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Context-Sensitive Temporal Feature Learning
for Gait Recognition

Xiaohu Huang, Duowang Zhu, Xinggang Wang, Member, IEEE , Hao Wang, Bo Yang, Botao He,
Wenyu Liu, Senior Member, IEEE, and Bin Feng

Abstract—Although gait recognition has drawn increasing research attention recently, it remains challenging to learn discriminative
temporal representation, since the silhouette differences are quite subtle in spatial domain. Inspired by the observation that human can
distinguish gaits of different subjects by adaptively focusing on temporal clips with different time scales, we propose a context-sensitive
temporal feature learning (CSTL) network for gait recognition. CSTL produces temporal features in three scales, and adaptively
aggregates them according to the contextual information from local and global perspectives. Specifically, CSTL contains an adaptive
temporal aggregation module that subsequently performs local relation modeling and global relation modeling to fuse the multi-scale
features. Besides, in order to remedy the spatial feature corruption caused by temporal operations, CSTL incorporates a salient spatial
feature learning (SSFL) module to select groups of discriminative spatial features. Particularly, we utilize transformers to implement the
global relation modeling and the SSFL module. To the best of our knowledge, this is the first work that adopts transformer in gait
recognition. Extensive experiments conducted on three datasets demonstrate the state-of-the-art performance. Concretely, we achieve
rank-1 accuracies of 98.7%, 96.2% and 88.7% under normal-walking, bag-carrying and coat-wearing conditions on CASIA-B, 97.5%
on OU-MVLP and 50.6% on GREW.

Index Terms—Gait Recognition, Temporal Modeling, Spatial Preserving.
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1 INTRODUCTION

GAIT recognition is a long-distance biological identifica-
tion technology, which relies on the walking patterns of

human beings, and now reveals great application potential
on public security [1], [2], [3], [4] and identity recognition
[5], [6], [7]. Although gait recognition has drawn increasing
research attention recently, it remains challenging to learn
discriminative temporal representation since the silhouette
differences in spatial domain are quite subtle.

Moreover, as mentioned in [8], body parts possess di-
verse motion patterns, thus require temporal modeling
to take multi-scale representation into consideration. At
present, multi-layer convolutions have been widely used in
current methods to model multi-scale temporal information.
And they aggregated multi-scale features in a summation
[8], [9], [10], [11] or a concatenation way [12], [13]. However,
since the aggregation methods are fixed, these manners
are not flexible enough to adapt to variations of complex
motion and realistic factors, i.e., self occlusion between body
parts and change of camera viewpoints. Consequently, the
performance is hindered especially considering gait is a
kind of fine-grained motion pattern, whose identification of
subjects depends on the diverse expression of customized
motion on local body parts.

It can be seen from life experience that human is able
to distinguish gait sequences of different subjects by adap-
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(a) Two sequences from subject ’53’ and ’119’ on CASIA-B can be
distinguished relying on short-term temporal clues, e.g., several frames
at the beginning.

(b) Two sequences from subject ’39’ and ’77’ on CASIA-B, which have
to be distinguished relying on long-term temporal clues, e.g., all of the
frames.

Fig. 1. Illustration that humans can distinguish gaits of different subjects
by adaptively focusing on temporal fragments with different time scales.
Color bar indicates the human focus distribution. Darker color represents
more attention paid to corresponding frames. Best viewed in color.

tively focusing on temporal fragments with different time
scales. A qualitative illustration is given in Figure. 1, where
voting results from 15 volunteers are used to calculate the
focus distribution. In Figure. 1(a), the differences between
the two gait sequences are so obvious that we can distin-
guish them by observing fewer frames from the beginning.
On the contrary, in Figure. 1(b), differences between two
sequences are quite subtle that we have to observe more
frames to distinguish them. Therefore, in this situation,
short-term clues are not enough to make a distinction be-
tween the two subjects, but long-term features need to be
considered since they provide richer temporal information.
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Misalignment

Fig. 2. Illustration of the misalignment in gait sequences. Since pixels of
the same spatial locations in different frames may correspond to different
semantic contents, the utilization of temporal operations could lead to
blurred or overlapped appearances.

Hence, the adaptive adjustment among multi-scale temporal
features leads to flexible focus along temporal dimension,
which offers a new perspective for gait modeling.

Motivated by such observation, we propose a context-
sensitive temporal feature learning (CSTL) network for gait
recognition. The core idea of this method is to integrate
multi-scale temporal features according to the contextual
information along temporal dimension, which allows infor-
mation communications among different scales from both
local and global perspectives. Here, contextual information
is obtained by evaluating the local and global relations
among multi-scale temporal features, which reflects diverse
motion information existing in context semantics. CSTL
produces temporal features for each frame in three scales,
i.e., frame-level, short-term and long-term, which are com-
plementary to each other. The frame-level features retain
frame characteristics at each time instant. The short-term
features capture local temporal contextual clues, which are
sensitive to temporal locations and beneficial to model micro
motion patterns. The long-term features, on behalf of motion
features across all frames, reveal global action periodicity,
which are invariant for temporal locations.

Next, a local relation modeling among these tempo-
ral features guides the network to adaptively enhance or
suppress temporal features with different scales in each
frame. Afterwards, a global relation modeling is involved
to interact the multi-scale features along the whole se-
quence, which constructs the global communications to
capture the most discriminative representation. Particularly,
a transformer block [14] is used in global relation modeling,
which is natively suited as a long-range reasoning module.
Consequently, our method forms a hierarchical framework
to aggregate multi-scale features in both local and global
aspects adaptively, which provides the possibility of mod-
eling complex motion, and makes it very suitable for gait
recognition.

Further, during the investigation of temporal modeling,
we notice the misalignment problem in temporal modeling
that has not been investigated in gait recognition yet. As
shown in Figure. 2, the same pixel locations from differ-
ent frames may correspond to different foregrounds and
backgrounds. Naturally, the utilization of temporal oper-
ations, e.g., temporal convolution and temporal pooling,
may result in blurred and corrupted appearances. How-
ever, appearance features could provide vital evidences for
distinguishing different people. To address such issue, we
propose a salient spatial feature learning (SSFL) module to
select discriminative local spatial parts across the whole se-

quence, which can be considered as supplements to remedy
the corruption in appearance features. The discriminative
feature selection is based on temporal feature importance
evaluation, where we utilize the multi-head self-attention
(MHSA) mechanism in transformer to form groups of im-
portance maps globally. Particularly, as explained in [14],
each head focus on a certain representation subspace, thus
multiple heads could generate diverse importance maps, by
which we can select groups of discriminative local parts
from various aspects.

The adaptive temporal modeling and salient spatial
learning provide complementary properties for each other.
On one hand, CSTL mainly considers temporal modeling
and SSFL focuses on spatial learning. Specifically, CSTL
produces temporal aggregation of multi-scale clues which
describes motion patterns, and SSFL selects well-preserved
spatial features which involve with still images. On the other
hand, CSTL aggregates temporal clues in a soft-attention
way and SSFL obtains salient spatial features in a hard-
attention manner. In a nutshell, by jointly investigating mo-
tion learning and spatial mining simultaneously, we achieve
outstanding performance over the state-of-the-art methods.

