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Abstract—Previous gait recognition methods primarily relied on labeled datasets, which require a labor-intensive labeling process. To
eliminate this dependency, we focus on a new task: Unsupervised Gait Recognition (UGR). We introduce a cluster-based baseline to
solve UGR. However, we identify additional challenges in this task. First, sequences of the same person in different clothes tend to
cluster separately due to significant appearance changes. Second, sequences captured from 0° and 180° views lack distinct walking
postures and do not cluster with sequences from other views. To address these challenges, we propose a Selective Fusion method,
consisting of Selective Cluster Fusion (SCF) and Selective Sample Fusion (SSF). SCF merges clusters of the same person wearing
different clothes by updating the cluster-level memory bank using a multi-cluster update strategy. SSF gradually merges sequences
taken from front/back views using curriculum learning. Extensive experiments demonstrate the effectiveness of our method in improving

rank-1 accuracy under different clothing and view conditions.

Index Terms—Gait Recognition, Unsupervised Learning, Contrastive Learning, Curriculum Learning.

1 INTRODUCTION

‘ x J ITH the growing intelligent security and safety camera sys-

tems, gait recognition has gradually gained more attention
and exploration for its non-contact, long-term, and long-distance
recognition properties. Several works [1], [2], [3] attempt to solve
gait recognition tasks and have reached significant progress in a
laboratory environment. However, gait recognition in a realistic
situation [4] will be affected by many factors such as occlusion,
dirty labels, labeling, and more. Labeling, especially, is a major
challenge, requiring intensive manual effort for pairwise data.
Therefore, training on unlabeled datasets becomes crucial to save
resources and address these challenges.

To realize gait recognition using an unlabeled dataset, we
focus on a task called Unsupervised Gait Recognition (UGR)
to facilitate the research on training gait recognition models with
new unlabeled datasets. Here we focus on using silhouettes for gait
recognition to illustrate our method. When only using silhouettes
of human walking sequences as input, due to lack of enough
information, we observe two main challenges in UGR, as shown in
Figure 1. First, due to the large change in appearance, sequences
in different clothes of a subject are hard to gather into one
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Fig. 1. Two main challenges in UGR. A kind of style in different colors
denotes a subject in different clothes, which are usually erroneously as-
signed with different pseudo labels (e.g., ‘001’, ‘002’). Also, sequences
taken from front/back views of different subjects tend to mix together
(e.g., '003).

cluster without any label supervision. Second, sequences captured
from front/back views, such as views in 0°/018°/162°/180° in
CASIA-B [5], are challenging to gather with sequences taken from
other views of the same person because they lack vital informa-
tion, such as walking postures. Furthermore, these sequences tend
to cluster into small groups based on their views or get mixed with
sequences of the same perspective from other subjects. So in this
paper, we provide methods to overcome them accordingly.
Currently, some Person Re-identification (Re-ID) works [6],
[71, [81, [9], [10], [11] have already touched the field of identifying
person in an unsupervised manner. There are also some traditional
methods, such as [12], [13], [14] employ unsupervised learning to
facilitate the development of gait recognition. However, research
directions involving methods based on deep learning in this field
are still under-explored. In this paper, we use the state-of-the-
art pattern in [10], a cluster-based framework with contrastive
learning, as a baseline to realize UGR. To address the two
challenges, we propose a new method called Selective Fusion(SF),
to gradually pull cross-view and cross-cloth sequences together.
Our method comprises two techniques: Selective Cluster Fu-
sion (SCF), which is used to narrow the distance of cross-cloth
clusters, and Selective Sample Fusion (SSF), which is used to



pull cross-view pairs nearly, especially helpful for outliers near
0°/180°. To be specific, first, in SCF, we use a support set
selection module to generate a support set for each cluster. In
the support set, there are selected candidate clusters of each
corresponding cluster that potentially belong to the same person
but are in different clothes. There is another multi-cluster update
strategy designed in SCF to help update the cluster centroid of
each pseudo cluster in the memory bank. Using this approach,
we not only tighten the clusters but also encourage clusters of
the same individual in different clothing to be influenced by the
current clustered groups and pulled closer toward them. Second,
we designed the SSF to deal with samples taken from front/back
views. In SSF, we utilize a view classifier to identify sequences
captured from front/back views. We then employ curriculum
learning to gradually incorporate these sequences with those
captured from other views. Namely, the sequences are absorbed
at a dynamic rate, relaxing the aggregate requirement for each
cluster. This approach enables us to re-assign pseudo labels for
sequences captured from front/back views, thereby encouraging
them to cluster with sequences captured from other views. With
our method, we gain a large recognition accuracy improvement
compared to the baseline (with GaitSet [1] backbone: NM + 3.1%),
BG + 8.6%, CL + 9.7%; with GaitGL [3] backbone: BG + 1.1%,
GL + 17.2% on CASIA-BN dataset [5]").
To sum up, our contributions mainly lie in three folds:

e  We focus on Unsupervised Gait Recognition (UGR) using
a cluster-based method with contrastive learning. Despite
its practicality, it requires careful consideration. To address
this task, we establish a baseline using cluster-level con-
trastive learning.

e We deeply explore the characteristics of UGR, finding
the two main challenges: clustering sequences with dif-
ferent clothes and with front/back views. To address these
challenges, we propose a Selective Fusion(SF) method.
This method involves selecting potentially matched clus-
ter/sample pairs to help them fuse gradually.

e Extensive experiments on three popular gait recognition
benchmarks have shown that our method can bring consis-
tent improvement over baseline, especially in walking in
different coat conditions.

2 RELATED WORK

Gait recognition plays an important role in enhancing safety and
security in the development of intelligent cities [15]. Most existing
gait recognition works are trained in a supervised manner, in
which cross-cloth and cross-view labeled sequence pairs have
been provided. They mainly focus on learning more discriminative
features [1], [2], [3], [16], [17], [18], [19], [20], [21] or developing
gait recognition applications in natural scenes [22], [23], [24],
[25]. However, obtaining labeled training pairs is challenging in
real-world applications. Despite extensive research in gait recogni-
tion, further exploration of its practical applications is still needed.
In this work, we consider a practical setting and take one of the
first steps toward achieving gait recognition without the need for
labeled training datasets.

