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Abstract—Gait recognition, as a long-range, non-invasive hu-
man identification technology, has garnered increasing attention
because of its convenience and effectiveness. Compared to meth-
ods that achieve significant results in laboratory settings, gait
recognition methods in outdoor scenarios face a more urgent need
for robust morphological feature extraction and effective model-
ing of long-range gait sequences. To capture more discriminative
gait features from outdoor data, this paper proposes OmniGait,
a method based on reparameterized large kernel convolution.
Specifically, this method innovatively proposes a spatio-temporal
large kernel convolutional module(ST-LK), which incorporate
two decoupled branches: spatial and temporal. The spatial
branch leverages the large effective receptive field(ERF) of
2D large kernel convolution to capture more discriminative
pedestrian morphological features from sparse contour data. The
temporal branch employs efficient 1D convolution to model long
gait sequences, enabling the model to acquire near-global tempo-
ral receptive fields. This allows it to directly capture long-term
motion patterns spanning dozens of frames. Additionally, this
paper proposes a dynamic gating mechanism(DGM) that enables
the spatio-temporal large kernel convolutional module(ST-LK)
to adaptively adjust the weights of convolutional branches of
different sizes based on the input data. This approach enhances
the robustness of the gait features extracted by the model.
Extensive experiments demonstrate that our proposed method
achieves outstanding results on both the popular outdoor gait
datasets Gait3D and GREW. The source code will be available.

Index Terms—Gait Recognition, Effective Receptive Field,
Spatio-Temporal Large Kernel Convolutional Module, Dynamic
Gating Mechanism

I. INTRODUCTION

Gait recognition, as an emerging biometric technology,
aims to authenticate individuals by extracting unique biome-
chanical characteristics embedded in their walking patterns
through deep learning networks [1]-[3]. Currently, many
appearance-based gait recognition methods [4]-[7] have
achieved remarkable results on controlled laboratory environ-
ment datasets [8], [9]. However, when transferring to outdoor
real-world datasets [10], [11], the performance of existing
methods often experiences a steep decline. The root cause
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Fig. 1. Visualization of the model’s ERF

of this performance gap lies in the complex environmental
noise present in the real world, which makes it difficult for
models to decouple effective identity features from disturbed
data. To address the impact of real-world environmental noise
on gait data, this paper examines the issue from both spatial
and temporal perspectives.

For spatial dimensions, large kernel convolution have been
shown to exhibit stronger shape bias [12], [13]. As shown
in Figure 1, compared to small-sized convolutional neural
networks, large spatial kernels can more effectively cover
the information-dense pedestrian contour regions within gait
contour maps through their extensive spatial receptive fields.
This enables the capture of more discriminative morphological
structures of pedestrians, thereby mitigating noise interference
from occlusions [14], background variations, and arbitrary
viewing angles. For temporal dimensions, the random walking
speeds of pedestrians in real-world scenarios and fragmented
gait sequences are constrained by the limited temporal re-
ceptive fields of traditional small-sized 3D CNNs, making it
difficult to capture complete gait cycles. The key to solving
this problem lies in introducing the concept of large kernel
convolution in the temporal dimension. This approach enables
the direct establishment of a global temporal receptive field
that spans nearly the entire gait cycle at minimal computational
cost, thereby effectively modeling movement patterns in long



sequences.

Based on the insights into spatio-temporal dimensions, this
paper proposes OmniGait, an efficient gait recognition network
based on reparameterized spatio-temporal large kernel convo-
lutional module. The core of the method lies in the innovative
construction of a spatio-temporal large kernel convolutional
module(ST-LK). This module draws inspiration from the
decoupling concept of pseudo-3D convolution [1], [2]. We
orthogonally decouple computationally expensive 3D large
kernel convolution across spatial and temporal dimensions:
the spatial large kernel branch focuses on capturing robust
morphological features of pedestrians from each frame using
an enormous spatial receptive field; while the temporal kernel
branch concentrates on constructing an ultra-long temporal ef-
fective receptive field across the sequence dimension to capture
the pedestrian’s movement rhythms and periodic patterns from
a global perspective. Finally, through an efficient feature fusion
module, complementary features of appearance and motion
are organically integrated to generate a highly discriminative
representation of pedestrian identity.