To the best of our knowledge, this is the first method
that explores transformer application in gait recognition.
The major contributions of this paper can be summarized
as the following three aspects:

• In this paper, we propose a temporal modeling net-
work CSTL to fuse multi-scale temporal features in
an adaptive way from both local and global aspects,
which considers the cross-scale contextual informa-
tion as a guidance for temporal aggregation.

• We propose a salient spatial feature learning (SSFL)
module to remedy the feature corruption caused by
temporal operations. SSFL constructs global feature
importance maps to select salient spatial features
across the whole sequence, which provide high qual-
ity spatial clues.

• Extensive experiments conducted on three datasets,
i.e., CASIA-B [15], OU-MVLP [16] and GREW
[17], demonstrate the state-of-the-art performance of
CSTL. And further ablation experiments prove the
effectiveness of the proposed modules. Additional
experiments using practical settings reveal the real-
world application potentials of CSTL.

A preliminary conference version of this work was pub-
lished in ICCV-2021 [18]. We improve this work in three
aspects: (1) We extend the adaptive multi-scale feature ag-
gregation from a local way to a local-to-global hierarchical
manner, which helps improve recognition performance. (2)
The former SSFL constructs importance maps on each frame
individually, and only generates a group of salient parts.
Instead, the improved SSFL forms the importance maps in a
global view by utilizing the multi-head self-attention mech-
anism, which is capable of generating more groups of salient
spatial parts, thus contributes to enhancing spatial mining
capacity. (3) We include additional experiments on a recently
published large-scale gait dataset in the wild, i.e., GREW
[17], on which we further validate the effectiveness and
robustness of our method. And more ablation experiments
are conducted on CASIA-B to analyze the contribution of the
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proposed modules, explore the network design, and study
the performances of our method under real-world settings.

The rest of the paper is organized as follows. Firstly, the
Section 2 describes the related works. Next, the Section. 3
gives the details of the network. Afterwards, the Section.
4 provides comprehensive experiments and corresponding
analysis. Finally, the Section. 5 concludes the paper and
present future work.

2 RELATED WORK

2.1 Gait Recognition

Current gait recognition methods could be categorized into
two types: model-based and appearance-based.

Model-based methods [19], [20], [21] were proposed to
model walking patterns and body structures of humans
based on extracted key points [22], [23], [24]. Model-based
methods are robust to variations of clothing and camera
viewpoints. However, due to (1) inaccurate pose results
estimated from low-quality images and (2) the missing of
identity-related shape information, model-based methods
are usually inferior to appearance-based methods in per-
formance comparison.

Appearance-based methods [8], [10], [12], [25], [26], [27],
[28], [29], [30], [31] extracted spatio-temporal features on
RGB images or binary silhouettes by CNN networks or
handcrafted algorithms. Gait Energy Image (GEI) [28] was
generated through projecting a sequence of gait silhouettes
into a single image. The GEI-based methods [28], [29],
[30], [31], [32] greatly compressed computational cost but
lost discriminative expression. In contrast, the video-based
approaches [8], [10], [11], [12], [13], [25], [26], [33] processed
gait sequences frame by frame, which maintained the frame-
level discriminative feature in a large extent, and bene-
fited the networks to learn temporal representation. Our
approach belongs to appearance-based method and takes
silhouette sequences as input.

2.2 Temporal Modeling

Current literatures proposed different strategies for gait
temporal modeling, including 1D convolutions, LSTMs and
3D convolutions etc. Particularly, GaitSet [25] and GLN
[26] considered a gait sequence as an unordered set, which
mainly focused on spatial modeling and captured inter-
frame dependency implicitly. GaitPart [8] and Wu et al.
[9] extracted local temporal clues by 1D convolutions and
aggregated them in a summation or a concatenation manner.
LSTM networks were applied in [10], [11] to achieve long-
short temporal modeling, which fused temporal clues by
temporal accumulation. With the help of stacked 3D blocks,
MT3D [12] and GaitGL [13] incorporated temporal infor-
mation with small and large scales, then concatenated or
summed these features as outputs. 3DLocal [34] applied
3D CNN to obtain different local parts, and fused them
with feature concatenation. However, current methods have
obvious shortcomings in learning flexible and robust multi-
scale temporal features, which are incapable of satisfying
temporal modeling requirements for different body parts of
gait motion.

Recently, transformers were broadly applied in various
computer vision tasks [35], [36], [37], but has not been inves-
tigated in gait recognition yet. Compared with the prevalent
CNNs, the most outstanding strength of transformers is
the global reasoning capacity, which empowers models to
capture features in the long range. In the domain of video-
based tasks, TimeSformer [38], ViViT [39] and Vidtr [40]
proved transformers could extract global temporal features
effectively.

Our method differs from above methods in three aspects:
(1) CSTL generates temporal features in three scales, i.e.,
frame-level, short-term and long-term. Such rich temporal
clues enable our network to obtain diverse motion learning
ability. (2) For fusing multi-scale temporal features adap-
tively, CSTL employs both local and global cross-scale re-
lation modelings to obtain the most appropriate temporal
expression. (3) The transformer block we use is not for
global feature extraction like current methods, but for global
feature interaction on multiple time scales.

2.3 Spatial Preserving

The spatial appearance features provide supplementary
cues to recognize people besides motion pattern. GaitNet
[11] proposed a disentanglement-based scheme to obtain the
canonical feature to help recognition, whose goal was close
to ours. Except for gait recognition, the spatial misalignment
also degraded performance in other person-related recogni-
tion task, e.g. Person Re-identification. In video-based Per-
son Re-identification, different methods were proposed to
maintain the clearness of spatial features. In AP3D [41], re-
searchers proposed Appearance Preserving Module (APM)
to mitigate the misalignment problem in temporal model-
ing. APM used a feature similarity calculation strategy to
match the foregrounds in continuous frames within a local
window based on the color, texture and illumination et al.
Chen et al. [42] proposed a method dubbed Adversarial Fea-
ture Augmentation (AFA) to capture motion coherence by
a adversarial form. However, AFA only employed motion-
irrelevant features, but totally abandoned temporal clues.

Unfortunately, the above spatial preserving methods are
not appropriate for gait recognition. GaitNet and APM
are both operated on RGB-based appearance features, e.g.,
color, texture and illumination. But the inputs of our model
are sequences of binary silhouettes, which do not include
the needed appearance features. Moreover, AFA only in-
corporated the modeling of motion-irrelevant features but
ignored the motion-relevant features, which are vital for gait
recognition.

Different from these strategies, in our approach, SSFL
selects discriminative local parts to maintain the spatial
characteristics of subjects, which is feasible for binary in-
puts. And this operation is parallel to temporal modeling,
thus would not compromise temporal feature extraction.

