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Abstract—Person re-identification (Re-ID) aims to identify the
same person from samples taken by different cameras. However,
in practical application scenarios, due to the quality of the
camera equipment and the distance between the camera and
the pedestrian, the captured pedestrian images usually have
different resolutions, which will cause the mismatch problem
of person Re-ID. To mitigate the resolution discrepancy issue,
in this paper, we propose a method called deep group-aware
representation learning (DGRL) for effective Re-ID. Firstly, We
use the residual Transformer block in the feature extraction
stage to thoroughly extract richer local and global information
from variable resolution shallow images. Then our proposed
multi-layered group-aware representation (MGAR) scheme can
generate diverse representations different from the main branch,
thereby improving the representation capability of the deeply
embedded features. In addition, we calculate the kullback leibler
divergence loss (KLDivLoss) values on the probability prediction
outputs of any two branches, forcing the entire network to be
well optimized. Plenty of evaluations on four benchmark datasets
have demonstrated the effectiveness of our method.

I. INTRODUCTION

Person re-identification (Re-ID) tasks aim to identify the
same person from images captured by different cameras, which
is a potential research area in the field of pattern recognition
community [1]–[3]. Due to the complexity of the surveillance
video scene, the main challenge for person Re-ID comes
from the large variants of persons, such as posture, occlusion,
clothes, background clutters, etc. The development of deep
convolutional neural networks has introduced more powerful
and robust representations for pedestrian image recognition,
increasing the performance of Re-ID algorithms to a new
level. Recently, some deep Re-ID methods have achieved
satisfactory matching accuracy [4]–[7].

However, in real-world scenarios, due to the quality prob-
lems of camera equipment and the distance between the
camera and pedestrians, the pedestrian images captured by the
camera usually have poor quality, such as the low-resolution
(LR) issue. The images provided by some equipment (usu-
ally viewed as the retrieval gallery) may be high-resolution
(HR), leading to another important research topic, i.e., cross-
resolution person re-identification. Fig. 1 shows the differences
between general and cross-resolution person Re-ID.

In past few years, many cross-resolution person Re-ID
algorithms have been presented to tackle the above problems.

Fig. 1: Illustration of person Re-ID problem: (a) general person
Re-ID task in the ideal scenarios, (b) cross-resolution person
Re-ID task in cross-camera scenarios.

Early work mainly used metric learning scheme to extract the
common feature representations from both LR and HR images
to realize image matching [8], [9]. However, due to the loss of
fine-grained detail information in LR person images, the per-
formance of these methods is limited. Then, many researchers
try to introduce the image super-resolution (SR) methods into
cross-resolution effective person Re-ID tasks. SING [10] firstly
explored SRCNN [11] method as the resolution restoration
scheme. Subsequently, various advanced SR networks [12]–
[14] were introduced to further optimize the framework. These
models usually adopt a joint training scheme that cascades the
SR module and the Re-ID sub-network. However, this design
is subject to ineffective model training since it is significantly
more difficult to back-propagate the gradient through such a
cascaded complex model [15]. Therefore, the compatibility
features between the SR model and the Re-ID model may be
poor. Recently, several novel and effective methods have been
proposed [15], [16], which effectively improve the matching
accuracy and performance, but it is still far from practical
applications.

Since the SR methods are introduced into the cross-
resolution person Re-ID tasks, it seems unreasonable to pay
too much attention to the joint training of the cascaded
SR scheme and Re-ID sub-network. In addition, in some
cases, complex SR networks are not necessarily better than
simple SR ones in the cross-resolution person Re-ID tasks.
We need to put more thought into the deep semantic infor-
mation and feature information extraction of images [16].
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Fig. 2: The framework of our deep group-aware representation learning (DGRL) for cross-resolution person Re-ID tasks.

By considering the above analysises and observations, we
design a deep group-aware representation learning (DGRL)
model for cross-resolution person Re-ID tasks. We introduce
a residual Transformer block and multi-layered group-aware
representation (MGAR) scheme to drastically enhance the
discriminant ability of the deeply embedded features.

The primary contributions of our method is listed as follows:
• We use the residual Transformer block in the feature

extraction stage to extract richer local and global infor-
mation from the shallow images. As we know, this is
the first attempt to apply the Transformer to the effective
cross-resolution person Re-ID tasks.