1. NM: normal walking condition, BG: carrying bags when walking, CL:
walking with different coats.

2.1 Gait Recognition

Model-based method: This kind of method encodes poses or
skeletons into discriminative features to classify identities. For
example, PoseGait [16] extracts handcrafted features from 3D
poses based on human prior knowledge. JointsGait [17] extracts
spatiotemporal features from 2D joints by GCN [26], then maps
them into discriminative space according to the human body
structure and walking pattern. GaitGraph [27] uses human pose
estimation to extract robust pose from RGB images, then encode
the key points as nodes, and encode skeletons as joints in the
Graph Convolutional Network to extract gait information.
Appearance-based method: This series of methods mostly input
silhouettes, extracting identity information from the shape and
walking postures. GaitSet [1] first extracts frame-level and set-
level features from an unordered silhouette set, promoting the set-
based method’s development. GaitPart [2] further includes part-
level pieces of information, mining details from silhouettes. In
contrast, the video-based method GaitGL [3] employs 3D CNN
for feature extraction based on temporal knowledge. Our method
can be used in appearance-based unsupervised gait recognition. In
our framework, we adopt both the set-based method and the video-
based method as the backbones to illustrate the generalization of
our framework.

Gait Recognition with Contrastive Learning: The core idea
of contrastive learning methods [28], [29], [30] is to construct
effective positive and negative sample pairs through data augmen-
tation and design appropriate loss functions to guide the model
in learning meaningful representations. Inspired by such methods
as MoCo [30] and SimCLR [28], GaitSSB [31] proposes a self-
supervised framework to learn general gait representations from
large-scale unlabeled walking videos. GaitSSB treats each gait
sequence as an individual instance and aims to learn discriminative
instance-level sequence features using contrastive learning. How-
ever, contrastive learning-based methods mainly focus on learning
instance-level features by constructing positive and negative pairs
from different augmentation views of a single instance, without
considering appearance or view variations (e.g., cross-clothing
and cross-view conditions). In contrast, our method adopts a
clustering strategy to group unlabeled data and generate pseudo-
labels, allowing the model to learn representations based on cluster
assignments. This clustering-based approach enables the creation
of high-quality pseudo-labels and provides a more effective defini-
tion of positive and negative samples in cross-clothing and cross-
camera conditions.

2.2 Unsupervised Person Re-identification

Short-term Unsupervised Re-ID: Most fully unsupervised learn-
ing (FUL) Re-ID methods estimate pseudo labels for sequences,
which can be roughly categorized into clustering-based and non-
clustering-based methods. Clustering-based methods [10], [32],
[33], [34], [35], [36] first estimate a pseudo label for each sequence
and train the network with sequence similarity. In contrast, non-
clustering-based methods [8], [9] regard each image as a class and
use a non-parametric classifier to push each similar image closer
and pull all other images further. In total, the accuracy of most
non-cluster-based methods does not exceed the latest cluster-based
methods, so we use the latter to solve UGR.

At present, there are some typical algorithms in clustering-
based methods. BUC [6] utilizes a bottom-up clustering method,
gradually clustering samples into a fixed number of clusters.



Though there is a need for more flexibility, it is a good starting
point. HCT [32] adopts triplet loss to BUC to help learn hard
samples. SpCL [7] introduces a self-paced learning strategy and
memory bank, gradually making generated sample features closer
to reliable cluster centroids. To alleviate the high intra-class
variance inside a cluster caused by camera styles, CAP [33]
proposes cross-camera proxy contrastive loss to pull instances
near their own camera centroids in a cluster. ICE [34] further
explores inter-instance relationships instead of using camera labels
to compact the clusters with hard contrastive loss and soft instance
consistency loss. IICS [35] also considers the difference caused by
cameras, decomposing the training pipeline into two phases. First,
it categorizes features within each camera and generates labels.
Second, according to sample similarity across cameras, inter-
camera pseudo labels will be generated based on all instances.
These two stages train CNN alternately to optimize features.
Cluster-contrast [10] improves SpCL by establishing a cluster-
level memory dictionary, optimizing and updating both CNN and
memory bank at the cluster level.

On the contrary, the non-clustering-based methods mainly
realize fully unsupervised Re-ID with similarity-based methods.
SSL [8] predicts a soft label for each sample and trains the
classification model with softened label distribution. MMCL [9]
formulates FUL Re-ID as a multi-label classification task and
classifies each sample into multiple classes by considering their
self-similarity and neighbor similarity.

Inspired by the simple but elegant structure of Cluster-
contrast [10], we start from the Cluster-contrast framework to
solve the UGR task. However, existing unsupervised [10], [32]
and semi-supervised learning [37], [38] mostly rely on large-scale
pre-trained models [39] to extract features from RGB images, in
the gait recognition field, there is lack of a pre-trained model
to efficiently extract features from silhouettes. To address this
challenge, we specifically trained a pre-trained model on the OU-
MVLP dataset [40]. Furthermore, due to the differences in data
modalities and the unique challenges faced by RelD and gait
recognition, the latter requires tackling complex scenarios such
as identity recognition under varying clothing and viewpoints.
Thus, directly applying the cluster contrast method from [10]
to the UGR task is not suitable. Specifically, applying cluster
contrast directly may cause sequences with different clothing or
front/back views to be grouped into separate clusters, which neg-
atively impacts identity recognition performance. As a solution,
we design the SCF module with a support set that contains several
cluster candidates the feature belongs to. Rather than pushing each
feature toward only one cluster, we reduce the negative impact
of erroneous gradients by minimizing incorrect associations. To
tackle the challenge of clustering features from front/back views
with those from other views, we also develop a novel method SSF
to specifically help clustering these features from sparse views.

Long-term Unsupervised Re-ID: Gait recognition is a long-
term task with cloth-changing, so long-term FUL Re-ID is more
similar to UGR. CPC [41] uses curriculum learning [42] strategy
to incorporate easy and hard samples and gradually relax the
clustering criterion. We do not use the same method in SCF, since
each cluster mainly contains sequences with one cloth type, and it
is better to pull clusters as a whole. In contrast, we use curriculum
learning in SSF to distinguishly deal with sequences in front/back
views and gradually re-assign pseudo labels for those sequences.

3 OUR METHOD

In this work, we propose a new task called Unsupervised Gait
Recognition (UGR), which is practical when dealing with realistic
unlabeled gait datasets. In this section, we first formally define
our technique. Next, we will show our baseline based on Cluster-
contrast [10], trying to solve UGR with an unlabeled training set.
Then, we deeply research the problems faced by UGR and find
two challenges to improve the accuracy: sequences in different
clothes of the same person tend to form different clusters, and the
sequences captured from front/back views are difficult to gather
with other views. Based on the two problems, we propose Selec-
tive Fusion to gradually merge cross-cloth clusters and sequences
taken from front/back views to make samples of each.