Additionally, to further enhance the model’s robustness in
uncontrolled random environments, we designed a dynamic
gating mechanism(DGM) for the ST-LK. In outdoor settings,
pedestrian silhouettes undergo significant changes, and the
length of effective gait sequences exhibits high uncertainty.
Convolutional kernels with fixed weights struggle to adapt
to these diverse distributions simultaneously. Therefore, we
believe that mechanisms enabling models to adaptively adjust
based on input data are essential. This DGM can perceive
the scale and temporal characteristics of input data, adaptively
adjusting the activation weights of convolutional branches
with different sizes within the large kernel convolutional
module. This enables OmniGait to dynamically focus on the
most effective feature scale when encountering pedestrians of
diverse shapes or gait sequences of varying lengths, thereby
achieving robust feature extraction. The main contributions of
this paper are as follows:

o This paper innovatively proposes a spatio-temporal
large kernel convolutional module. It employs a spatio-
temporal decoupling strategy to simultaneously extract
robust pedestrian morphological features and capture
complete pedestrian motion patterns, thereby obtaining
richer representations of pedestrian identity.

o This paper proposes a novel dynamic gating mechanism
that enables the model to adaptively adjust the weights of
convolutional branches based on data, thereby extracting
more robust features.

o This paper constructs the efficient gait recognition net-
work OmniGait based on a reparameterized spatio-
temporal large kernel convolutional module, enhancing
the model’s feature extraction capabilities in outdoor
environments from a spatio-temporal perspective.

o We conducted extensive experiments on large-scale out-
door datasets Gait3D and GREW, thoroughly validating
OmniGait’s effectiveness and superiority in real-world
outdoor environments.

II. RELATED WORK

A. Appearance-Based Gait Recognition

Appearance-based gait recognition primarily falls into two
categories: set-based methods and sequence-based methods.
Set-based methods such as GaitSet [4] and GaitSSB [15]
treat gait as an unordered set for feature aggregation. While
robust to viewpoint changes, they overlook critical temporal
patterns. Sequence-based methods explicitly model spatio-
temporal dependencies: GaitPart [5] focuses on local micro-
motion features, while GaitGL [6] and MTSGait [10] enhance
spatio-temporal information capture through improved convo-
lutional modules. DyGait [16] further decouples dynamic and
static features. Recently, DeepGaitV2 [17] has validated the
effectiveness of deep neural networks in outdoor scenarios.
However, the aforementioned methods largely rely on stacking
small-sized convolutional kernels (such as 3x3). When pro-
cessing sparse and low-quality outdoor binary contours, they
are constrained by their small effective receptive fields, making
it difficult to extract robust morphological features. Moreover,
capturing long-range temporal dependencies is equally chal-
lenging in outdoor settings where gait sequences vary in length
and lack alignment. Traditional 3D CNNs are constrained
by their local receptive fields, making it difficult to cover
the entire gait cycle. Unlike the aforementioned methods, the
OmniGait approach proposed in this paper achieves modeling
of spatial morphology and temporal long-range dependencies
through decoupled ST-LK, while maintaining computational
efficiency.

B. Large Kernel Convolutional Neural Networks

To bridge the gap between Convolutional Neural Networks
and Vision Transformers [18] in visual tasks, ConNeXt [19]
introduces 7x7 convolutional kernels to grant the model a
larger effective receptive field, thereby achieving significant
performance improvements. Subsequently, RepLKNet [20]
employs structural reparameterization to expand the convo-
lutional kernel size to 31x31, yielding a denser and broader
effective receptive field that enables the model to better
capture shape features across spatial dimensions. In subsequent
research, SLak [21] combined two rectangular convolutional
kernels into a larger kernel based on convolutional decomposi-
tion, while UniRepLKNet [22] enhanced its ability to capture
sparse spatial patterns through dilation reparameterization. Ad-
ditionally, PeLK [23] proposes a parameter-efficient peripheral
convolution mechanism that achieves efficient computation for
an ultra-large 101x101 kernel through dynamic focusing and
fuzzy region segmentation. However, how to effectively extend
the advantages of large kernel convolution from the spatial
dimension to the temporal dimension, leveraging their long-
range modeling capabilities to address long-sequence depen-
dencies in uncontrolled scenarios, remains an area demanding
urgent exploration.
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Fig. 2. The framework of OmniGait

III. METHOD
A. Overview

As shown in Figure 2, the overall architecture of Omni-
Gait follows a hierarchical feature extraction approach and a
design philosophy that progresses from coarse to fine. The
input contour sequence first undergoes feature densification
processing on the sparse binary silhouette map through an
initial 2D convolutional layer. The resulting feature matrix then
undergoes a primary feature encoding stage to obtain a primary
feature representation. During the high-level feature encoding
stage, ST-LK are employed to obtain advanced spatio-temporal
representations that balance both global and local information.
Subsequently, feature aggregation is performed using temporal
pooling and horizontal pyramid pooling. Finally, we conduct
end-to-end optimization training using a joint loss function
composed of triplet loss and cross-entropy loss, with the
specific formula expressed as follows:

Ltotal = aLtri + BLce (1)

Where, o and (3 serve as hyperparameters representing the
respective weights of the two loss functions, thereby balancing
the overall loss.