• Our multi-layered group-aware representation (MGAR)
scheme can generate abundant representations that are
different from the main branch, thereby enhancing the
quality of the deeply embedding features.

• In addition, we design and calculate the KLDivLoss on
the probability prediction outputs of any two branches,
forcing the entire network to be well optimized. Extensive
experiments have revealed the superiority of our proposed
DGRL method.

II. RELATED WORKS

In this section, we briefly introduce some works related to
our work, that is general person Re-ID and cross-resolution
person Re-ID.

A. Person Re-ID

The goal of person Re-ID is to solve the pedestrian matching
problem between non-overlapping discrepant cameras [17]–
[19]. With the development of deep convolutional neural
networks, many deep Re-ID solutions have been presented
to deal with challenges such as posture, occlusion, clothing,
background clutters, etc. To solve the problem of pedestrian
posture change and misalignment, Wei et al. [20] used four
key points to divide human body into three parts: head, upper
body, and lower body, and applied descriptor learning to learn
local information and global information of the three parts

respectively. To handle the occlusion problem, Wang et al. [21]
proposed the adaptive-direction graph convolutional layer to
enhance the semantic information transmission and the cross-
graph alignment layer to learn the correspondence between
nodes. Yang et al. [22] designed a method to solve the problem
of clothing change by taking the center of the pedestrian out-
line sketch as the pole and scanning all the outline information
of the whole person by constantly changing the angle and
radius. Kalayeh et al. [23] used the branch of human semantic
passing to weigh the features of the backbone to separate the
foreground information from the background information.

B. Cross-Resolution Person Re-ID
To solve the resolution mismatch issue, some cross-

resolution person Re-ID approaches have been designed in
recent years. Jiao et al. [10] introduced SRCNN into the Re-ID
network for the first time, and designed a hybrid depth convo-
lution neural network to improve the matching performance.
Chen et al. [24] used the generative adversarial network (GAN)
[25] to extract the resolution invariant representations for Re-
ID task. Han et al. [26] proposed a model to forecast the scale
factor according to the image content and adaptively recover
the missing details of the image to solve the issue of resolution
mismatch. Chen et al. [15] explored the potential relationship
between SR and Re-ID module and applied it as a constraint
to enhance the compatibility of cascaded networks. Recently,
the PS-HRNET method [16] designed the VDSR-CA module
and a new presentation head, which used a pseudo-siamese
architecture to narrow the discrepancy of feature distributions
between the LR and HR person images.

III. PROPOSED DGRL
In this part, we first introduce the overall framework of

the model, then introduce the implementation details of each
module, and the loss functions in the framework.

A. Framework Overview
For the input images, we let h and l represent the HR

and LR images. Thus, a set of N HR images is denoted as
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Fig. 3: (a) The architecture of the Restormer block. (b)
Structure of MDTA. (c) Structure of GDFN.

Dh =
{
xi
h, y

i
}N

i=1
, where xi

h ∈ RC×H×W and yi ∈ R are
the ith HR image and its label, respectively. The C,H,W
denote channel, height and width respectively. We conduct
random down-sampling for each HR sample, and the sampling
factor r ∈ {2, 3, 4}. The created corresponding LR samples are
represented as Dl =

{
xi
l, y

i
}N

i=1
.

As depicted in Fig. 2, our proposed DGRL method uses
Resnet50 [27] as the backbone network. Firstly, before the
feature extraction module, we feed the LR images into the
pretrained RCAN [28] network to generate corresponding SR
ones, rather than training the super-resolution network as a
part of the overall framework. Secondly, HR and SR images
are fed to the dual-branch feature extraction module without
shared parameters, and shallow image features are extracted.
Then the features extracted from the double branches are sent
into the feature embedding module with shared parameters.
Finally, we use some loss functions to guide the efficient
feature learning process. These modules will be described in
detail in the following sections.

B. Super-Resolution and Feature Extraction Module

1) Super-Resolution Module: PS-HRNet [16] introduced
the channel attention mechanism into VDSR [29] and named
it VDSR-CA as the SR module. This joint training strategy of
cascading SR and Re-ID model will make the gradient back-
propagation of the model more difficult, thus affecting the
training effect [15]. Therefore, to avoid the above problem,
before the feature extraction module, we send the LR images
into the pretrained RCAN model to obtain the SR images.
The generated corresponding SR samples are represented as
Ds =

{
xi
s, y

i
}N

i=1
.