3 METHOD

In this section, we firstly describe the overall pipeline of
our method, then illustrate the detailed structure of key
components in the network.
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Fig. 3. Overview of CSTL. A sequence of gait silhouettes are firstly fed into a 2D CNN to extract spatial features in each frame. Then, a multi-scale
temporal extraction (MSTE) module is utilized to obtain temporal features in three scales. Afterwards, a two-branch architecture composed of an
adaptive temporal aggregation (ATA) module and a salient spatial feature learning (SSFL) module is formed to aggregate multi-scale features
and select salient spatial parts respectively. Arrows, G, FI , FT , FS and FO denote operations, input gait sequence, features processed by CNN,
temporal aggregated features, salient spatial features and output features respectively. Ltri and Lce represent triplet loss and cross-entropy loss
respectively.

3.1 Network Pipeline

The overview structure of our method is presented in Fig-
ure. 3. A batch of B gait samples of N frames are fed into the
network as input, which is denoted as G ∈ RB×N×H×W . H
and W denote the height and width of each frame respec-
tively. Firstly, G is passed through a 2D CNN to produce
spatial extracted feature FI ∈ RB×N×C×H/2×W/2, where C
denotes the number of feature channels. The detailed CNN
architecture is given in Table. 1. Afterwards, we implement
a multi-scale temporal extraction (MSTE) module on FI to
generate temporal features with three different temporal
scales, i.e., frame-level, short-term and long-term, which are
denoted as Tf , Ts and Tl respectively. Tf , Ts and Tl are
all with size of RB×N×C×K , where K denotes the number
of horizontal divided feature parts that correspond to body
parts in some extent. Next, temporal features are fed into
adaptive temporal aggregation (ATA) and salient spatial
feature learning (SSFL) blocks respectively, through which
we obtain temporal aggregated feature FT ∈ RB×C×K and
salient spatial feature FS ∈ RB×C×K correspondingly. Tem-
poral aggregated feature FT is a temporal summarization
of the whole sequence, which represents the discriminative
information in temporal domain. Spatial salient feature FS

is obtained by selecting groups of salient spatial parts, which
maintain rich high-quality silhouette information. Finally,
FS and FT are concatenated along channel dimension as
outputs FO .

3.2 Multi-Scale Temporal Extraction

As discussed in Section. 3.1, we aim to enrich the diversity
of temporal features. Firstly, we divide F into K parts

TABLE 1
Structure of the backbone on CASIA-B. Cin and Cout denote the input

channel and output channel of each layer respectively.

Layer Cin Cout Kernel Pad Activation
Conv1 1 32 3 1 Leaky ReLU

Conv1 32 64 3 1 Leaky ReLU
Max Pooling kernel=(2,2), stride=2

Conv3 64 128 3 1 Leaky ReLU
Conv4 128 128 3 1 Leaky ReLU

vertically, then apply Global Max Pooling (GMP) and Global
Average Pooling (GAP) to obtain part-level pooling features
P ∈ RB×N×C×K , where P b,n represents part-level features
of the n-th frame in the b-th sample. As shown in Figure. 4,
the frame-level features are the duplicate of P , which do not
get involved with temporal operation, thus the appearance
characteristics of each time instant are well-maintained.

In order to capture short-term temporal features, we
apply two serial 1D convolutions with kernel size of 3, and
add the features after each 1D convolution as Ts. Obtaining
short-term features enables the network to focus on short
period temporal motion patterns and subtle changes with
perceptive fields of 3 and 5.

The long-term feature extraction is based on the combi-
nation of all frames. Firstly, a Multi-layer Perceptron (MLP)
followed by a Sigmoid function is applied on P to evaluate
the importance of different frames. Next, the weighted sum-
mation of all frames by the importance scores is utilized as
the long-term temporal features Tl, which is formulated as:

T b
l =

∑N
n=1 Sigmoid(MLP (P b,n))� P b,n∑N

n=1 Sigmoid(MLP (P b,n))
, (1)



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. XX, NO. XX, XX 2022 5

Conv1d

Conv1d

+

MLP

•

Sum

Frame-level
Feature

Short-term
Feature

Long-term
Feature

𝑻𝒇 𝑻𝒍𝑻𝒔

Sigmoid

P

Fig. 4. Detailed architecture of Multi-Scale Temporal Extraction, which
produces temporal features in three levels for each frame.

where � denotes dot product. It should be noted that, T b
l is

invariant for all frames in the b-th sample, which describes
global motion cues. After that, we obtain temporal features
of three levels, e.g., Tf , Ts and Tl, for subsequent ATA and
SSFL blocks.

3.3 Adaptive Temporal Aggregation

In this part, we utilize multi-scale temporal features to ex-
plore feature relations, which enable information exchang-
ing among different temporal scales. As discussed in [8],
different body parts own various motion patterns, which
indicates the diverse expressions are needed for temporal
modeling. Intuitively, the interaction of different scales of
features would effectively enrich the diversity of temporal
representation, thus produce suitable motion expression for
human body. As stated in Section. 1, the feature interactions
are conducted both locally and globally, which are illus-
trated below.

3.3.1 Local Relation Modeling

As shown in Figure. 5, we devise three strategies to achieve
local aggregation in each frame. (1) We use a max pooling
to obtain the most discriminative clues of the three scales,
which is formulated as:

T b,n
Al

= Max(T b,n
f , T b,n

s , T b,n
l ), (2)

where T b,n
Al
∈ RC×K represents the local aggregated fea-

tures in the n-th frame of the b-th sample.
(2) We firstly concatenate the features from three scales,

then take a fully-connected (FC) layer to correlate the chan-
nels and obtain the fused output, which is represented as:

T b,n
Al

= FC(T b,n
f c©T b,n

s c©T b,n
l ), (3)

where c© denotes the concatenation operation.
(3) We fuse multi-scale features in a more comprehensive

way, which produces individual scores for evaluating the
importances of different scales in each frame. Specifically,

Frame-level
Feature

Short-term
Feature

Long-term
Feature

𝑻𝒇

𝑻𝒍

𝑻𝒔

Max
Pooling

(a) A max pooling.

Frame-level
Feature

Short-term
Feature

Long-term
Feature

𝑻𝒇

𝑻𝒍

𝑻𝒔
FC

(b) A fully-conneted (FC) layer.

+

Frame-level
Feature

Short-term
Feature

Long-term
Feature

𝑻𝒇

𝑻𝒍

𝑻𝒔

+

•
FC

FC
+

Sigmoid Sum

(c) An attention subnet.

Fig. 5. Three designs of local relation modeling in each frame.

we firstly apply information flowing among temporal fea-
tures from top to bottom:

T̃f = Tf

T̃s = Tf + Ts

T̃l = Tf + Ts + Tl.

(4)

Then, we learn temporal importance weight for each scale
by considering the contextual information of the three tem-
poral scales, which is implemented with two fully connected
layers and a Sigmoid function:

W b,n
l = Sigmoid(FC(FC(T̃ b,n

f c©T̃ b,n
s c©T̃ b,n

l ))), (5)

where W b,n
l ∈ R3×C×K denote the temporal importance

weights of the n-th frame in the b-th sample. W b,n
l incor-

porates importance weights of the three temporal scales,
which is denoted as W b,n

l,1 , W b,n
l,2 and W b,n

l,3 respectively.
Afterwards, we obtain local attentive temporal features by a
soft-attention manner:

T b,n
Al

= T̃ b,n
f �W b,n

l,1 + T̃ b,n
s �W b,n

l,2 + T̃ b,n
l �W b,n

l,3 . (6)

Subsequently, the local aggregated feature TAl
is utilized as

input to the global relation modeling module.