TABLE 1
The definition of important symbols

Symbol | Definition
Unlabeled training dataset/
X/ Xy Labeled testing dataset
Vu/ y{l The true/ pseudo label for training dataset
Vi The true label for testing dataset
fo Gait Recognition backbone
N The total sequence number of the training dataset
The feature extracted from the ¢-th
fi sequence of the training dataset
The number of neighbors KNN
n searched for each sequence
Sup The similarity threshold KNN used for clustering
Q The number of clusters
Cr. The k-th cluster centroid
M The memory bank
b The mini-batch extracted from pseudo clusters each iteration
q One query contained in b
T The temperature hyper-parameter
m The momentum hyper-parameter
Locnes The ClusterNCE Loss of query q
Cyt The positive cluster centroid
fica The feature of i-th cloth augmented sequence
Cak The k-th adjusted cluster centroid
Sk The support set of the k-th cluster
a The number of pseudo ids Sy, contains.
Clow The lower bound to judge FVC
The current/initial similarity bound
sc/so when re-assign pseudo labels for sequences in FVC
AN Each epoch ratio/base ratio to merge
ase extreme view sequences in each epoch
Cn/Co The number of new or old clusters in each epoch

3.1 Problem Formulation

To formulate the unsupervised learning, we first define an unla-
beled training dataset, denoted as X,, = {x1, z2, ..., Zn }, includ-
ing diverse conditions such as changes in clothing and viewpoint,
where IV is the total sequence number. We want to train a gait
recognition backbone fy to classify these sequences according to
their similarity. By clustering the features, we generate pseudo-
labels ), for the training dataset. Following this, specialized
modules are employed to gradually merge samples from different
clothes and views. During evaluation, fy will extract features from
a labeled test dataset { Xy, V; } and the gallery will rank according
to their similarity with the probe, then we gain the rank-1 accuracy
for each condition and each view. We aim to train fy and gain the
best performance on Aj.



3.2 Proposed Baseline

We modified Cluster-contrast [10] to build our baseline frame-
work. Since a pre-trained model is required to initialize fy, we
first pre-train the backbones on a large gait recognition dataset
OU-MVLP [40] and then load it when training on the unlabeled
dataset. The training pipeline for the unlabeled dataset can be
summarized as follows:

1) At the beginning of each epoch, we first use fp to extract
features from each sequence in the training dataset in parts, which
has been sliced by Horizontal Pyramid Matching (HPM) [1]
horizontally and equally. Then we concatenate all the parts to an
embedding and regard it as a sequence feature to participate in the
following process, denoted as f;,i € {1,2,..., N}. In this way,
we can consider each sequence’s features in parts and details.

2) We adopt KNN [43] to search n neighbors for each
sequence in feature space and calculate the similarity distances
between each other. Then InfoMap [44] is used to cluster f;
with a similarity threshold s,;,, and predict a pseudo label
V! ={yy, yh, ..., Yy } for each sequence. When mapping features
with a pre-trained model, each sequence tends to be mapped closer
and not well separated. So we tighten s,,;,, aiming to separate each
subject into a single cluster.

3) With the pseudo labels, we compute the centroid of each
cluster C, k € {0,1,...,Q}, Q is the number of clusters, and
then initialize a memory bank M at the cluster-level to store these
centers M = {Cy,Cy, ...,Cq }.

4) During each iteration, a mini-batch b will be randomly
selected from pseudo clusters, and during gradient propagation,
we update the backbone with a ClusterNCE loss [10].

exp (q-Cy/T)
S exp(q-Ci/T)

for each query feature g extracted from the samples in the
mini-batch, we calculate its similarity with the positive cluster
centroid C it belongs to, Cy, is the k-th cluster centroid, 7 is the
temperature hyper-parameter. Here we use all the query features
in the mini-batch to calculate Ly, (-

5) Also, we update the centroids in the memory bank M that
the queries belong to at a cluster level.

L

—log (D

qcNCE —

Vq € Cy,Cr < mCy, + (1 — m)q 2)

m is the momentum hyper-parameter used to update the centroids
impacted by the batch. Each feature is responsible for updating the
cluster centroids it belongs to. Additionally, m serves as a crucial
factor in determining the pace of cluster memory updates, whereby
a higher value results in a slower update. This momentum value
directly influences the consistency between the cluster features
and the most recently updated query instance feature.

With this pipeline, we can initially realize UGR. However,
some defects still prevent further improvement in both cross-cloth
and cross-view situations. First, each cloth condition of a subject
has been separated from each other, making it hard to group them
together into a single class. This is because of the large intra-
class diversity within each subject when the identity changes cloth
and subtle inter-class variance between different persons when
clothes types of different subjects are similar. For example, NM
and CL of one person are less similar in appearance to NM of
other persons, leading to the intra-similarity being smaller than the
inter-similarity. Second, some sequences in front/back views (such
as 0°/018°/162°/180°) cannot correctly gather with sequences

Algorithm 1 The training procedure of Selective Fusion

Input: X,;; fo
Require: Epoch number; iteration number; batch size;
hyper-parameters: M/sy,/7/M/Ciow/Avase/k/Si
1: for epoch in range(0, epoch number+1) do
2:  Apply CA to X, get the augmented X,;
3:  Extract f,, from X, by fo;
4:  Extract fca from augmented X, by fg;
5. Generate Y., for f,
6 Calculate the pseudo centroids with !, and f,;
7:  Generate adjusted ), in SSF;
8 Generate adjusted centroids with adjusted y; and fp;
9:  Initialize Memory Bank with adjusted centroids;
10:  Generate support set in Support Set Selection Module with
the centroids of fc 4 and f;
11:  for iter in range(0, iteration number+1) do

12: Extract mini-batch from pseudo clusters;
13: Extract sequences feature from batch;
14: Calculate ClusterNCE loss with Memory Bank according
to Eq. 1;
15: Update the backbone;
16: Update the Memory Bank according to Eq. 3;
17:  end for
18: end for
Output: fy

in other views, but tend to be confused with front/back views
sequences of other subjects. This is because sequences in these
views lack enough walking patterns, so the model can only use
the shape information to classify these sequences. With more
similarity in appearance, sequences of different subjects in these
views tend to be classified together. Necessary solutions need to
be considered to help the framework solve the two problems.