2) Feature Extraction Module: The feature extraction mod-
ule mainly consists of two branches that do not share the
parameters. We send the paired HR image xi

h and SR image
xi
s into the feature extraction module for shallow feature

extraction. To extract richer local and global information from

shallow images, we introduce Restormer block [30] and embed
it into a residual structure. As we know, this is the first attempt
that Transformer is introduced into cross-resolution person Re-
ID tasks.

As depicted in Fig. 3 (a), the Restormer block is mainly
composed of the Multi-Dconv Head Transposed Attention
(MDTA), Gated-Dconv Feed-Forward Network (GDFN), and
two LayerNorm (LN) layers. The LN layer is introduced
before both MDTA and GDFN modules and a residual connec-
tion is applied after each module. The architecture of MDTA
is shown in Fig. 3 (b), which uses 1 × 1 convolutions to
assemble pixel-wise cross-channel context and 3 × 3 depth-
wise convolutions to distill channel-wise spatial context. Given
a normalized tensor X ∈ RH×W×C , the query, key and
value matrices Q, K and V are formulated as follows:

Q = WQ
p WQ

d X, K = WK
p WK

d X, V = WV
p WV

d X,
(1)

where W
(.)
p denotes the 1×1 point-wise convolution and W

(.)
d

represents the 3×3 depth-wise convolution. Next, we reshape
the query and key projections such that their dot-product
interaction generates a transposed attention map. Therefore,
the MDTA process is calculated as follows:

MDTA(X) = Wp Attention (Q̂, K̂, V̂ ),

Attention(Q̂, K̂, V̂ ) = V̂ · Softmax(K̂ · Q̂/α),
(2)

where matrices Q̂ ∈ RHW×C , K̂ ∈ RC×HW , and V̂ ∈
RHW×C are acquired after the tensor recombination opera-
tions. Here, α denotes a learnable scaling variable to restrain
the importance of the dot product of Q̂ and K̂.

The structure of GDFN is depicted in Fig. 3 (c). The
gating scheme is designed as the element-wise product of
two parallel paths of the linear Transformation layers, one
of which is activated by the Gaussian Error Linear Units
(GELU) non-linearity [31] operation. Given an acquired tensor
X ∈ RH×W×C , GDFN is calculated as

GDFN(X) = W 0
p Gating (X),

Gating(X) = ϕ
(
W 1

dW
1
pX

)
⊙W 2

dW
2
pX,

(3)

where ⊙ denotes the element-wise multiplication, ϕ represents
the GELU non-linearity. The overall process is summarized as

X = MDTA(LN(X)) +X,

X = GDFN(LN(X)) +X.
(4)

At last, the final representations f i
h, f i

s in feature extraction
module is obtained by adding the input and output of the
Restormer block. The simple L1 loss is utilized to constraint
the feature extraction procedure, which is defined as

L1 =
∑
i∈B

{
0.5

(
f i
h − f i

s

)2
,

∣∣f i
h − f i

s

∣∣ < 1,∣∣f i
h − f i

s

∣∣− 0.5, otherwise .
(5)

C. Feature Embedding Module

As illustrated in Fig. 2, we propose a novel multi-layered
group-aware representation (MGAR) scheme in the feature
embedding module. It is a huge challenge to recognize
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Fig. 4: The architecture of group-aware learning network (GALN).

thousands of personal images with different resolutions and
perspectives. Using group-aware feature representations en-
courages models to learn more discriminative representations
from various person features.

Firstly, the double branch features from the feature extrac-
tion module are spliced and sent to the feature embedding
module. Partly inspired by the DHM [32], to learn a strong
discriminative embedding space, we use complex auxiliary
branches to improve the representation abilities of the feature
embedding. We derive well-designed side branches from the
Resnet50 middle tier. Each branch appears differently from
that in Resnet50, which not only retains the representation of
the backbone, but also generates more diverse representations
along its own path. Specifically, we generate a side branch
from stage2 and stage3 respectively, and each side branch is
made up of building blocks (residual blocks in ResNet50)
of the same type. Furthermore, both sides and the main
branch keep the same down-sampling rate through their own
pathway to the ending group-aware attention module. We use
generalized-mean (GEM) pooling [33], which is a learnable
layer, to capture domain-specific discriminative features.