3.3.2 Global Relation Modeling
To achieve global interactions, we use transformer to con-
struct multi-scale relation modeling across the whole se-
quence. As discussed in [14], [35], [37], position encoding
(PE) plays an important role to achieve permutation-variant
modeling in transformers. Considering the various lengths
of gait sequences, we adopt conditional position encoding
[43] to extract PE, which can fit the sequence length adap-
tively. As shown in Figure. 6, PE is obtained by applying
1D depth-wise convolutions with kernel size of 3 on TAl

,
which produces feature Ttran ∈ RB×K×N×C . Following
MHA in [14], we conduct three feature transformations with
three learnable matrix weights Wq , Wk and Wv , which are
formulated as:

Tq = TtranWq, Tk = TtranWk, Tv = TtranWv, (7)
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𝑻𝒒 𝑻𝒌 𝑻𝒗

Linear Linear Linear

DW Conv
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𝑨𝑻
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𝑻𝑨𝒈

Add & Norm
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Add & Norm

𝑻𝒂

Fig. 6. The detailed structure of global relation modeling of multi-scale
features using the transformer architecture. Particularly, the depth-wise
(DW) conv is used to learn the position encoding conditioned on the
input features dynamically.

where Wq , Wk and Wv are all with the dimension of Nhead×
C×C/Nhead, and Nhead denotes the number of heads. Then,
the attention matrix is obtained by multiplying Tq with Tk

followed by a Softmax normalization:

AT = Softmax(TqTk/
√
C), (8)

where AT ∈ RB×Nhead×K×N×N and
√
C is used to nor-

malize the dot-product scores. Afterwards, we utilize the
attention matrix AT to generate attentive feature Ta with a
shortcut and a normalization layer:

Ta = Norm(ATTv + Ttrans), (9)

where Ta ∈ RB×K×N×C . Subsequently, we use a feed-
forward network (FFN) [14] and a normalization layer to
obtain the globally fused multi-scale feature TAg

:

TAg
= Norm(FFN(Ta) + Ta)), (10)

where TAg
∈ RB×K×N×C . Finally, a max pooling along

temporal dimension is applied on TAg
to obtain sequence-

level temporal representation FT ∈ RB×K×C .

3.4 Salient Spatial Feature Learning
In this section, we aim to extract salient spatial parts to
mitigate the damage in appearance features.

3.4.1 Discussion
Intuitively, in order to remedy the corrupted spatial features,
we should select an individual frame as the methods in
[44], [45], which is illustrated in Figure. 7(a). However,
due to the various camera viewpoints, motion occlusions

(a) Select a discriminative frame across the sequence.

(b) Select the salient parts individually across the sequnece.

Fig. 7. Illustration of two ways to select salient spatial features. Com-
pared with selecting a frame, selecting the salient parts is conducted
in a more fine-grained level, thus could obtain more high-quality local
features.

and imperfect segmentations, a single frame is probably
incapable of expressing appearance features for all body
parts clearly. Actually, the high quality body parts appear
and disappear from frame to frame. Therefore, by utilizing
such inherent motion characteristics, we select salient body
parts across the whole sequence. As shown in Figure. 7(b),
we obtain local discriminative features in different frames
instead of directly selecting one frame.

Since the transformer is able to correlate global informa-
tion based on the attention matrix adaptively, the weights in
the attention matrix could reveal feature importance in some
extent. Naturally, a body part contains richer information
has a stronger weight than a body part with less information
does. Therefore, we consider using the attention matrix
as a metric to select salient spatial parts. Besides, due to
the diversities in multiple heads [14], attention matrices
in different heads may focus on informative features from
various aspects, which enhances the spatial mining capacity.

3.4.2 Operation

Considering temporal clues provide contextual information
for evaluating the discrimination of each frame, we firstly
utilize a FC to fuse the multi-scale features. Then, we con-
struct the attention matrix As ∈ RB×Nhead×K×N×N as in
Equation. 7 and Equation. 8, but remove the scale operation
and Softmax function. Next, we squeeze the attention matrix
along the column dimension, which is formulated as:

Ãb,:,:,:
s =

N∑
n=1

Ab,:,:,:,n
s , (11)

where Ãb,:,:,:
s ∈ RNhead×K×N denotes the part scores of K

parts from Nhead heads in the b-th sample. The values of
part scores represent feature importance, thus higher scores
indicate clearer spatial representation. In order to supervise
the correctness of part scores, we enforce a cross-entropy
loss on the weighted summation of Tf and Ãs. Here, the
weighted feature Fw is obtained by:

F b
w =

N∑
n=1

T b,n
f � Ãb,:,:,n

s , (12)

where F b
w ∈ RNhead×K×C of the b-th sample. Then, a FC

layer is utilized to transform Fw into classification logics
Pw ∈ RB×Nhead×K×Ct , where Ct denotes the number of
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training subjects. Afterwards, the cross-entropy loss is ap-
plied on Pw to produce Lce:

Lce = −
B∑

b=1

Nhead∑
h=1

Ct∑
c=1

yb,c log(SoftMax(P b,h
w ))c, (13)

where yb,c indicates the identity information of the b-th
sample, which equals 0 or 1. Next, we obtain part indexes
of the highest scores along temporal dimension:

xb,h,k = argmax
n

Ãb,h,k,n
s , (14)

where xh,b,k denotes the temporal index of the selected k-
th part in the h-th head of the b-th sample. By using the
index {xb,h,k|k = 1, 2, ...,K} in a hard-attention manner, we
obtain the recombinant frame feature Fr in the h-th head of
the b-th sample:

F b,h
r = T b,xb,h,1

f c©T b,xb,h,2

f · · · c©T b,xb,h,k

f , (15)

where c© denotes concatenation along part dimension. In
the end, we fuse the recombinant features Fr with the
weighted features Fw in different heads by:

F b
S = (

Nhead∑
h=1

F b,h
r ) c©(

Nhead∑
h=1

F b,h
w ), (16)

where F b
S ∈ RK×C denotes the obtained salient spatial

features of the b-th sample, and c© denotes channel concate-
nation. FS offers supplementary spatial clues for temporal
aggregated features FT . Triplet loss [46] is employed on the
combination of FS and FT as metric learning loss function.
The overall loss function is presented as following:

L = Lce + Ltri (17)

