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Abstract

Gait recognition offers a non-intrusive biometric solution by
identifying individuals through their walking patterns. Al-
though discriminative models have achieved notable success
in this domain, the full potential of generative models remains
largely underexplored. In this paper, we introduce CoD?, a
novel framework that combines the data distribution model-
ing capabilities of diffusion models with the semantic repre-
sentation learning strengths of discriminative models to ex-
tract robust gait features. We propose a Multi-level Con-
ditional Control strategy that incorporates both high-level
identity-aware semantic conditions and low-level visual de-
tails. Specifically, the high-level condition, extracted by the
discriminative extractor, guides the generation of identity-
consistent gait sequences, whereas low-level visual details,
such as appearance and motion, are preserved to enhance
consistency. Furthermore, the generated sequences facilitate
the discriminative extractor’s learning, enabling it to capture
more comprehensive high-level semantic features. Extensive
experiments on four datasets (SUSTech1K, CCPG, GREW,
and Gait3D) demonstrate that CoD? achieves state-of-the-art
performance and can be seamlessly integrated with existing
discriminative methods, yielding consistent improvements.

Introduction

Gait recognition is a biometric technology that distinguishes
individuals by unique walking patterns. Unlike other bio-
metric modalities, such as face, iris, and fingerprint recog-
nition, gait can be captured from a distance without requir-
ing subject cooperation, making it particularly suitable for
applications in crime prevention, sports science, and health-
care (Venkat and De Wilde 2011; Sepas-Moghaddam and
Etemad 2022). Despite significant progress in gait recogni-
tion, existing discriminative methods (Wang et al. 2023c; Ye
et al. 2024; Xiong et al. 2025) (Figure 1 (a)) continue to
struggle in complex scenarios involving variations in cloth-
ing, viewpoints, occlusions, and carried objects, which com-
plicate the extraction of robust discriminative features.
Generative models, particularly diffusion models (Ho,
Jain, and Abbeel 2020; Song, Meng, and Ermon 2021), have
recently gained significant attention for their remarkable ca-
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pability to generate high-quality, visually compelling im-
ages. These models excel at capturing complex data dis-
tributions and generate realistic samples by iteratively re-
versing a noise injection process. Beyond image synthesis,
the potential of diffusion models has been increasingly ex-
plored in video generation (Ho et al. 2022), where they ef-
fectively capture temporal coherence and high-level struc-
tural dynamics. Such characteristics make them especially
suitable for tasks that demand both realistic visual gener-
ation and consistent motion evolution, including video syn-
thesis and dynamic scene modeling (Yu et al. 2024; Wu et al.
2025). Furthermore, due to their powerful representational
capacity, recent works have leveraged pre-trained diffusion
models for a variety of downstream applications, achieving
promising results in pose estimation (Feng et al. 2023), mesh
recovery (Zhu et al. 2024; Foo et al. 2023), and action recog-
nition (Wu et al. 2024a; Li, Huang, and Mao 2023).

Previous studies (Jin et al. 2025) (Figure 1 (b)) have em-
ployed diffusion models to denoise RGB gait sequences and
generate clean gait representations. However, such methods
do not fully exploit the intrinsic relationship between gen-
erative and discriminative models, thereby limiting the po-
tential of the generative model. While discriminative mod-
els emphasize inter-class separability, generative models fo-
cus on modeling the underlying data distribution. These two
paradigms provide complementary perspectives on the data,
and their integration can yield a more holistic understand-
ing of gait patterns. Consequently, combining discrimina-
tive models with generative diffusion models is essential for
enhancing the feature extraction capabilities of both, ulti-
mately leading to more effective gait recognition.