Then, the obtained multi-layer features are fed into the
group-aware learning network (GALN) (as illustrated in Fig.
4). GALN computes and uses both instance-based and group-
aware representations. The instance-based representation Fx is
obtained by the fully connected (FC) layer, and the K group-
aware representations FGK

x can also be obtained by deploying
parallel FC layers. In addition, the group probabilities are
calculated from the instance-based representation vector by
deploying a group probability network that consists of two
FC layers and a softmax layer. Finally, group probability
determines which representation is more important to the final
coding feature, and the assemble of multiple group-aware
representation FG

x and the instance-based representation Fx

are added to obtain the final representation F . Similarly, we
can get other two representations F

′
and F ”.

Our MGAR not only enriches image feature representation,
but also improves the quality of the features through group-

aware strategy, greatly promoting the performance of cross-
resolution person Re-ID.

D. Feature Learning Module

1) Identification (ID) Loss: To improve the feasibility and
effectiveness of the classification, we apply the cross-entropy
loss as the ID loss. Given an input image, we indicate y as
the true ID label and pi as the ID prediction logits of the
ith class. For ID loss, label smoothing technology is adopted
to prevent model over-fitting. We calculate the ID loss of
the three branches respectively. Each ID loss is calculated as
follows:

Lid =

N∑
i=1

−qi log (pi) ,

s.t. qi =

{
1− N−1

N ξ, y = i,
ξ
N , y ̸= i,

(6)

where N denotes the total number of identities in the training
set, and ξ is a soft-margin to reduce the model over-confidence.
In this work, ξ is set to 0.1. We compute all ID losses by

LID = Lid + α1Lid′ + β1Lid”, (7)

where α1 and β1 are two variables to balance the importance
of Lid′ and Lid”, respectively.

2) Weighted Regularization Triplet (WRT) Loss: Except for
the above essential cross-entropy loss with label smoothing,
we also integrate WRT [38] loss to improve the model’s
performance on hard samples. We also calculate WRT loss of
the three branches respectively. Each WRT loss is calculated
as follows:

Lwrt(i, j, k) = log
(
1 + exp

(
wp

i d
p
ij − wn

i d
n
ik

))
,

wp
i =

exp
(
dpij

)∑
dp∈P exp (dp)

, wn
i =

exp (−dnik)∑
dn∈N exp (−dn)

,
(8)

where (i, j, k) denotes the mined hard triplet within each train-
ing batch. P represents the positive sample set corresponding
to the anchor point, and N represents the negative sample
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TABLE I: Experiments (%) for cross-resolution person Re-ID tasks. The top two results are highlighted and underlined.

Module
MLR-Market-1501 MLR-CUHK03 MLR-VIPeR CAVIAR

Rank1 Rank5 Rank10 Rank1 Rank5 Rank10 Rank1 Rank5 Rank10 Rank1 Rank5 Rank10

CamStyle [34] 74.5 88.6 93 69.1 89.6 93.9 34.4 56.8 66.6 32.1 72.3 85.9
PyrNet [35] 83.8 93.3 95.6 83.9 97.1 98.5 - - - 43.6 79.2 90.4
FD-GAN [36] 79.6 91.6 93.5 73.4 93.8 97.9 39.1 62.1 72.5 33.5 71.4 86.5

SING [10] 74.4 87.8 91.6 67.7 90.7 94.7 33.5 57 66.5 33.5 72.7 89
CAD-Net [37] 83.7 92.7 95.8 82.1 97.4 98.8 43.1 68.2 77.5 42.8 76.2 91.5
INTACT [15] 88.1 95 96.9 86.4 97.4 98.5 46.2 73.1 81.6 44 81.8 93.9
PRI [26] 84.9 93.5 96.1 85.2 97.5 98.8 - - - 43.2 78.5 91.9
PCB+PRI [26] 88.1 94.2 96.5 86.2 97.9 99.1 - - - 44.3 83.7 94.8
PyrNet+PRI [26] 86.9 93.8 96.4 86.5 97.7 99.1 - - - 45.2 84.1 94.6
PS-HRNet [16] 91.5 96.7 97.9 92.6 98.3 99.4 48.7 73.4 81.7 48.2 84.5 96.3