4 EXPERIMENTS

4.1 Datasets and Evaluation Metrics
We conduct experiments on three standard datasets, i.e.,
CASIA-B [15], OU-MVLP [16] and GREW [17], to verify the
superiority of our method. Further ablation experiments are
conducted on CASIA-B to demonstrate the positive impact
of each component in our method. Particularly, the source
code will be released at https://github.com/OliverHxh/
CSTL.
CASIA-B. CASIA-B [15] is composed of 124 subjects, and
each subject contains 110 sequences with 11 different cam-
era views. Under each camera view, each subject contains
three walking conditions, i.e., normal (NM) (6 sequences),
walking with bag (BG) (2 sequences) and walking with coat
(CL) (2 sequences). For the training and testing stages, we
follow the protocols in [30]. The samples from the first 74
subjects are considered as train set, and the remaining 50
subjects are considered as test set. At testing phase, the first
4 sequences in NM condition of each subject are regarded as
gallery set and the remaining 6 sequences of each subject are
used as probe set, including 2 sequences of NM, 2 sequences
of BG and 2 sequences of CL.
OU-MVLP. OU-MVLP [16] is composed of 10307 subjects.
Each subject contains 28 sequences with 14 camera views,
thus each subject contains 2 sequences (index ’01’ and ’02’)
for each view. The first 5153 subjects are used for training,

while the remaining 5154 subjects are for testing. In partic-
ular, the sequences with index ’01’ are regarded as gallery
and the sequences with index ’02’ are regarded as probe set
at testing phase.
GREW. GREW [16] captures gait videos under uncontrolled
conditions, which is composed of 26345 subjects and, 128671
sequences in total. In particular, 882 cameras are involved
to record the videos, where the corresponding views are
not predefined like CASIA-B or OU-MVLP. Concretely, the
training set includes 102887 sequences of 20000 subjects, the
validation set includes 1784 sequences of 345 subjects and
the testing set includes 24000 sequences of 6000 subjects.

4.2 Implementation Details
4.2.1 Hyper-parameters
(1) Follow the settings in [13], [18], we set the value of
B (number of training samples in one iteration) as 64,
256 and 256 on CASIA-B [15], OU-MVLP [16] and GREW
[17] datasets respectively. (2) The value of N (input frame
number) and K (part division number) are set as 30 and 32.
(3) The number of output channels for FC shown in Figure.
3 is set to 256, 512 and 512 for CASIA-B [15], OU-MVLP [16]
and GREW [17] datasets respectively. (4) All MLPs follow:
FC(c, c/16)->ReLU()->FC(c/16, c). The two FCs in ATA are
FC(c, c/16) and FC(c/16, c).

4.2.2 Training Details
(1) Each frame is aligned as [16] does, and we resize each
frame to the size of 64 × 44 or 128 × 88. For each input
sequence, we follow the frame sampling strategy as [8] does.
(2) We apply separate Batch All (BA+) triplet loss to train
our network. The batch size for training is noted as (p, k),
where p denotes the number of sampled subjects and k
denotes the number of sampled sequences for each subject.
Particularly, (p, k) is set to (8, 8) on CASIA-B and (32, 8)
on OU-MVLP and GREW. (3) The backbone architecture on
CASIA-B is given in Table. 1. Since the data amount of OU-
MVLP and GREW is much larger than that of CASIA-B, the
numbers of output channels of each layer in Table. 1 are set
to 64, 128, 256, 256 on OU-MVLP and GREW datasets, which
follows the design in GaitSet [25]. (4) Totally, we train 120k
iterations on CASIA-B and 250k iterations on OU-MVLP
and GREW. Morever, our model is optimized by Adam, and
the learning rate is started to set as 1e-4 and reduced to 1e-5
at 150k iterations on OU-MVLP and GREW. We implement
our models on Pytorch [47] platform and use four NVIDIA
GeForce GTX 3090 GPUs to perform our experiments.

4.3 Comparison with the State-of-the-art Methods
CASIA-B. Table. 2 shows the comparison results between
the proposed CSTL and current state-of-the-art methods
in averaged rank-1 accuracies on CASIA-B dataset. Three
walking conditions (NM, BG, CL) and 11 different camera
views (0◦ − 180◦) are considered into performance eval-
uation. Three notable conclusions are summarized as: (1)
CSTL outperforms all other methods in mean accuracy
comparisons under all cases, which demonstrates the ro-
bustness and advantages. (2) It is natural that recognition
performances would oscillate under different camera view-
points. However, compared with other SOTA approaches,

https://github.com/OliverHxh/CSTL
https://github.com/OliverHxh/CSTL


IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. XX, NO. XX, XX 2022 8

TABLE 2
Averaged rank-1 accuracies (%) on CASIA-B, excluding identical-view cases. Std denotes the performance sample standard deviation across 11

views.

Gallery NM Resolution 0− 180◦ Mean StdProbe − 0◦ 18◦ 36◦ 54◦ 72◦ 90◦ 108◦ 126◦ 144◦ 162◦ 180◦

NM

GaitSet [25] 64× 44 91.1 99.0 99.9 97.8 95.1 94.5 96.1 98.3 99.2 98.1 88.0 96.1 3.5
GaitPart [8] 64× 44 94.1 98.6 99.3 98.5 94.0 92.3 95.9 98.4 99.2 97.8 90.4 96.2 3.1
MT3D [12] 64× 44 95.7 98.2 99.0 97.5 95.1 93.9 96.1 98.6 99.2 98.2 92.0 96.7 2.3
GaitGL [13] 64× 44 96.0 98.3 99.0 97.9 96.9 95.4 97.0 98.9 99.3 98.8 94.0 97.4 1.7
3DLocal [33] 64× 44 96.0 99.0 99.5 98.9 97.1 94.2 96.3 99.0 98.8 98.5 95.2 97.5 1.8
CSTL (Ours) 64× 44 97.7 99.3 99.4 99.1 97.3 96.1 98.5 99.7 99.7 99.2 96.9 98.5 1.2

GLN [26] 128× 88 93.2 99.3 99.5 98.7 96.1 95.6 97.2 98.1 99.3 98.6 90.1 96.9 3.0
3DLocal [33] 128× 88 97.8 99.4 99.7 99.3 97.5 96.0 98.3 99.1 99.9 99.2 94.6 98.3 1.7
CSTL (Ours) 128× 88 97.6 99.4 99.3 98.9 97.9 97.9 98.9 99.8 99.9 99.6 96.7 98.7 1.0

BG

GaitSet [25] 64× 44 86.7 94.2 95.7 93.4 88.9 85.5 89.0 91.7 94.5 95.9 83.3 90.8 4.4
GaitPart [8] 64× 44 89.1 94.8 96.7 95.1 88.3 84.9 89.0 93.5 96.1 93.8 85.8 91.5 4.2
MT3D [12] 64× 44 91.0 95.4 97.5 94.2 92.3 86.9 91.2 95.6 97.3 96.4 86.6 93.0 3.9
GaitGL [13] 64× 44 92.6 96.6 96.8 95.5 93.5 89.3 92.2 96.5 98.2 96.9 91.5 94.5 2.8
3DLocal [33] 64× 44 92.9 95.9 97.8 96.2 93.0 87.8 92.7 96.3 97.9 98.0 88.5 94.3 3.5
CSTL (Ours) 64× 44 94.6 97.5 97.0 95.7 92.0 90.2 91.9 96.2 97.9 97.2 92.5 94.8 2.7