3.3 Proposed Method

To tackle the problems we pointed out for UGR, we developed
Selective Fusion, containing Selective Cluster Fusion (SCF) and
Selective Sample Fusion (SSF) to solve the two drawbacks sep-
arately. The framework of our method is in Figure 2, and the
pseudo-code is shown in Algorithm 1.

In our method, at the beginning of each epoch, we use a Cloth
Augmentation (CA) method to randomly generate an augmented
variant for each sequence in the training dataset, then put them
into the same backbone to extract features, named f; and f;_,.
Second, after getting the original pseudo labels generated by
InfoMap, we use SSF to adjust the pseudo labels and then apply
them to f; and f;, to get their adjusted centroids. The adjusted
centroids C,j, are used to initialize the memory bank M. Third,
we use a support set selection module to generate a support set
for each cluster, which will be used in the multi-cluster update
strategy during backpropagation to help update the memory bank.
The support set selection module and multi-cluster update strategy
are the two components of our SCF.

Next, we will introduce how we implement our Cloth Aug-
mentation, SCF, and SSF methods.

3.3.1 Cloth Augmentation

The cloth augmentation is conducted for each sequence in the
training set to explicitly get a fuse direction for each cluster,
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(Best viewed in color).

which simulates the potential clusters in other conditions be-
longing to the same person. Currently, the cloth augmentation
methods we use are targeted for silhouette datasets, which the
majority of algorithms work on. We randomly dilate or erode
the upper/bottom/whole body in the whole sequence with a
probability of 0.5%, forming six cloth augmentation types. Also,
the upper/middle/bottom has a dynamic edited boundary?, adding
more variance to the augmentation results. Here we visualize
some cloth augmented results in Figure 3. When dilating NM,
the sequence can simulate its corresponding CL condition, and
when eroding CL, the appearance of subjects can be regarded
as in NM condition. It is indeed that in real-world cloth-changing
situations, the clothes have more diversity, only dilating or eroding
cannot fully simulate all the situations. Currently, we first consider
the simple cloth-changing situation that walking with or without
coats, which is also the cloth-changing method in CASIA-B [5]
and Outdoor-Gait [45] dataset, to prove our method is valid.
In real application, automatic cloth augmentation methods can
be employed, to automatically search other cloth augmentation
methods, such as sheer the bottom part of the silhouettes to
simulate wearing a dress and adding an oval above the head
to simulate wearing a hat, which is another promising research
direction in the future research. In this work, we use clothing
augmentation via dilation or erosion in our method to provide the
opportunity to let the cross-cloth sequences have the chance to be
closer to each other. This will facilitate our method of utilizing the
close chance to further pull the clusters near through the support
set and multi-cluster update strategy.

2. The kernel size for upper part: 5 X 5, lower part: 2 X 2
3. The boundary selected from upper bound: [14, 18], middle bound: [38,
42], bottom bound:[60, 64] for 64 x 64 silhouettes

Erode

Dilate

After After

Before Before

Fig. 3. The visualization of data augmentation on NM and CL conditions.
Cloth Augmentation can simulate the potential appearance in different
conditions of the same person.

3.3.2 Selective Cluster Fusion

SCF aims to pull clusters in different clothes belonging to the
same subject closer. It comprises two parts, a support set selection,
which is used to generate a support set S, for each cluster, aiming
to find potential candidate clusters in different clothes, and a multi-
cluster update strategy, aiming to decrease the distance between
candidate clusters in the support set.

Support Set: The input of the support set selection module
is the centroids of C,x and Cg. By calculating the similarity
between the k-th Cloth Augmented centroid C,x with all the
original centroids contained in M, we can get a rank list with
these pseudo labels, ranging from highest to lowest according to
their similarity distances. We select the top a ids in each rank
list, and the first id we set is the cluster itself, formulating the



support set S, = idg, idy, ..., id,. With the support set, we can
concretize the optimization direction when pulling NM and CL
together because f;., can be seen as the cross-cloth sequences
in reality to some extent. With the explicit regulation, we will not
blindly pull a cluster close to any near neighbor.

Multi-cluster update strategy: When updating the memory
bank during backpropagating, we use the support set in the multi-
cluster update strategy. Knowing which clusters are the potential
conditions of one person, the new strategy can be formulated as
follows:

VCak € Sk,Vq € Ca,Car, < mCai + (1 —m)g  (3)

All the candidate clusters in Sy need to participate in updating the
memory bank. By forcing the potential conditions to fuse, we can
make the mini-batch influence clusters and clusters in the support
set, compressing the distance between cross-cloth pairs.

3.3.3 Selective Sample Fusion

Seeing that walking postures are absent in front/back views,
sequences taken from these views have less feature similarity
with features extracted from other views. So they cannot be
appropriately gathered into their clusters like other views, and
tend to mix up with sequences of other identities captured from
front/back views. If we pull all the clusters towards their candidate
clusters in the support set, those clusters mainly composed of
sequences taken from front/back views will further gather with
clusters with the same view condition, making the situation worse.
To deal with clusters in this condition, we design SSF, in which
we use curriculum learning to gradually re-assign pseudo labels to
sequences in front/back views, forcing them to fuse with samples
taken from other views progressively before conducting the SCF
method.

View classifier : Specifically, we first train a view classifier on
OU-MVLP, classifying whether the sequence is in the front/back
view. The view classifier structure we set is as same as the GaitSet
structure we used, and we add the BNNeck behind. We assign
the label 1 for sequences in 0°/180° and assign the label O for
sequences in other views to train the view classifier. We train
the view classifier on OU-MVLP to gain view knowledge, and
when we have prior knowledge of sequences’ view, we can quickly
identify which clusters generated by our framework are composed
of sequences taken from front/back views.

Indeed, it is true that when adapting the view classifier to other
datasets, there may be appearance domain gaps and view classifi-
cation gaps between different datasets, as other datasets may not
label views in the same way as OUVMLP, and some datasets may
not provide view labels at all. However from our observations,
we found the view classification task is not a hard task, the view
classifier can already identify most sequences with fewer walking
postures. To further solve the problem that some sequences haven’t
appropriately assigned the right view label, we set a threshold
to relax the requirement when clustering. The criterion is that
only when the number of sequences in the front/back view in one
cluster is larger than the threshold c;,,,, we consider the cluster as
Front/Back View Clusters (FVC). By dissolving FVC, we calcu-
late the similarity between each sequence in it with other centroids
of non-FVC, and if the similarity is larger than s., we re-assign
the nearest non-FVC pseudo label for the sequence. So it does
not matter whether we identify all the sequences with front/back
views. We only need to push most of these sequences closer to
other views. And with the training process of curriculum learning,

the clusters are tighter. The sequences identified with front/back
views will also push the sequences that were misidentified closer
to their cluster center automatically since they have appearance
similarity. We will further propose more intelligent methods to
reduce the dependence of the model on the prior information.