To address these aforementioned challenges, we propose
a novel gait recognition framework, CoD?. As illustrated in
Figure 1 (c), CoD? differs fundamentally from prior works
by integrating the data distribution modeling capability of
diffusion models with the semantic representation learning
strength of discriminative models, thereby extracting more
robust gait features. We further present a Multi-level Con-
ditional Control strategy that combines both high-level and
low-level conditions to guide the generative learning process
of the diffusion model. Specifically, the high-level condition,
derived from the discriminative feature extractor, provides
identity-aware semantic information to generate identity-
consistent gait sequences. In contrast, the low-level condi-
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Figure 1: Comparison of different methods for gait recognition. (a) Naive discriminative methods, such as GaitSet (Chao
et al. 2019); (b) Generative-assisted methods, such as DenoisingGait (Jin et al. 2025); (c) Our proposed CoD?, which integrates

collaborating discriminative and generative models.

tion preserves essential visual details, such as appearance
and motion information, which are critical for maintaining
identity consistency in the generated sequences. Moreover,
the generated sequences in turn promote the training of the
discriminative extractor, enabling it to capture richer and
more comprehensive semantic representations. We evaluate
CoD? through extensive experiments on four datasets (Shen
et al. 2023; Li et al. 2023; Zhu et al. 2021; Zheng et al.
2022b), achieving state-of-the-art Rank-1 performance. Fur-
thermore, integrating CoD? with four representative dis-
criminative methods (Chao et al. 2019; Lin, Zhang, and Yu
2021; Fan et al. 2023, 2025) consistently improves perfor-
mance across all datasets, demonstrating its strong versatil-
ity. Notably, CoD? introduces only a marginal increase in
training consumption, with no impact on testing efficiency.
In summary, the main contributions are as follows:

» We introduce CoD?, a novel gait recognition framework
that integrates the data distribution modeling capacity of
generative diffusion models with the semantic represen-
tation learning ability of discriminative models, enhanc-
ing gait feature extraction through their complementary
strengths.

* We propose a Multi-level Conditional Control strategy
that jointly leverages high-level identity-aware seman-
tic features with low-level visual details to guide the
diffusion model’s generative process. The generated se-
quences facilitate the discriminative model’s learning,
further improving feature robustness.

Extensive experiments demonstrate that CoD? achieves
state-of-the-art performance and can be seamlessly inte-
grated with existing discriminative methods, consistently
improving performance with minimal impact on training
consumption and no effect on testing efficiency.

Related Work
Gait Recognition

Current gait recognition methods can be broadly categorized
into model-based and appearance-based methods, depend-
ing on the input modality.

Model-based methods (Teepe et al. 2021, 2022; Li
and Zhao 2022; Fu et al. 2023) exploit structural human
priors, such as skeletons and 3D meshes. For example,
PoseGait (Liao et al. 2020) integrates multiple skeleton-
based features with human prior knowledge to enhance
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recognition performance, while CAG (Huang et al. 2023)
uses adaptive conditional networks to extract fine-grained
representations. Other studies (Pinyoanuntapong et al. 2023;
Zhang et al. 2023) adopt transformer architectures to capture
long-range spatial dependencies, and SMPLGait (Zheng
et al. 2022b) further improves recognition by utilizing dense
3D mesh representations reconstructed from RGB images.

Appearance-based methods (Fan et al. 2023; Wang et al.
2024; Ma et al. 2023; Peng et al. 2024a; Zheng et al. 2022a;
Wang et al. 2023b; Zheng et al. 2023; Xiong et al. 2024a;
Zheng et al. 2024) directly learn spatial-temporal representa-
tions from gait silhouettes or RGB sequences. GaitSet (Chao
et al. 2019) is the first to treat gait sequences as unordered
frame sets. Subsequent methods (Fan et al. 2020; Huang
et al. 2021; Lin, Zhang, and Yu 2021) adopt 1D or 3D
CNNs to model local motion patterns across frames, while
deeper architectures (Ma et al. 2024; Fan et al. 2025) have
been developed to extract richer identity-discriminative fea-
tures. Recent studies (Dou et al. 2023; Wang et al. 2023a;
Xiong et al. 2024b) revisit gait recognition from a causal
inference perspective, and DenoisingGait (Jin et al. 2025)
employs diffusion models to generate noise-free gait repre-
sentations. Moreover, alternative modalities, such as point
clouds and RGB videos, have recently been incorporated
into gait recognition frameworks (Shen et al. 2023; Ye et al.
2024), broadening the scope of this research field.