DGRL (Ours) 93.9 98.0 98.8 98.1 99.6 99.6 45.9 73.7 83.9 52.4 78.0 84.8

set corresponding to the anchor point. dpij and dnij represents
the similarity from the anchor point to the farthest positive
and nearest negative sample, respectively. The aforementioned
weighted regularization not only inherits the merits of relative
distance optimization between the negative and positive pairs,
but also avoids importing any additional margin variables.
WRT loss has no parameters at all, which makes it more
flexible and adaptive. We compute all WRT losses by

LWRT = Lwrt + α2Lwrt′ + β2Lwrt”, (9)

where α2 and β2 are two variables to balance the importance
of Lwrt′ and Lwrt”, respectively.

3) KLDivLoss: To prevent the features generated by the
side branches from being inconsistent with the main branch,
and also to increase the opportunity of knowledge sharing,
we calculate KLDivLoss on the probability prediction outputs
of any two branches, forcing the entire network to be well
optimized. The probability of class n for a sample xi given
by the main branch is calculated as

pn1 (xi) =
exp (sn1 )∑N
n=1 exp (s

n
1 )

, (10)

where sn1 is the output of the ”classfier” layer in model.
Similarly, we can get three predictions p1, p2 and p3. The
KLDivLoss of p1, p2 is computed as

DKL (p2∥p1) =
M∑
i=1

N∑
n=1

pn2 (xi) log
pn2 (xi)

pn1 (xi)
. (11)

We compute all KLDivLosses by

DKL =

3∑
j ̸=i

3∑
i=1

DKL (pj∥pi) . (12)

4) Overall loss: The holistic loss function L for optimizing
the presented DGRL is given by

L = γL1 + LID + LWRT +DKL, (13)

where γ represents a parameter to balance the importance of
L1 in all loss functions.

IV. EXPERIMENTS AND DISCUSSIONS

A. Datasets Statements
We assess the effectiveness of our DGRL on three synthetic

and one real cross-resolution Re-ID datasets. Three synthetic
cross-resolution datasets, which contain multiple low resolu-
tions (MLR), are constructed from the common person Re-ID
datasets: Market-1501 [39], CUHK03 [40], and VIPeR [41].
The four datasets are described as follows:

1) MLR-Market-1501: The widely used MLR-Market-1501
set contains 32,668 images from 1,501 persons acquired in
6 cameras. Inspired by [37], we pretreat samples from one
camera using the identical down-sampling factor, while other
image resolutions remain unchanged. We apply the widely
used 751/750 training/test identity split criterion.

2) MLR-CUHK03: The MLR-CUHK03 set is composed
of 14,096 images of 1,467 individuals taken by 10 (5 pairs)
different cameras. Following [10], for each pair of cameras,
the down-sampling rate r ∈ {2, 3, 4} is randomly selected to
down-sample the images captured by one camera, while the
size of images captured by other cameras remains unchanged.
We apply the widely adopted 1,367/100 training/testing iden-
tity split criterion.

3) MLR-VIPeR: The MLR-VIPeR dataset includes 1264
images of 632 persons from 2 cameras. Following [10], we
randomly down-sample all samples from one camera with the
down-sampling rate r ∈ {2, 3, 4}, while the size of samples
from other cameras remains unchanged. We adopt the widely
used 316/316 training/testing identity split criterion.

4) CAVIAR: The CAVIAR [42] dataset contains 1,220
images of 72 individuals from 2 cameras. Following [10], we
discard 22 person who are only showed up in one camera
and use the 25/25 training/testing identity split. Unlike other
synthetic datasets, CAVIAR dataset involves a variety of real
cross-resolution images.

B. Experimental Settings
We evaluate the performance of our DGRL applying the

cross-resolution person Re-ID settings [10], where the gallery
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set contains HR samples while the probe (query) set contains
LR samples. We employ the normal single-shot person Re-ID
settings and adopt the average cumulative match characteristic
(CMC) to assess the performance. We give the performance
comparisons of ranks 1, 5, and 10. When testing, we only use
the main branch features for matching and evaluation.