Curriculum Learning: However, we do not incorporate all
the sequences in FVC at the same time, instead, we utilize
Curriculum Learning [42] to fuse them progressively by enlarging
the s. during each epoch:

Se = 8o — A X epoch_number )

At the first epoch, s, is high, and only the similarity between
sequences in FVC and centroids of other non-FVC higher than s;,
can be assigned new pseudo labels. Otherwise, they will be seen
as outliers and cannot participate in training. During training, the
criterion gradually increases with a speed of A, which allows for
the gradual incorporation of new knowledge. In response to this,
we propose to set A adaptively [46]:

Cn
Co
where |C,,| and |C,| is the number of new and old clusters in
each epoch, \pgse is a fixed constant for each dataset. Since more

clusters are fused in each phase, )\ increases as the ratio of the
number of new clusters to that of old clusters increases.

A= >\base (5)

3.4 Training Strategy

Overall, Selective Fusion can make separated conditions and scat-
tered sequences taken from front/back views fuse tighter. Here we
show our training strategy and represent the feature distribution of
each training phase in Figure 4. Our training strategy encompasses
three stages. At first, the features extracted by the pre-trained
model have a tendency to cluster together, making it hard to
distinguish between them. We adopt our baseline to separate these
sequences with a strict criterion, making each cluster gathered
according to their similarity. Second, we apply Selective Fusion to
fuse different conditions of the same person and gradually merge
sequences in front/back views with sequences in other views.
Finally, we get the clusters with all the cloth conditions and views.

O[] sequences of different subjects () Sequences of same subject but in different cloth condition

Push further

€58 o3
<7 T Selective o O
Base . O O Fusion
) a. [ G[G!
N g o
. . o

Stage 2

<—  Pullcloser

Stage 3

Fig. 4. The three stages in our training strategy. First, with narrowed
features extracted by the pre-trained model, we first adopt our baseline
to separate them further. Then Selective Fusion is used to fuse matched
clusters and samples together. Finally, we gain clusters with different
clothes and views. The base is the Baseline. Each type in a different
color indicates each subject in a different cloth condition.

4 EXPERIMENTS

Our methods can be employed in appearance-based methods.
For simplicity, we take silhouette sequences as input since they
are more robust when datasets are collected in the wild. To



TABLE 2
The parameters used in unsupervised learning on OU-MVLP, CASIA-BN, Outdoor-Gait dataset, and GREW.

Param Backbone OU-MVLP CASIA-BN Outdoor-Gait GREW
GaitSet - (32, 64, 128)(128, 256) (32, 64, 128)(128, 256) (32, 64, 128,256)(256, 256)
Model Channel 161 - (32, 64, 128)(128, 128) - -
Batch Size Both (32, 16) (8, 16) 8, 8) (8,16)
Weight Decay Both Se-4 Se-4 Se-4 Se-4
Start LR Both le-1 le-4 le-4 le-4
Milestones Both - [3.5k, 8.5k] [3.5k, 8.5k] [3.5k, 8.5k]
Epoch Both - Baseline: 50, SF: 50  Baseline: 50, SF: 50 Baseline: 50, SF: 50
Tteration Both - Baseline: 50, SF: 100 Baseline: 50, SF: 100 Baseline: 1000, SF: 1000
GaitSet  [50k, 100k, 125k] [20k, 40k, 60k, 80k]  [10k, 20k, 30k, 35k] [10k, 20k, 30k, 35k]

Upper bound Milestones GaitGL [150k, 200k, 210K]

[70k, 80k] - -

demonstrate the effectiveness of our framework, we apply our
methods to two existing backbones: GaitSet [1] and GaitGL [3]
to help them train with unlabeled datasets. We also compare
our method with upper bound which is trained with the ground
truth label, and with the baseline, which is also trained without
supervision. All methods are implemented with PyTorch [47] and
trained on TITAN-XP GPUs.

4.1

We train and test the performance of our method on three popular
datasets, CASIA-BN [5], Outdoor-Gait [45] and GREW [48].

Datasets

4.1.1 CASIA-BN

The original CASIA-B is a useful dataset with both cross-view
and cross-cloth sequence pairs. It consists of 124 subjects, having
three walking conditions: normal walking (NM#01-NM#06),
carrying bags (BG#01-BG#02), and walking with different
coats (CL#01-CL#02). Each walking condition contains 11 views
distributed in [0°, 180°]. We employ the protocol in the previous
research [1], [2]. During the evaluation, NM#01-NM#04 are the
gallery, NM#05-NM#06, BG#01-BG#02, CL#01-CL#02 are the
probe. Due to the coarse segmentation of CASIA-B, we collected
some pedestrian images and trained a new segmentation model to
re-segment CASIA-B, and gain CASIA-BN.

4.1.2 Outdoor-Gait

This dataset only has cross-cloth sequence pairs. With 138 sub-
jects, Outdoor-Gait contains three walking conditions: normal
walking (NM#01-NM#04), carrying bags (BG#01-BG#04), and
walking with different coats (CL#01-CL#04). There are three
capture scenes (Scene#01-Scene#03), however, each person only
has one view (90°). 69 subjects are used for training and the last
69 subjects for tests. During the test, we use NM#01-NM#04 in
Scene#03 as a gallery and all the sequences in Scene#01-Scene#02
as probes in different conditions.

4.1.3 GREW

To the best of our knowledge, GREW [48] is the largest gait
dataset in real-world conditions. The raw videos are gathered
from 882 cameras in a vast public area, encompassing nearly
3,500 hours of 1,080x1,920 streams. Alongside identity informa-
tion, some attributes such as gender, 14 age groups, 5 carrying
conditions, and 6 dressing styles have been annotated as well,
ensuring a rich and diverse representation of practical variations.
Furthermore, this dataset includes a train set with 20,000 identities
and 102,887 sequences, a validation set with 345 identities and
1,784 sequences, and a test set with 6,000 identities and 24,000

sequences. In the test phase, we strictly follow the official test
protocols.