Diffusion Models for Representation Learning

Diffusion models have emerged as a powerful paradigm for
generative modeling, particularly in image and video synthe-
sis (Ho, Jain, and Abbeel 2020; Ho et al. 2022). These mod-
els generate high-quality visual content by progressively re-
fining Gaussian noise through an iterative denoising pro-
cess. Building on their remarkable success, recent studies
have extended diffusion models to a wide range of down-
stream tasks (Xu, Guo, and Peng 2024; Wu et al. 2024a;
Feng et al. 2023; Chen et al. 2023; Vogel et al. 2024; Toker
et al. 2024; Kara et al. 2024; Wu et al. 2024b). For example,
DPMesh (Zhu et al. 2024) leverages spatial structural priors
from pre-trained diffusion models to reconstruct occluded
human meshes, while HOIAnimator (Song et al. 2024) in-
troduces Perceptive Diffusion Models to enhance the realism
of human-object interactions in animations. Moreover, Con-
trolNet (Zhang, Rao, and Agrawala 2023) integrates spatial
conditioning mechanisms into pre-trained diffusion models
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Figure 2: Overview of our proposed method. The discriminative extractor D (e.g., GaitSet, GaitGL, GaitBase, or DeepGaitV2)
first extracts the identity feature f; from the input gait sequence X. This feature serves as a high-level semantic condition
to guide the generative diffusion model G during sequence generation. The noise sequence X is composed of Gaussian noise
X ~ N(0,I) and low-level visual information X" sampled from X. The generated gait sequence X is then fed into D
to extract the corresponding identity feature fI. Finally, D and G are jointly optimized with the loss Lp and Lg, where G is
employed only for training, while D is used for both training and inference.

for precise detail manipulation, and AYG (Ling et al. 2024)
combines Gaussian Splatting with diffusion models to en-
able text-to-4D generation.

In this paper, we propose CoD?, the first framework that
enhances feature extraction by unifying the semantic repre-
sentation learning capability of discriminative models and
the data distribution modeling power of generative models.

Methodology
Background

Before introducing our proposed method, we briefly review
the key concepts of gait recognition and the Denoising Dif-
fusion Probabilistic Model (DDPM) (Ho, Jain, and Abbeel
2020).

Discriminative Gait Recognition. Given a gait sequence
X € RIXTXHXW with T frames, each of size (H, W), dis-
criminative gait recognition methods typically process X
through a discriminative feature extractor D to obtain the
identity representation f; € R¢*P, where C' and p denote
the number of channels and parts, respectively:

Jr =D(Xo). ()

Subsequently, f; is refined using a separate fully connected
(S-FC) layer followed by BNNeck, and optimized with a
combination of triplet and cross-entropy losses:

ED = Etm’ + Ece- (2)

DDPM. DDPM generates high-quality visual content by it-
eratively denoising random Gaussian noise. It consists of
two phases: a fixed forward diffusion process and a learnable
reverse denoising process. In the forward phase, Gaussian
noise is gradually added to the original image xo through a
Markov chain, progressively transforming it into pure Gaus-
sian noise xp ~ N(0,I). At each timestep ¢, the noised
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variable x; depends only on its previous state x;_1, as for-
mulated by:

q(xe|zi—1) = N(x; /1 — Brawe—1, Bed), 3)

where (3; denotes a predefined variance schedule. The re-
verse process reconstructs xy from xp through iterative de-
noising:

“4)

where pg(x,t) is a parameterized function, typically im-
plemented as a neural network, used to predict the mean
[ at each timestep. Recent methods, such as Control-
Net (Zhang, Rao, and Agrawala 2023), extend diffusion
models to controllable generation by incorporating condi-
tional input. Given a condition c, the training objective can
be formulated as:

pg(l‘t_1|$t) = N(l‘t—ﬁ ,U'G(‘Ttvt)vo—fj)’

. 2
HlelnEmo,c,t,u |:HM - M@(xta c, t)H2:| ’ (5)
which enables the generation of realistic samples from
Gaussian noise.