C. Implementation Details

We employ the PyTorch framework to implement our
model. Before model training, LR images are obtained by
randomly down-sampling HR images with the sampling factor
r ∈ {2, 3, 4} by the way of resampling using pixel area
relation. We pretrain RCAN on the dataset and get the corre-
sponding SR images. For the CAVIAR dataset, we directly
send the images into the model. In the feature embedding
module, we only use one Restormer block and set the number
of multi-head attention to 4. As for the MGRN module, we
generate a new branch from stage2 and stage3 respectively,
and use 32 group-aware representations in the GALN.

Before training, all the HR and LR images are reshaped
to have the size of 256 × 128 × 3 for both model training
and deployment. A mini-batch contains 48 pairs of images
of 16 individuals, and each individual has 3 pairs of LR and
HR images. We use SGD as the optimizer with the weight
decay is 5 × 10−4 and the momentum is 0.9. We train the
model 70 epochs in total. The learning rate is empirically set to
1.3×10−2, which is decreased by one-tenth every 30 epochs.
To reduce the impact of side branches, the hyper-parameters
α1, β1, α2 and β2 are set to 0.5. The hyper-parameter γ is
set to 5. We learn our network on a single NVIDIA GeForce
RTX 3090 GPU with 24GB memory.

D. Comparison with State-of-the-Art Methods

We compare our DGRL with plenty of competitive methods,
which can be roughly categorized into two classes: (1) Tradi-
tional person Re-ID methods: CamStyle [34], PyrNet [35], and
FD-GAN [36]; (2) Specially presented cross-resolution person
Re-ID methods: SING [10], CAD-Net [37], INTACT [15], PRI
[26], PCB+PRI [26], PyrNet+PRI [26], and PS-HRNet [16].
The comparison results are shown in TABLE I.

Quantitative results have verified that our DGRL obtains
state-of-the-art performance on four MLR datasets. Specially,
in contrast to the traditional person Re-ID methods, our
DGRL improves 19.4%, 10.1% and 14.3% in terms of Rank-1
on MLR-Market1501 dataset, which shows that the ordinary
person Re-ID methods can not effectively extract the useful
information in LR images. Compared with the methods spe-
cially designed for cross-resolution person Re-ID problems,
our proposed method shows superior performance over other
competitive approaches, which explicitly reveals the impor-
tance of our deep group-aware representation learning scheme.

E. Ablation Studies

1) Effect of Loss Functions: We validate the effectiveness
of all loss functions in this part. TABLE II reports the ablation
results on the MLR-Market-1501 dataset. We can see that

TABLE II: Evaluation (%) of loss functions of our DGRL on
the widely used MLR-Market-1501 dataset.

Supervision Rank1 Rank5 Rank10

ID 89.9 96.3 97.8
ID + WRT 92.9 97.3 98.6

ID + WRT + L1 93.2 97.9 98.7

ID + WRT + L1 + KLDiv 93.9 98.0 98.8

TABLE III: Components analysis (%) of our DGRL on the
MLR-Market-1501 dataset.

Non-local Attention GALN Restormer Rank1 Rank5 Rank10

# # # 87.0 94.7 95.8
! # # 87.5 95.0 96.8
! ! # 93.3 98.0 98.7

! ! ! 93.9 98.0 98.8

ID loss and triplet loss are very common in person Re-ID
problems. After adding the L1 loss, the distances between HR
images and LR images can be further narrowed during the
feature extraction module. KLDiv loss can force the entire
network to be optimized in one direction.

2) Component Analysis: We analyze the effectiveness of
each component next. The first row of Table III shows a
simple baseline. The second row in the table tabulates the
effectiveness of adding non-local attention to the feature
embedding module. Comparing the second and third row in
TABLE III, we can observe that our GALN greatly enhances
the quality of deep feature representations. From the last row
in Table III we can discover that the Restormer block brings
advantages to the network. The combination of all components
significantly yields the best results.

V. CONCLUSIONS

In this paper, we proposed a new method called deep group-
aware representation learning (DGRL) for cross-resolution
efficient person Re-ID problem. In feature extraction module,
we use the residual Transformer block to extract richer global
information from shallow images. In feature embedding mod-
ule, our multi-layered group-aware representation (MGAR)
scheme can generate diverse representations that are different
from the main branch, thereby improving the representation
capability of deep embedding features. In addition, we calcu-
late KLDivLoss on the probability prediction outputs of any
two branches, forcing the entire network to be well optimized.
Experimental results have shown that our model is superior to
many existing cross-resolution person Re-ID methods.
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