4.2 Implementation Details

In this section, we provide comprehensive details about the imple-
mentation of our method. Similar to unsupervised Re-ID methods,
a unified pre-trained model is crucial for initialization in UGR.
However, there currently does not exist a unified pre-trained model
that can be used for the gait community. Here we first pre-train
backbones on a large gait recognition dataset OU-MVLP [40], and
then load it when training on the unlabeled dataset. OU-MVLP,
with its large dataset volume, is an ideal dataset for pre-train
models. It contains 10,307 subjects. The sequences of each subject
distributed in 14 views between [0°,90°] and [180°,270°], but
only have normal walking conditions. We used 5153 subjects to
pre-train backbones.

It is worth noting that the OU-MVLP dataset is only used
in the pre-training stage and is not involved in the unsupervised
learning stage. There are no cloth-changing pairs in this dataset,
preventing the transfer of cross-cloth information. And our method
focuses on tackling the challenging cross-cloth task by clustering
features and learning intrinsic information based on pseudo labels,
without relying on any prior information from the pre-trained
model. As a result, we abbreviate our method as Unsupervised
Gait Recognition rather than a domain transformation. Moreover,
we believe that training a unified pre-trained model for the gait
community is a promising direction for future work.

In Table 2, we present the structure and optimization settings
used for pre-training and unsupervised learning. Recognizing
individuals on GREW proves more challenging due to its larger
scale and diverse, real-world settings. Consequently, we employ
convolutional layers with increased channel sizes (32, 64, 128,
256). For hyperparameters, we set s,;, = 0.7 for the baseline
and s,;, = 0.3 for Selective Fusion to enlarge the boundary. The
remaining parameters are set as n = 40, 7 = 0.05, k = 2,
Mbase = 0.005, cjoy = 0.8, and s, = 0.7. Since the sequences
in Outdoor-Gait are fewer, we change 7 to 20 to avoid overfitting.
The batch size is represented as (Bg, Br), where each mini-
batch contains Bg subjects. For each subject, B sequences
are sampled, and 30 frames are randomly selected from each
sequence. Each frame is normalized to a size of 64 x 44. We
use a cosine annealing strategy to update m in Equation (2), the
strategy can be formulated as follows:

2

where m; is the momentum at training step t, My, iS the
minimum momentum value, M. iS the initial value, and T

1 tm
Mt = Mpmin + 7(mmax - mmin) 1+ cos T (6)



TABLE 3
The rank-1 accuracy (%) on CASIA-BN for different probe views excluding the identical-view cases. For evaluation, the sequences of
NM#01-NM#04 for each subject are taken as the gallery. The probe sequences are divided into three subsets according to the walking conditions
(i.e. NM, BG, CL). SF is our Selective Fusion Method. CC is the Cluster-contrast framework we followed. Red indicates the upper bound with
supervised learning. Blue indicates the improvements on sequences in front/back views. Bold indicates the total improvements on different

conditions.
Backbone Condition Method 0° 18 36° BA° 70 Pgoé)f Vli\ggo 196° 134° 162° 180° Average
Upper 90.5 98.1 99.0 969 935 910 949 97.8 989 972 834 94.7
NM Pretrain 59.6 729 80.1 774 674 588 639 724 792 622 427 67.0
Base (CC) 77.7 920 947 928 884 838 862 912 930 905 694 87.2
Ours (SF) 852 93.6 964 938 900 846 896 923 969 932 774 90.3
Upper 86.1 941 959 90.7 842 799 837 871 940 938 78.0 88.0
GaitSet BG Pretrain 48.0 519 581 542 522 458 476 499 535 455 364 49.2
Base (CC) 704 81.5 84.0 780 743 670 719 737 773 765 625 74.3
Ours (SF) 78.5 883 898 88.0 835 764 805 835 858 848 726 82.9
Upper 652 793 844 810 779 741 757 792 815 732 475 74.5
CL Pretrain 9.8 107 144 173 16.1 13.6 152 148 13.1 7.8 6.8 12.7
Base (CC) 27.7 324 372 376 330 292 320 322 323 278 207 31.1
Ours (SF) 33.1 41.6 464 47.6 467 412 447 433 456 358 225 40.8
Upper 942 975 987 967 951 929 959 979 99.0 98.0 87.1 95.7
NM Pretrain 662 799 853 849 735 658 71.8 817 858 79.1 51.0 75.0
Base (CC) 83.7 947 964 932 882 851 876 91.7 955 943 70.8 89.2
Ours (SF) 842 957 962 947 899 870 89.0 918 967 932 636 89.3
Upper 88.6 962 96.6 942 91.0 858 91.0 944 970 953 76.6 91.5
GaitGL BG Pretrain 534 664 672 677 620 562 599 624 66.1 646 434 60.8
Base (CC) 746 887 876 850 832 793 80.1 830 874 869 630 81.7
Ours (SF) 758 90.1 91.6 875 839 802 830 850 897 879 56.0 82.8
Upper 717 87.6 91.0 883 853 814 829 89 875 854 530 81.8
CL Pretrain 185 254 287 299 284 236 257 249 243 217 118 239
Base (CC) 33.7 49.6 550 551 582 534 573 526 522 417 241 48.4
Ours (SF) 536 71.1 769 755 729 69.1 698 690 717 60.7 312 65.6

represents the total number of training steps within a single epoch.
As training progresses (¢ increases), the momentum decreases
following a cosine curve. We set my.x = 0.5 and My, = 0.1.

4.3 Benchmark Settings

To show the effectiveness, we define several benchmarks:

(1) Upper. The upper bound reports the performance of each
backbone trained with ground-truth labels.

(2) Pre-train. The effect when directly applying the pre-trained
model to the target dataset without fine-tuning.

(3) Base (CC). Fine-tuning the pre-trained model with our
baseline framework implemented by Cluster-contrast.

(4) Ours (SF). The results of our proposed method.