B. Primary Feature Encoder

This paper proposes a primary feature encoder as a pre-
processing module that preliminarily extracts local spatio-
temporal cues while downsampling feature maps to an ap-
propriate scale. This enables subsequent high-level encoders
to focus more effectively on modeling global spatio-temporal
dependencies. The design employing a P3D convolutional
module to construct the primary encoder significantly reduces
the model’s parameter count and computational complexity
while preserving its ability to model spatio-temporal context.
Specifically, the input X € RNXOXTxHXW sequentially
passes through two 2D convolution and one 1D convolution
at this stage. The input features and the processed spatio-
temporal features are then added together via residual connec-
tions.The entire process is specifically represented as follows:

21 = ReLU (Conveg(xn)) (2)

xo = Convig(xy) (3)
x3 = Convag(ReLU (21 + 22)) 4)
Tout = ReLU (i, + x3)) (5)

C. Spatio-Temporal Large Kernel Convolutional Module

To enhance the spatio-temporal feature extraction capabil-
ity of gait recognition models in outdoor scenarios while
maintaining a balance between extraction efficiency and cubic
computational complexity, we propose a ST-LK as shown in
Figure 3 based on an orthogonal decoupling strategy, drawing
inspiration from P3D convolution. We decouple the expensive
K x K x K spatio-temporal operation into parallel 1 x K x K
spatial large kernel branches and K x 1 x 1 temporal large
kernel branches. This design forces the model to focus on
learning spatial patterns and modeling temporal rhythms in
separate branches. Not only does it eliminate mutual inter-
ference between spatio-temporal features, but it also achieves
feature extraction capabilities comparable to or even superior
than standard 3D large kernel convolution while maintaining
low computational complexity.

The ST-LK primarily consists of parallel spatio-temporal
large kernel branches, feature fusion units, and spatio-temporal
attention modules. First, to enhance interactions between fea-
ture channels while controlling computational cost, we map
feature maps to an intermediate dimension through batch
normalization and pointwise convolution. This process can be
expressed as:

Xproj = ReLU(BN(Conv(BN (X)) ©6)

Among these, X,,.,;represents the preprocessed features after
channel compression and nonlinear transformation, which will
be fed into subsequent parallel branches.The parallel spatio-
temporal core branch, as the core component of the ST-LK,
employs a dual-channel parallel architecture to orthogonally
decouple spatio-temporal features.

The spatial large kernel branch focuses on extracting robust
morphological features within a single frame image. We utilize
2D large kernel convolution that slide across the spatial dimen-
sion while remaining independent in the temporal dimension.
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Fig. 3. The method of spatio-temporal large kernel convolutional module(ST-LK)

The computational process can be formalized as a dynamic
weighted sum of outputs from multiple spatial convolution
kernels:

M .

F, = Z G (Xpre) © Convi) (Xpre) (7)

i=1
Where, F; denotes the spatial features of the output; M
represents the number of convolutional kernels within a
branch;C’onv;}) denotes the operation of the i-th convolu-
tional kernel, whose kernel size is strictly constrained to
1 x K; x K; to ensure that the receptive field is established
solely in the spatial dimension. g§”(~) is a dynamic gating
mechanism (see Section 3.4 for details) used to generate
spatial weight maps corresponding to the input content; ©
denotes the Hadamard product. Through this mechanism, the
model can adaptively focus on either the complete pedestrian
silhouette or localized edge details.