GLN [26] 128× 88 91.1 97.7 97.8 95.2 92.5 91.2 92.4 96.0 97.5 95.0 88.1 94.0 3.2
3DLocal [33] 128× 88 94.7 98.7 98.8 97.5 93.3 91.7 92.8 96.5 98.1 97.3 90.7 95.5 2.9
CSTL (Ours) 128× 88 95.9 97.1 97.8 97.2 95.1 93.0 96.1 97.5 98.0 97.4 93.8 96.2 1.7

CL

GaitSet [25] 64× 44 59.5 75.0 78.3 74.6 71.4 71.3 70.8 74.1 74.6 69.4 54.1 70.3 7.2
GaitPart [8] 64× 44 70.7 85.5 86.9 83.3 77.1 72.5 76.9 82.2 83.8 80.2 66.5 78.7 6.6
MT3D [12] 64× 44 76.0 87.6 89.8 85.0 81.2 75.7 81.0 84.5 85.4 82.2 68.1 81.5 6.2
GaitGL [13] 64× 44 76.6 90.0 90.3 87.1 84.5 79.0 84.1 87.0 87.3 84.4 69.5 83.6 6.3
3DLocal [33] 64× 44 78.2 90.2 92.0 87.1 83.0 76.8 83.1 86.6 86.8 84.1 70.9 83.7 6.2
CSTL (Ours) 64× 44 78.5 90.5 91.6 86.9 84.4 80.8 83.3 87.5 88.0 85.0 73.0 84.5 5.5

GLN [26] 128× 88 70.6 82.4 85.2 82.7 79.2 76.4 76.2 78.9 77.9 78.7 64.3 77.5 5.8
3DLocal [33] 128× 88 78.5 88.9 91.0 89.2 83.7 80.5 83.2 84.3 87.9 87.1 74.7 84.5 5.0
CSTL (Ours) 128× 88 84.2 92.6 93.4 89.9 87.1 85.2 87.4 90.6 92.3 90.8 82.2 88.7 3.7

TABLE 3
Averaged rank-1 accuracies (%) on OU-MVLP, excluding identical-view cases. Std denotes the performance sample standard deviation across 14

views. The results in the first 6 rows and the last 6 rows are conducted by keeping or removing invalid probe sequences that have no
corresponding targets in the gallery set.

Method Probe View Mean Std
0◦ 15◦ 30◦ 45◦ 60◦ 75◦ 90◦ 180◦ 195◦ 210◦ 225◦ 240◦ 255◦ 270◦

GaitSet [25] 81.3 88.6 90.2 90.7 88.6 89.1 88.3 83.1 87.7 89.4 89.7 87.8 88.3 86.9 87.9 2.6
GaitPart [8] 82.6 88.9 90.8 91.0 89.7 89.9 89.5 85.2 88.1 90.0 90.1 89.0 89.1 88.2 88.7 2.3
GLN [26] 83.8 90.0 91.0 91.2 90.3 90.0 89.4 85.3 89.1 90.5 90.6 89.6 89.3 88.5 89.2 2.1

GaitGL [13] 84.9 90.2 91.1 91.5 91.1 90.8 90.3 88.5 88.6 90.3 90.4 89.6 89.5 88.8 89.7 1.7
3DLocal [33] 86.1 91.2 92.6 92.9 92.2 91.3 91.1 86.9 90.8 92.2 92.3 91.3 91.1 90.2 90.9 2.0
CSTL (Ours) 88.5 91.5 91.7 92.0 91.8 91.4 91.2 90.3 90.9 91.1 91.2 90.8 90.7 90.4 91.0 0.9
GaitSet [25] 84.5 93.3 96.7 96.6 93.5 95.3 94.2 87.0 92.5 96.0 96.0 93.0 94.3 92.7 93.3 3.5
GaitPart [8] 88.0 94.7 97.7 97.6 95.5 96.6 96.2 90.6 94.2 97.2 97.1 95.1 96.0 95.0 95.1 2.7
GLN [26] 89.3 95.8 97.9 97.8 96.0 96.7 96.1 90.7 95.3 97.7 97.5 95.7 96.2 95.3 95.6 2.5

GaitGL [13] 90.5 96.1 98.0 98.1 97.0 97.6 97.1 94.2 94.9 97.4 97.4 95.7 96.5 95.7 96.2 2.0
3DLocal [33] - - - - - - - - - - - - - - 96.5 -
CSTL (Ours) 94.3 97.5 98.7 98.7 97.7 98.3 98.1 96.1 97.3 98.3 98.3 97.1 97.8 97.4 97.5 1.2

CSTL achieves the lowest performance standard deviation
across 11 views under all walking conditions, which proves
the robustness against viewpoint variations. (3) CSTL also
shows robustness to resolution variations of gait sequences.
Under different resolution settings of three walking condi-
tions, CSTL all achieves the best mean recognition accura-
cies over current methods, which reveals that CSTL could
adapt to different resolutions flexibly. Based on that, we
use resolution setting of 64 × 44 in the rest of this paper
since it achieves better tradeoff between performance and
computation cost.

Further, we draw the performance curves of the 11 views
of CASIA-B in Figure. 8, which illustrates the accuracy
fluctuations under cross-view scenarios. We find that: (1) All
curves look like saddle-shape, which are roughly symmetric

about the 90◦ view. This phenomenon reveals that sequences
from symmetric views contain similar spatial-temporal in-
formation for recognition, which adheres to human intu-
itions. (2) Compared with the sequences from side view
(90◦) and front (0◦) or back view (180◦), sequences from
the squint views (36 ◦ or 144 ◦) achieve better performances,
which may be attributed to the squint views incorporating
rich visual clues from both side view and front or back view.
OU-MVLP. Table. 3 shows the comparison results between
the proposed CSTL and current state-of-the-art methods
in terms of averaged rank-1 accuracies on OU-MVLP. Our
CSTL outperforms the existing methods under mean ac-
curacy comparison, which proves the generalization ca-
pacity on a large-scale dataset. Particularly, though 3DLo-
cal achieves competitive performance with CSTL under
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Fig. 8. Multi-view performance comparison on CASIA-B using curve
chart, in terms of averaged rank-1 accuracy.

TABLE 4
Averaged rank-1, rank-5, rank-10 and rank-20 accuracies (%) on

GREW, excluding identical-view cases.

Method Rank-1 Rank-5 Rank-10 Rank-20
GEINet [48] 6.8 13.4 17.0 21.0
TS-CNN [30] 13.6 24.6 30.2 37.0
GaitSet [25] 46.3 63.6 70.3 76.8
GaitPart [8] 44.0 60.7 67.3 73.5

CSTL (Ours) 50.6 65.9 71.9 76.9

the setting of keeping invalid sequences, CSTL achieves
much lower performance standard deviation than 3DLocal
(0.9% with 2.0%), which demonstrates the stronger stability
against viewpoints. Taking the performances under 0◦ and
180◦ as examples, CSTL marginally outperforms 3DLocal by
2.4% and 3.4% respectively. This phenomenon explains that
CSTL has fewer preferences on certain camera viewpoints
compared with current methods. Besides, by removing the
invalid probe sequences, CSTL achieves much better accu-
racy compared with other methods.
GREW. Table. 4 shows the comparison results between
the proposed CSTL and current state-of-the-art methods.
CSTL achieves the best performances under all comparison
settings, which proves the gait modeling capacity of CSTL
under complex real-world scenarios.