4.4 Performance Comparison
4.4.1 CASIA-BN

The performance comparison on CASIA-BN is shown in Table 7.
We evaluate the probe in three walking conditions separately.
Since our method aims to improve the rank-1 accuracy of CL
and sequences in front/back views, we take the accuracy
for CL as the main criteria. From the results, we can see
that our method outperforms the baseline in the CL condition
by a remarkable margin (GaitSet: CL + 9.7%; GaitGL: CL +
17.2%). It indicates that our Selective Cluster Fusion method
can properly identify the potential clusters of the same person
with different cloth conditions and pull them together. Moreover,
sequences in 0°/18°/162°/180° also gained large improvement
in both cloth conditions. Selective Sample Fusion can gradually
gather individual front/back samples that were excluded initially,
by assigning them the same pseudo labels as the sequences in

other views. Although lacking walking postures, the sequences
with front/back views can still provide useful information for
identifying a particular person. It should be noted that the hyper-
parameters used for GaitGL are as same as GaitSet and without
specific adjustment, which shows the generalization of our method
when applying to different backbones. Both cues indicate that
our method is effective when dealing with cloth-changing and
front/back views.

4.4.2 Outdoor-Gait

Although Outdoor-Gait does not consider cross-view data pairs,
we can still verify the SCF method on this dataset and show the
result with the GaitSet backbone in Table 4.

TABLE 4
The Rank-1 accuracy (%) on Outdoor-Gait. When evaluation, we take
NM#1-NM#4 in Scene#3 as gallery and others as probe.

Backbone Method NM BG CL
Upper 97.6 90.9 90.4

GaitSet Pretrain 45.8 46.4 433
Base (CC) 84.8 66.5 62.9

Ours (SF) 90.0 73.7 71.9

We can see that SF surpasses the baseline on both conditions
(NM + 4.3%; BG + 7.1%; CL + 9.0%). With the SF method, not
only the accuracy of CL condition improved, but also the accuracy
of NM, and BG, which means features from CL sequences can also
provide useful information when recognizing a person, and they
can not be neglected. If the features before and after changing
clothes are not correctly associated, the gait recognition model
will miss important information, leading to insufficient learning
and difficulty in distinguishing between different individuals.
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Fig. 5. The effect of hyper-parameters s.,,/n/7/m on baselines. In there we choose a set of hyper-parameters that have the best result in our
experiments. Other hyper-parameters don’t change the result a lot, just lead to sub-optimal.

TABLE 5
The Rank-1 and Rank-5 accuracy (%) on GREW. Trained on the
GREW train set and evaluated on the test set.

Backbone Method Rank-1 Rank-5
Upper 48.4 63.6
. Pretrain 17.0 28.5
GaitSet Base (CC) 183 30.4
Ours (SF) 20.2 32.0

However, due to the small dataset volume and lack of views in
Outdoor-Gait, the upper bound with GaitGL backbone overfit*, so
we do not show the results with it.

4.4.3 GREW

To test the generalization of our method, we apply it to a large
wild dataset GREW [48]. Our method excels in further separating
the narrowed features within the feature space as comprehensively
as possible. The results, as shown in Table 5, illustrate that our
proposed method outperforms the baseline under both conditions
(Rank-1 + 1.9%; Rank-5 + 1.6%). This affirms that our Selective
Fusion method can effectively guide the updating of clusters and
finally get the clusters with different conditions. Additionally, it
validates the generalization of our method in outdoor scenarios.

4.5 Ablation Study
4.5.1 Impact of Each Component in Our Selective Fusion

In this section, we show that both SCF and SSF are essential
components of our Selective Fusion method through experiments
on the indoor CASIA-BN dataset and the outdoor datasets,
Outdoor-Gait and GREW. In Table 6, we show the results only
using SCF or SSE. Only with SSF, the rank-1 accuracy for each
condition in front/back view slightly improved, but still had a poor
performance on the cross-cloth problem. When directly applying
SCF, clusters mainly composed of sequences in front/back views
will also pull closer to other clusters in the same condition,
which should be forbidden. Pulling more FVCs closer will further
make these sequences merge into their actual clusters with other
views, degrading the performance in recognizing sequences with
front/back views. Therefore, the best effect can be achieved only
when these two methods are effectively combined. As shown
in Table 7, we demonstrate the impact of SSF on sequences
taken from front/back views, which validates its effectiveness. The
improvements on sequences with front/back views are highlighted

4.NM: 95.5, BG: 91.3, CL: 86.2

in blue. Next, we will show the influence of parameters used in
each method.

4.5.2 Effects of Different Parameters in Baseline

Here we research how hyper-parameters s,,, n, 7, m affect
the results of baselines. We adjust one parameter at the one
time and keep other hyper-parameters unchanged. s, regulates
the boundary of how far the features can be gathered into one
cluster. The smaller s, it is, the tighter the boundary. n is the
number of neighbors KNN searched for each sequence. 7 is the
temperature parameter in ClusterNCE loss, indicating the entropy
of the distribution. m, the momentum value, controls the update
speed of centroids stored in the Memory Bank. From the results
on CASIA-BN, we can see that when s,, = 0.7, n = 40,
7 = 0.05, m = 0.2 we have the overall best results for NM,
BG, and CL. When these parameters deviate too much from the
current setting, the performance is sub-optimal. Here we show the
accuracy of NM, BG, and CL when adopting different parameters
in the baseline framework in Figure 5.

4.5.3 Impact of Candidate Number in Support Set

Here we discuss the effect of a parameter in SCF, the candidate
number a, in the support set. In Table 8, we can see that when
a = 2, we have the best performance, which is in line with the
fact that the features of NM and BG are easily projected together
in the feature space since they have larger similarity and we should
drag the features of NM with CL specifically in CASIA-BN.

4.5.4 Impact of Rate of Curriculum Learning in SSF

We test the effect of SSF with a dynamic or constant rate when
conducting curriculum learning on CASIA-BN. Without curricu-
lum learning, linearly clustering the front/back view sequences
with sequences in other views will degrade the performance. In
Table 9, with a dynamic pulling rate, we can relax the requirement
when training the model, which can make the model learn from
easy to hard better.

4.5.5 Comprehensive Comparative Analysis of Our Method

To further validate the effectiveness of our method, we conducted
extensive experiments on both the indoor CASIA-BN dataset
and the outdoor GREW dataset, comparing our approach against
GaitSSB*. For a fair comparison, we replaced the backbone of
GaitSSB with GaitSet while keeping all other experimental set-
tings unchanged. As shown in Table 10, our method consistently
outperforms GaitSSB* on both datasets.