The temporal large kernel branch is dedicated to establish-
ing long-range dependencies across the temporal dimension.
Orthogonal to the spatial branch, we employ one-dimensional
large kernel convolution that slide along the temporal dimen-
sion while maintaining a 1 x 1 kernel in the spatial dimension.
This enables the model to directly capture motion patterns
spanning dozens of frames. Its mathematical expression is:

M
Fi=> G (Xpre) © Convi) (Xpre) (8)
j=1
Where, F; denotes the temporal feature of the output; Convi{}

represents a temporal convolution operation with kernel size
K; x 1 x 1. This design endows the model with a near-global
temporal receptive field, enabling it to effectively recover
complete gait cycle information from uncontrolled, fragmented
sequences while avoiding interference with spatial features.
To reintegrate the decoupled features, we designed an
efficient spatio-temporal interaction module. Unlike simple
element-wise addition, we first concatenate spatial and tem-
poral features along the channel dimension. Subsequently, we
employ 1x1 convolution to aggregate and compress Cross-
channel information, enabling the model to adaptively learn

optimal combination weights for shape and motion informa-
tion:
Ffused = Coanim([Fsa Ft]) (9)

Finally, to further enhance feature discriminative power,
we feed the fused features into a 3D Squeeze-and-Excitation
module. This module learns inter-channel dependencies by
compressing global spatio-temporal information, explicitly re-
calibrates channel weights, suppresses noise responses, and
enhances the expression of key gait features. The final output
is then added to the input features via residual connections:

Xout - Xin + Convout(SE(Ffused)) (10)

D. Dynamic Gating Mechanism

In real-world outdoor surveillance scenarios, to endow the
model with the ability to perceive input content and adaptively
adjust its receptive field, we embedded a lightweight DGM
within the ST-LK. As shown in Figure 4, this mechanism
aims to dynamically generate channel-level attention weights
for each convolutional branch based on the global contextual
information of input features, thereby achieving feature aggre-
gation tailored to individual characteristics.

Specifically, assume the input feature of the dynamic gate
controller is X € RYX*- (a 4D tensor in the spatial branch
and a 5D tensor in the temporal branch). The process of gen-
erating gating weights comprises the following steps: global
context modeling, gating weight generation, and dynamic
feature aggregation. First, to capture the global distribution

' |
' |
| « Les ) |
I a— E ~— / __

' cab = (215(2] ey o (HGTR |
| A lipl T T aaaw |

— | e | | B |
E o

' - - 5 o (TG |
' Lo |
| xeRrvex X € RV C @ € RNXC I
g e o e o o wee |

Fig. 4. The framework of Dynamic Gating Mechanism(DGM)



information of the input at minimal computational cost, we
employ Global Average Pooling (GAP) to compress features
from the spatial or temporal dimension into a global context
vector Z € RNXC thereby aggregating the global response
intensity of that channel. This aggregates the global response
intensity of the channel. For spatial input X, its calculation
formula is expressed as:

1 H W
zc:HXWZZXc,h,w

h=1w=1

Y

Subsequently, to capture nonlinear dependencies between
channels and generate multi-branch weights, we feed the con-
text vector z into a unit incorporating a bottleneck structure.
This unit consists of two 1x1 convolutional layers separated
by a ReLU activation function. The first convolutional layer
reduces the channel dimension from C to C/r, while the second
convolutional layer expands the dimension to MxC, where
M represents the number of parallel convolutional branches.
Finally, the output is normalized to the interval (0, 1) via the
sigmoid function to generate the final gated weight matrix W,
expressed as follows:

W:a(Wgé(le)) (12)

Here, ¢ denotes the ReL.U function, o denotes the Sigmoid
function, W; € R%*Cand W, € RM-O)%Trepresent the
weight parameters for the two convolutional layers, respec-
tively. The generated W is subsequently reshaped into an
N x M x C x 1 x ... matrix, representing the importance
coefficient «; . of the i-th branch on the c-th channel.

The convolutional outputs F; from each branch undergo
a channel-wise weighted sum based on the generated gated
weights, yielding the adaptively aggregated output feature
Fout-

M

Four =Y a; OF, (13)
i=1

Here, o; € RVXC corresponds to the weight vector of the i-th

branch, and ® denotes element-wise multiplication under the

broadcast mechanism.

This design enables the ST-LK to dynamically adjust the
contribution ratio between large and small kernels based on
the real-time characteristics of the input samples. This dynamic
aggregation strategy significantly enhances the model’s feature
robustness and generalization capability in uncontrolled out-
door environments.

IV. EXPERIMENTS
A. Datasets

The Gait3D dataset is a highly representative real-world gait
recognition dataset featuring multi-camera, multi-view, multi-
trajectory, and heavily occluded scenes. It comprises 4,000
subjects and 25,309 gait sequences. This dataset divides the
top 3,000 pedestrians into a training set and the remaining
1,000 into a test set based on identity, comprehensively cov-
ering factors such as common lighting variations, differences

in walking directions, and fluctuations in human scale found
in outdoor environments.