4.4 Ablation Study
In order to evaluate the exact effectiveness of CSTL, abla-
tion experiments are conducted on CASIA-B to study the
proposed components.
Impact of Spatio-Temporal Modeling. The individual ef-
fects of spatial and temporal modeling are presented in
Table. 5. The baseline refers to the 4-layer CNN with a
feature division, while using a BA+ loss for supervision.
Several noteworthy observations can be summarized as: (1)
Compared to spatial modeling network, i.e. GaitSet [25],
our baseline achieves similar mean accuracy under three
conditions (85.4% and 85.7%), which proves the competitive
spatial learning capacity of them. However, with the uti-
lization of MSTE, our method achieves significant accuracy
improvement over GaitSet [25] (+3.9%), which indicates the
superiority of modeling multi-scale temporal context based
on spatial feature extraction. (2) Compared with the multi-
scale temporal modeling method, i.e., MT3D, our method

TABLE 5
Study of the effectiveness of modules in CSTL on CASIA-B in terms of
averaged rank-1 accuracy. For the sake of simplicity, we use MSTE to

denote multi-scale temporal extraction.

Model Rank-1 Accuracy
NM BG CL Mean

GaitSet [25] 96.1 90.8 70.3 85.7
MT3D [12] 96.7 93.0 81.5 90.4

Ours
Baseline 95.3 88.7 72.1 85.4

Baseline + MSTE 96.6 91.1 81.0 89.6
Baseline + MSTE + ATA 98.3 94.0 81.5 91.3
Baseline + MSTE + SSFL 97.7 93.0 83.8 91.5

CSTL 98.5 94.8 84.5 92.6

achieves higher performances when applying MSTE with
ATA (+0.9%) and MSTE with SSFL (+1.1%), which veri-
fies the effectiveness of adaptive temporal aggregation and
salient spatial mining based on multi-scale temporal clues.
(3) Applying both spatial and temporal modeling achieves
the best results, which verifies the complementary proper-
ties provided by SSFL and ATA modules.
Impact of Multi-Scale Features. We investigate the effects
of the temporal features in MSTE module and the results
are given in Table. 6. It can be noticed that: (1) When using
features in one single scale, using short-term features out-
performs using frame-level features or long-term features,
which illustrates that short-term features offer richer fine-
grained clues to model micro motion and could further help
discriminate different subjects. (2) The inter-frame model-
ings, i.e., short-term and long-term, improve recognition
performances based on frame-level feature learning, which
proves the effectiveness on jointly modeling inter-frame and
intra-frame features. Thus, using features in all three levels
achieves the best performances. (3) Short-term and long-
term features provide improvements for each other, which
explains that the two type of features focus on temporal
clues in complementary levels.

TABLE 6
Study of the effectiveness of multi-scale temporal features on CASIA-B

in terms of averaged rank-1 accuracy.

Multi-scale Features Rank-1 Accuracy
Frame- Short- Long- NM BG CL Meanlevel term term

X 98.3 93.9 79.5 90.6
X 98.1 94.0 84.0 92.0

X 96.2 91.0 73.4 86.9
X X 98.2 94.3 83.8 92.1
X X 98.2 93.7 80.2 90.7

X X 98.4 94.2 84.4 92.3
X X X 98.5 94.8 84.5 92.6

Effectiveness of Local and Global Relation Modeling.
Table. 7 investigates the effectiveness of the proposed local
and global relation modeling strategies. We find that, using
an FC achieves the best performance over a max pooling op-
eration or an attention subnet, which proves its superiority
for fusing multi-scale features locally. Therefore, we take an
FC as local relation modeling in the final version. Further,
local-with-global joint modeling achieves the best perfor-
mance, which demonstrates the complementary properties
introduced by local and global relation modelings.
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TABLE 7
Study on the effectiveness of local and global relation modeling on

CASIA-B in terms of averaged rank-1 accuracy.

Local Relation
Global Relation

Rank-1 Accuracy
Max FC Attention NM BG CL MeanPooling
X 97.9 93.8 84.4 92.0

X 98.1 93.9 84.5 92.2
X 97.9 93.8 82.8 91.5

X 98.3 94.0 81.8 91.4
X X 98.5 94.8 84.5 92.6

Comparison of Spatial Selection Strategies In order to
investigate the effectiveness of our spatial learning module
for supplementing corrupted spatial features, we conduct
two more experiments for comparison: (1) We replace SSFL
with a random frame selection to demonstrate that not each
frame has good spatial features. (2) We set the number of
selected parts as 1 in SSFL. In this situation, SSFL turns to be
a frame-level feature selection instead of part-level feature
selection.

TABLE 8
Comparisons of spatial selection strategies on CASIA-B in terms of

averaged rank-1 accuracy.

Methods Rank-1 Accuracy
NM BG CL Mean

random frame 98.1 94.0 82.9 91.7
SSFL (frame-level) 98.5 94.5 83.7 92.2

SSFL 98.5 94.8 84.5 92.6

As shown in Table. 8, we notice that: SSFL outperforms
the other two strategies, which proves the spatial learning
capability of our method. On one hand, random frame
selection is probably incapable of obtaining high quality
spatial features due to the randomness. On the other hand,
although frame-level spatial selection achieves better per-
formance than random frame selection, it still limits the
diverse discriminative expression of local parts, especially
considering the occlusion of motion and change of camera
viewpoints. Compared to the above strategies, our SSFL
extracts spatial clues in a fine-grained manner and utilizes
the inherent motion characteristics to leverage rich visual
clues across the sequence.

TABLE 9
Study on the impacts of importance evaluation methods and number of
selected spatial parts in SSFL on CASIA-B in terms of rank-1 averaged

accuracy.

Method Selected Groups Rank-1 Accuracy
MLP 1 98.1 93.6 83.5 91.7

MHSA

1 98.3 93.7 83.6 91.9
2 98.3 93.8 83.5 91.8
4 98.5 94.8 84.5 92.6
8 98.5 94.2 83.6 92.1

Investigation on the impact factors of SSFL. Table 9 inves-
tigates the impact factors in SSFL on CASIA-B dataset. Es-
pecially, the first experiment is conducted by using a MLP to
produce the part scores of each frame locally, which can only
select a group of salient parts. We can notice that: (1) MHSA
outperforms MLP when selecting only one group of spatial
parts, which illustrates the superiority of constructing the

importance map globally. (2) When selecting more groups
of spatial parts by MHSA, the recognition performance
first improves continually, then drops. This phenomenon
explains that the number of high quality salient parts in each
sequence is limited, thus we may obtain low-quality parts
by selecting redundant groups, which hurts the recognition
performance. To achieve the best performance, we select 4
groups in our final version.
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Fig. 9. Study on the impact of different part division numbers and frame
numbers on CASIA-B [15] in terms of averaged rank-1 accuracy under
NM, BG and CL conditions.

