 1) Fhe latent codes. This Igrgely eases the generation complex-
Based on the assumption that the appearance codes of thity- In contrast, the previous methods [9, 16, 26,30, 54] have

same person in different images are close, we further pro_to learn image generation either from random noise or man-

pose another reconstruction task between any two image&9ind the pose factor only, which is hard to manipulate the
of the same identity. In other words, the generator should outputs and inevitably introduces artifacts. Moreover, due

be able to reconstrugt through an image, with the same to using the latent codes, the variants in our generated im-
identityy; = vi: ages are explainable and constrained in the existing contents

. of real images, which also ensures the generation realism.
Lrecon = Elkxi  G(a;si)ky]: (2)  Intheory, we can genera®N  N) different images by
This same-identity but cross-image reconstruction loss en-Sampling various image pairs, resulting in a much larger
courages the appearance encoder to pull appearance cod&§line generated training sample pool than the ones with
of the same identity together so that intra-class feature vari-O(2 N ) images of ine generated in [16, 30, 54].
ations are reduceq. In the meantime, to force th_e appearancg , piscriminative Module
codes of different images to stay apart, we use identi cation

loss to distinguish different identities: Our discriminative module is embedded in the generative
s _ W module by sharing the appearance encoder as the backbone
o = EL log(p(yixi)l; (3) for re-id learning. In accordance with the images generated

wherep(y;jxi) is the predicted probability that; belongs by switching either appearance or structure codes, we pro-
to the ground-truth clasg based on its appearance code. pose the primary feature learning and ne-grained feature



mining to better take advantage of the online generated im-details, since our discriminative module learns to attention
ages. Since the two tasks focus on different aspects of genen the subtle identity properties through this ne-grained
erated images, we branch out two lightweight headers onfeature mining.
top of the appearance encoder for the two types of feature Discussion.We argue that our high-quality synthetic im-
learning, as illustrated in Figure 2(d). ages, in nature, can be viewed as “inliers” (contrary to “out-
Primary feature learning. It is possible to treat the liers”), as our generated images maintain and recompose
generated images as training samples similar to the existthe visual contents from real data. Via the above two fea-
ing work [16, 30, 54]. But the inter-class variations in the ture learning tasks, our discriminative module makes spe-
cross-id composed images motivate us to adopt a teacherei c use of the generated data in line with the way how we
student type supervision with dynamic soft labeling. We use manipulate the appearance and structure codes. Instead of
a teacher model to dynamically assign a soft Iabal} tade- using a single supervision as in almost all previous meth-
pending on its compound appearance and structurefiom ods [16,30,54], we treat the generated images in two differ-
andx; . The teacher model is simply a baseline CNN trained ent perspectives through the primary feature learning and
with identi cation loss on the original training set. To train  ne-grained feature mining, where the former focuses on
the discriminative module for primary feature learning, we the structure-invariant clothing information and the latter at-
minimize the KL divergence between the probability distri- tentions to the appearance-invariant structural cues.
bution p(xJi ) predicted by the discriminative module and the
probability distributiorq(x}) predicted by the teacher:

X p(kix])

3.3. Optimization.

We jointly train the appearance and structure encoders,
] 8 decoder, and discriminator to optimize the total objective,
I ®) which is a weighted sum of the following losses:

whereK is the number of identities. In comparisonwiththe ~ Liotal (Ea;Es;G;D) = img Lrecon + L feson *
xed one-hot label [30, 59] or static smoothing label [54], Ly + ialig + Lasv + prim Lpim * neLne; (10)
this dynamic soft labeling ts better in our case, as each syn- _ _ )
thetic image is formed by the visual contents from two real whereLgg,, = L{Z&}, + L& is the image reconstruction
images. In the experiments, we show that a simple baselindoss in self-identity generatioh, i35, = L &5aet + LESde? is
CNN serving as the teacher model is reliable to provide the the latent code reconstruction loss in cross-identity genera-
dynamic labels and improve the performance. tion, img, id, prim,and pe are weights to control the
Fine-grained feature mining. Beyond the direct usage importance of related loss terms. Following the common
of generated data for learning primary features, an inter- practice in image-to-image translations [15, 20, 58], we use
esting alternative, made possible by our specic genera- a large weight ing = 5 for the image reconstruction loss.
tion pipeline, is to simulate the change of clothing for the Since the quality of cross-id generated images is not great
same person, as shown in each column of Figure 1. Wher@t the beginning, the identi cation lods; may make the
training on images organized in this manner, the discrimi- training unstable, so we set a small weight = 0:5. We
native module is forced to learn the ne-grained id-related X the two weights during the whole training process in all
attributes (such as hair, hat, bag, body size, and so on) tha€xperiments. We do not involve the discriminative feature
are independent to clothing. We view the images gener-learning losses pim andL ne until the generation qual-
ated by one structure code combining with different appear- ity is stable. As an example, we add in the two losses after
ance codes as the same class as the real image providingOK iterations on Market-1501, then linearly increaggm

the structure code. To train the discriminative module for from 0 to 2 in 4K iterations and setne = 0:2 pim . See
ne-grained feature mining, we enforce identi cation loss Mmore details on how to determine the weights in Section 4.3.

on this particular categorizing: Similar to the alternative updating policy for GANSs, in the
o cross-identity generation as shown in Figure 2(a), we alter-
Lne = E[ log(p(y;jxj))]: ) natively trainE ,, Es andG before the generated image and

. . " . . . . Ea, Es andD after the generated image.
This loss imposes additional identity supervision to the dis- ©" > g g

criminative module in a multi-tasking way. Moreover, un-
like the previous works using manually labeled pedestrian
attributes [25, 35, 42], our approach performs automatic We evaluate the proposed approach following standard
ne-grained attribute mining by leveraging on the synthetic protocols on three benchmark datasets: Market-1501 [51],
images. Furthermore, compared to the hard sampling policyDukeMTMC-relD [31], and MSMT17 [44]. We qualita-
applied in [12, 32], there is no need to explicitly search for tively and quantitatively compare DG-Net with state-of-the-
the hard training samples that usually possess ne-grainedart methods on both generative and discriminative results.

4. Experiments