GREW is currently the largest and most complex outdoor
gait recognition dataset, collected across multiple regions
using 882 real surveillance cameras. It comprises 26,345
pedestrians and 128,671 sequences. The dataset is divided into
training, validation, and test sets. The training set contains
sequences from 20,000 pedestrians, the validation set contains
sequences from 345 pedestrians, and the test set contains
24,000 sequences from 6,000 pedestrians. The dataset en-
compasses multiple challenging factors including cross-camera
spatiotemporal shifts, random occlusions, long-range views,
and low-light conditions.

B. Implementation Details

This implementation uses gait contour sequences as model
input during both training and testing phases. Contours un-
dergo normalization preprocessing to adjust them to a 64x44
pixel size. For the datasets Gait3D and GREW used in the
experiment, the batch size was set to [32,4], indicating 32
objects, each with 4 sequences. During the training phase, we
employed a dynamic sampling approach for frame selection.
Specifically, for the Gait3D dataset, we randomly sampled
10-50 frames per sequence, while for the GREW dataset, we
randomly sampled 20-40 frames per sequence. During the
testing phase, all available frames are input into the model
for identity inference. To prevent excessive memory overhead,
each sequence is limited to 720 frames.

We employed the stochastic gradient descent (SGD) op-
timizer to optimize the model. We adjusted different decay
strategies to accommodate various datasets. On the Gait3D
dataset, we trained the model for 80k iterations with an initial
learning rate of 0.1, decaying the learning rate by 0.1 at (30K,
50K, 65K). On the GREW dataset, the model underwent 180K
iterations with an initial learning rate of 0.05. The learning
rate was decayed at (60K, 120K, 150K) with a decay rate
of 0.2. To accelerate model convergence and prevent getting
stuck in local optima, momentum is set to 0.9; the weight
decay coefficient is set to 5e-4 to avoid weight explosion. This
paper applies random spatial augmentation to the data: random
perspective probability. The random horizontal flipping prob-
ability and random rotation probability are both set to 0.2.

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

We conducted a comprehensive performance evaluation of
the proposed method on the Gait3D dataset. Table I presents
the detailed experimental results. Overall, our approach con-
sistently demonstrates superior performance among all state-
of-the-art methods evaluated. Notably, our model achieves a
12.4% higher Rank-1 accuracy than the current benchmark
model, OpenGait. Furthermore, compared to DeepGait, which
previously achieved the best results, our method outperforms it
by 2.6% and 4.6% in Rank-1 and mAP accuracy, respectively.
These compelling results significantly highlight the effective-
ness of our proposed approach.



TABLE I
COMPARISON WITH NUMEROUS STATE-OF-THE-ART METHODS ON GAIT3D AND GREW

. Gait3D GREW
Method Publication
Rank-1 Rank-5 mAP mINP Rank-1 Rank-5 Rank-10 Rank-20
GaitPart [5] CVPR 2020 28.2 47.6 21.6 124 44.0 60.7 67.3 73.5
GaitGL [6] ICCV 2021 29.7 48.5 22.3 13.3 473 63.6 69.3 74.2
GaitSet [4] TPAMI 2021 36.7 58.3 30.0 17.3 46.3 63.6 70.3 76.8
MTSGait [10] ACMMM 2022 48.7 67.1 37.6 21.9 55.3 71.3 76.9 81.6
TAG-GS [24] TIM 2025 54.9 73.7 459 28.6 - - - -
GaitGCI [25] CVPR 2023 57.2 74.5 45.0 27.6 68.5 80.8 84.9 -
HSTL [26] ICCV 2023 61.3 76.3 55.5 - 62.7 76.6 81.3 -
TriGait [27] TBIOM 2024 61.4 79.4 524 29.8 - - - -
GaitSSB [15] TPAMI 2023 63.6 - - - 61.7 - - -
GaitBase [28] CVPR 2023 64.6 79.8 53.4 314 60.1 75.5 80.4 84.1
DyGait [16] ICCV 2023 66.3 80.8 56.4 373 71.4 83.2 86.8 89.5
QAGait [29] AAAI 2024 67.0 81.5 56.5 - 59.1 74.0 79.2 83.1
CLTD [30] ECCV 2024 69.7 85.2 67.2 - 78.0 87.8 - -
DeepGaitV2 [17] ArXiv 2023 74.4 88.0 65.8 - 77.7 87.9 90.6 -
OmniGait Ours 77.0 89.5 70.4 52.3 81.5 89.7 92.3 94.2
TABLE II TABLE III
ABLATION STUDY ON KERNEL SIZES. S/T DENOTE SPATIAL/TEMPORAL. ABLATION STUDY OF DIFFERENT COMPONENTS IN THE PROPOSED
FRAMEWORK.
S-Large  S-Small T-Large T-Small Rank-1 AP
Kernel Kernel Kernel Kernel ank- m Model Variant S-LK TLK DGM Rank-1 mAP
3x3 - 3x1x1 _ 74.4 65.8 Baseline (Small Kernel) X X X 74.4 65.8
5% 5 33 5x1xl 3x1xl 755 66.8 Spatial Large Kernel Only v X X 75.8 67.5
Temporal Large Kernel Only X v X 76.3 69.2
3x3 3x1x1
X7 55 (XIx1 ool 76l 689 OmniGait (Ours) v v v 770 704
3 x3 Ix1x1
9I9x9 5% 5 Ix1x1 5% 1x1 77.0 70.4
Larger kernel convolution provide a broader receptive field,
13x13 2X3  wxix1 PXIXD 766 695 g P P