Ablation Study on Part Division Numbers and Frame
Numbers. In order to investigate the effects of the part
division number K and frame number N , we conduct
ablation experiments with different number of K and N .
Particularly, 32 is the largest number for K , since the output
feature dimension is 32 × 22. And the maximum N is set
as the number of all frames in each sequence. As shown
in Figure. 9, we see that the accuracy improves continually
with the increasing of number of parts and number of
frames, which indicates that: (1) More fine-grained part
division provides richer clues for modeling spatial local
features, which further satisfies the diverse motion expres-
sion of different body parts. (2) More frames contain more
abundant information for constructing temporal contextual
communications, which enables the network to extract more
discriminative temporal clues and mine more salient spatial
parts.

Therefore, to achieve the best performance, we set the K
as 32, and use all frames during test stage.

4.5 Practical Scenarios
In this section, we consider two new experimental settings,
which are closer to real-world applications. (1) Because of
the possible insufficiency of training data, models may be
tested under unseen views in real life. (2) People may walk
in arbitrary directions anytime and anywhere, thus one
sequence may be composed of frames from different views.
Testing Under Unseen Views. As shown in Figure. 11,
we consider two possible scenarios for testing the view
generalization capacity of our method. Specially, scenario
A corresponds to the case that the train dataset covers the
view range in the test dataset, but does not include some
certain views. In contrast, scenario B refers to the case that
views in the train dataset and test dataset are in different
ranges. Intuitively, scenario B is harder than scenario A.
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Fig. 10. Illustration of spatial salient feature learning. We select four groups of salient local parts. The red boxes indicate selected parts.
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Fig. 11. Illustration of testing models under unseen views.

As reported in Table. 10, the accuracy decreases under
unseen views as expected. However, compared with the
baseline, our method achieves stronger robustness against
unseen scenarios, whose performances degrade 2.5% under
scenario A (but 3.5% of the baseline) and 8.1% under sce-
nario B (but 9.1% of the baseline). These results demonstrate
the spatial-temporal modeling and view generalization ca-
pacities of the proposed modules.

TABLE 10
Performance comparison under unseen views on CASIA-B in terms of

averaged rank-1 accuracy under all walking conditions, excluding
identical-view cases. Particularly, the default setting denotes that test

views are in accordance with train views.

Method Scenario A Scenario B Default
Setting

Baseline 81.9 76.3 85.4
Ours 90.1 84.5 92.6

Frames from Different Views. As shown in Table. 11, we
conduct 5 more experiments that combine frames from dif-
ferent views into one sequence. Particularly, each sequence
is composed of frames from a pair of views, which are
defined by the view difference. Taking the view difference
of 18◦ as an example, the corresponding pairs are: 0◦ &
18◦, 18◦ & 36◦, 36◦ & 54◦, 54◦ & 72◦, 72◦ & 90◦, 90◦ &
108◦, 108◦ & 126◦, 126◦ & 144◦, 144◦ & 162◦, 162◦ & 180◦.
And for eliminating the effects of sequence length as far
as possible, we only sample half of each sequence from
each view. Particularly, the sequences in the probe set are
composed of frames from different views, and the sequences
in the gallery set are composed of frames in the same view.

As given Table. 11, our method marginally outperforms

TABLE 11
Performance comparison using frames from different views on

CASIA-B in terms of averaged rank-1 accuracy under all walking
conditions, excluding identical-view cases.

View Difference 18◦ 36◦ 54◦ 72◦ 90◦ Single View
Baseline 88.1 89.6 89.8 90.2 90.2 85.4

Ours 93.0 94.6 95.3 95.7 95.9 92.6

the baseline with all view pairs, which further proves the
effectiveness of our method under novel scenarios. Interest-
ingly, we find that: (1) Using frames from different views
achieves higher performances than using frames from one
single view, which reveals that richer clues could be ob-
tained in different views. (2) Using frames from larger view
differences could consistently achieve higher performances,
which reflects that more complementary information is pro-
vided in larger view-difference pairs.

Consequently, we argue that combine frames from dif-
ferent views could facilitate gait recognition in real-world
scenarios effectively.

4.6 Visualization

Salient Spatial Part Selection. In order to better understand
the positive effects of SSFL, we give an example in Figure.
10, where we set the number of selected parts as 8 for better
visualization. We can notice that: (1) Directly perceived
through the senses, SSFL tends to select parts with clear
representation and complete appearance features, which are
not affected by body overlaps and clothing occlusions, e.g.,
from frame 8 to frame 14 and from frame 23 to frame 25. In
contrast, frames with body overlaps are less selected, e.g.,
from frame 3 to frame 7 and from frame 19 to frame 21.
(2) For different groups, the selected local parts are various,
which demonstrates the diverse focus in multiple heads of
MHSA.

In this way, we can obtain high quality spatial features,
which both remedies the negative influences caused by
temporal operations and enhances the robustness of our
network against occlusion variations.
Attention Visualization. Figure. 12 illustrates the attention
maps from the last layer in the backbone of the baseline and
our method. Intuitively, the baseline network mainly pays
attention on the most discriminative parts of the human
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Fig. 12. Illustration of attention heatmaps from the last layer in the backbone. The color bar on the right indicates the attention distribution for
different colors. Best viewed in color.

body, i.e., the head and the legs, whose focus is concentrated
on certain regions. In contrast, the focus of our method is
relatively scattered, which not only notices the parts that
the baseline focus on, e.g., the legs, but also attends on
the torso of the body that contains supplementary clues to
recognize subjects. Therefore, compared with the baseline,
our method could extract richer identity-related information
thus achieves higher performance.
Feature Distribution. We choose ten identities from CASIA-
B test dataset to visualize feature distributions by t-SNE
[49]. Comparing the feature distributions of baseline and
our method, we notice that, in Figure. 13(a), the feature dis-
tributions of different subjects are closer to each other thus
identities are harder to distinguish. Differently, in Figure.
13(b), the feature distributions of different subjects are more
scattered to each other thus identities are more distinguish-
able, which proves the discriminant feature learning ability
of our method.

(a) Baseline (b) Ours

Fig. 13. tSNE visualization examples of the baseline and our proposed
model on CASIA-B test dataset. Different numbers with different colors
indicate different identities. Best viewed with zooming in.

5 CONCLUSION

In this paper, we propose a context-sensitive temporal fea-
ture learning (CSTL) network for gait recognition. CSTL
extracts temporal features with multiple scales and captures
salient spatial clues for achieving strong spatio-temporal
modeling ability. Specifically, diverse temporal features in
three scales are introduced in CSTL, and local-to-global
temporal relations are considered based on these temporal
information for adaptive temporal aggregation. Besides,
discriminative spatial parts are selected across the sequence

to remedy the spatial feature corruption. Extensive experi-
ments on three public datasets verify the superiority and the
real-world application potentials of our method. In addition,
we argue that the insights of learning spatial and temporal
features in a supplementary manner could be also applied in
other human action-related tasks, e.g., video-based person
re-identification. We leave this for future work.
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