TABLE 6
Ablation study demonstrating the effectiveness of each module in our method on the CASIA-BN, Outdoor-Gait, and GREW datasets based on
Rank-1 accuracy (%)

. CASTA-BN Outdoor-Gait
Setting NM BG CL NM BG CL GREW
Base 872 743 311 843 6.5 2.9 183
Base + SSF 87.5 75.8 328 853 66.9 61.6 18.7
Base + SCF 83.3 75.9 39.9 89.1 73.6 71.9 19.7
Ours 90.3 82.9 40.8 90.0 73.7 71.9 202
TABLE 7

The rank-1 accuracy (%) on CASIA-BN for different probe views excluding the identical-view cases. The probe sequences are divided
into three subsets according to the walking conditions (i.e. NM, BG, CL). Blue indicates the improvements on sequences in front/back

views.
.. Probe View
Backbone  Condition  Method 0°  18°  36°  B4°  72°  90°  108°  126°  134°  162°  I80°
M Base 777 920 947 928 884 838 86.2 91.2 93.0 90.5 69.4
Base+SSF 80.1 932 949 929 876 834 86.4 91.1 92.9 90.7 69.9
GaitSet BG Base 704 815 840 780 743 670 71.9 73.7 773 765 625
at>e Base+SSF 729  84.0 836 779 745 677 70.8 73.2 79.5 78.1 71.3
oL Base 277 324 372 376 330 292 32.0 322 323 278 207
Base+SSF 321 373 391 377 376 295 30.5 317 325 30.9 21.9
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Fig. 6. (a) and (b) are the TSNE images of the baseline method and our method(SF), respectively. The text above each feature point shows the
pseudo label, and blue text indicates that the sequence is in front/back view. A color in a feature point represents a type of condition. Our method
effectively clusters features belonging to the same person. (c) shows the corresponding gait sequence from (b), where the dashed circles indicate
examples of clustering errors, and the solid circles indicate correct clustering examples. Please zoom in to see the details.

TABLE 8 TABLE 9
The effect of cluster candidates number & in support set. The performance of different kinds of rates when conducting curriculum
learning.
Settings NM BG CL
Ours (a = 4) 89.2 81.2 35.1 Settings NM BG CL
Ours (a = 3) 89.7 81.1 37.9
Ours (a = 2) 90.3 82.9 40.8 Ours (Apgse) 90.3 82.7 40.7
Ours (\) 90.3 82.9 40.8

GaitSSB is an instance-based contrastive learning method
that constructs positive pairs at the instance level through data
augmentation. However, due to the limitations of current data
augmentation techniques for gait sequences, it is still challenging
to construct effective positive and negative sample pairs. This
limitation hinders the model from obtaining adequate supervision
signals, thereby reducing its ability to distinguish identities in

complex gait recognition scenarios.

In contrast, our method adopts a clustering strategy to group
unlabeled data and generate pseudo-labels, enabling the model to
learn representations based on cluster assignments. By integrating
clustering strategies with selective fusion, our approach effectively
addresses the practical challenges of unsupervised gait recogni-
tion. As shown in Table 9, the experimental results demonstrate



(a) Success Cases.

Fig. 7. Additional success and failure case analyses with Grad-CAM visualizations generated by our method. Each row shows sequences
from the same subject under different conditions. (a) Success cases: each subject is represented by two randomly selected sequences.
(b) Failure cases: these involve sequences with significantly larger viewpoint and clothing variations compared to (a).

TABLE 10
Comparison of Rank-1 Accuracy (%) between our method and
GaitSSB* on the CASIA-BN and GREW datasets. GaitSSB* denotes
the modified version of GaitSSB [31] with an updated backbone.

CASIA-BN
Method NM BG CL GREW
GaitSSB* 43.0 30.2 31.1 17.2
Ours 90.3 82.9 40.8 20.2

that our method is more robust in handling complex scenarios,
such as cross-clothing and cross-view variations.

4.5.6 Visulization of Selective Fusion

The visualization effect of Selective Fusion is shown in Figure 6.
We selected a subject in CASIA-BN and found that in baseline,
BG and CL have a different pseudo label from NM. At the same
time, some sequences in front/back views of NM/BG/CL are also
assigned different pseudo labels with sequences in other views.
With SF, as shown in Figure 6(b), most sequences from various
views and conditions are assigned the same identity. As shown in
Figure 6(c), we also visualized some cases of SF.

Figure 7 further presents additional examples of successful and
failed clustering. For each case, Grad-CAM is employed to visual-
ize and interpret the regions of the subject that our model attends
to. Specifically, in successful cases, our method distributes atten-
tion across different body parts, indicating that the model does not
overly depend on any single region and that each part contributes
to identity recognition. However, in failed cases, drastic viewpoint
and clothing changes render torso features unreliable, while the
head and feet remain relatively stable. Although the model shifts
its focus to these more reliable regions, the presence of additional
noise ultimately leads to incorrect clustering. Given that temporal

features are essential for capturing the dynamic nature of walking
and overcoming the challenges posed by cross-view and cross-
clothing variations [49], future work will incorporate temporal
supervision signals to further enhance the network’s sequence
modeling capabilities.

5 LIMITATION AND FUTURE WORK

Our method can be employed with off-the-shelf backbones to
train on a new, unlabeled dataset. However, there are still some
limitations.

First, our approach relies on prior knowledge in certain areas.
For instance, (1) we use knowledge of viewing angles to identify
challenging samples with front/back views, and (2) our model re-
quires well-initialized parameters to ensure reasonable clustering
performance at the beginning of training. These dependencies on
prior knowledge can impact the final accuracy. To overcome this,
we need to explore methods that can achieve better unsupervised
gait recognition without such reliance.

Additionally, data augmentation plays a crucial role in un-
supervised gait recognition. However, our current augmentation
method only simulates clothing variations in specific scenarios.
To better capture real-world variations in gait sequences, it is
necessary to develop more robust data augmentation techniques.

6 CONCLUSION

In this work, we propose a new task, Unsupervised Gait Recogni-
tion. We first design a new baseline with cluster-level contrastive
learning. We identified two key challenges in unsupervised gait
recognition: (1) sequences with different clothing are not grouped
into a single cluster, and (2) sequences captured from front/back
views are difficult to merge with those from other views. To



address these challenges, we developed the Selective Fusion
method, which includes Selective Cluster Fusion and Selective
Sample Fusion. Selective Cluster Fusion helps cluster sequences
of the same individual across different clothing conditions, while
Selective Sample Fusion progressively merges sequences from
front/back views with those from other views.

Our experiments demonstrate that the proposed method ef-
fectively improves accuracy under both clothing variation and
front/back view conditions. This work reduces reliance on labeled
data, enabling us to learn high-quality feature representations from
large-scale unlabeled datasets, thereby advancing the development
of gait recognition.
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