Performance on the GREW dataset further demonstrates the
effectiveness of our method. Compared to all methods listed
in Table III, OmniGait exhibits more convincing performance.
Specifically, OmniGait achieves a 21.4% higher Rank-1 accu-
racy than the baseline method OpenGait. Furthermore, it sur-
passes the current state-of-the-art method DeepGait by 3.8%
in Rank-1 accuracy. These results demonstrate that model-
ing more diverse and comprehensive spatiotemporal receptive
fields is highly effective for achieving robust gait recognition
when challenged with real-world datasets, further highlighting
our model’s superior fitting performance on outdoor gait data
sourced from the real world.

D. Ablation Experiment

To validate the effectiveness of each core design in Om-
niGait, we conducted extensive ablation experiments on the
Gait3D dataset, with all experiments employing the same
training configuration.

1) Optimal Structure for Large Kernel Convolution: To
investigate the impact of large kernel convolution sizes on
model performance across spatial and temporal dimensions.

but excessively large kernels may cause overfitting or feature
smoothing on low-resolution gait images (64x44). As shown
in Table II, increasing the size of the large kernel convolution
from 3x3 to 9x9 significantly improves the model’s Rank-
1 accuracy. This demonstrates that larger spatio-temporal
effective receptive fields are beneficial for capturing complete
pedestrian shapes and long-term motion patterns. However,
when the kernel size is further increased to 13x13, perfor-
mance shows slight saturation or even decline. This may
be attributed to the lower resolution of gait contour maps,
where excessively large kernel convolution tend to cause over-
smoothing of features. Therefore, we ultimately selected 9x9
as the optimal configuration.

2) Effectiveness of Spatio-Temporal Branch Parallel Struc-
tures: To investigate whether decoupled the ST-LK demon-
strate superiority over models that focus solely on either tem-
poral or spatial dimensions. We designed variant networks that
retain only the spatial main branch and only the temporal main
branch, respectively, and conducted comparative experiments
against the current decoupled parallel spatio-temporal main
branch convolutional network. As shown in Table III, feature
extraction based solely on global receptive field modeling in
a single spatial or temporal dimension cannot achieve optimal
performance. Our proposed parallel decoupling architecture



(OmniGait) achieves complementary integration of form and
motion by simultaneously leveraging two branches, deliver-
ing significant performance improvements over single-branch
models. We also introduced variants incorporating dynamic
gate mechanisms, demonstrating that the model adaptively
adjusts the weights of large and small kernels based on the
characteristics of input samples, enabling the extraction of
more robust features.

V. CONCLUSION

This paper proposes an outdoor gait recognition method
based on the concept of reparameterized large kernel con-
volution. This method decouples spatio-temporal large kernel
convolutional module. The decoupled spatial kernel branch
expands the effective receptive field in the spatial dimension
to extract more robust morphological features. Meanwhile,
the temporal kernel branch establishes longer temporal depen-
dencies to capture complete motion patterns. The proposed
dynamic gating mechanism enables the spatio-temporal large
kernel convolutional module to adaptively adjust the weights
of convolutional branches of different sizes based on the input
data, thereby obtaining more discriminative identity features.
At this stage, the impact of multimodal data on gait recognition
tasks has not been further explored. Moving forward, we
will leverage multimodal gait data to develop more advanced
outdoor gait recognition methods.
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