Pipeline

The overall framework of CoD? is shown in Figure 2. It com-
prises two discriminative extractors with shared parameters,
and a generative diffusion module. Similar to previous meth-
ods, the first discriminative extractor D processes the input
gait sequence X to obtain the identity feature f;. Mean-
while, a noise sequence X, is constructed by combining
the low-level condition X" (a part of X) with Gaussian
noise X/*. The identity feature, serving as a high-level con-
dition, guides the denoising process of the generative dif-
fusion module G by embedding identity-aware semantic in-
formation, resulting in a generated gait sequence X,. The



second extractor D is then reapplied to extract the identity
feature f; from X, ensuring identity consistency. This bidi-
rectional interaction between D and G not only reinforces
the generative module but also enhances the discriminative
extractor’s ability to capture more effective gait features.

Discriminative Extractor and Generative Diffusion
Module

The discriminative extractor D serves as the core back-
bone and can be instantiated with various existing gait
recognition models, such as GaitSet, GaitGL, GaitBase, and
DeepGaitV2-P3D (abbreviated as DeepGaitV2). The ver-
satility of CoD? is further validated in Table 5. Consid-
ering that binary silhouette are substantially simpler than
RGB inputs and that directly predicting noise from noisy
sequences provides limited discriminative information (Wu
et al. 2024a; Guo et al. 2024), we adopt a lightweight gener-
ative diffusion module G (details in Supplementary Mate-
rials) to generate new sequences from noise.

Multi-level Conditional Control

The generative diffusion module G takes the noise sequence
X and the identity feature f; as input. Here, f; serves as
a high-level control condition, encapsulating identity-aware
semantic information. Meanwhile, X" in X, derived from
the original sequence X, preserves low-level visual cues
(such as appearance and motion), acting as a low-level con-
trol condition during the denoising process.

Low-level conditional control. Unlike text-to-video gener-
ation, gait sequence generation requires preserving visual
details from original sequences, such as appearance and
motion information. To achieve this, we introduce a sam-
pling strategy that randomly selects continuous m frames
from X as a reference, denoted as X§* € RIxmxXHxW
This reference is concatenated with Gaussian noise X;* €
RIX(T=m)xHxW a]ong the temporal dimension to construct
the noise sequence X; € RV>T>XHxW formulated as:

Xy = Xo[k: k+m],ke[0,T —m],
X" = Sample(N(0, 1)),
X, = Cat( X", X[,

where Cat(-) denotes the concatenation operation. During
denoising, the spatial-temporal modeling process transfers
low-level visual cues from X' to X', ensuring that the
generated sequences retain essential appearance and motion
details. Inspired by LAMP (Wu et al. 2023), we keep the ref-
erence frames X" noise-free during training, meaning that
X" remains unchanged after passing through a 3D convo-

lutional layer in G, i.e.,

X Xr] = conv(Xgh, X)), Xi' = Xy,

Q)

which ensures both temporal identity consistency and the in-
tegrity of low-level visual details during denoising. By pre-
serving low-level details, this strategy enhances control ef-
fectiveness and improves the overall sequence generation.

High-level conditional control. The high-level condition
embeds identity-aware semantic information into the gen-
erative diffusion module G, providing effective guidance
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Figure 3: Details of High-level Control Module. The S-FC
represents a separate fully connected layer, and A € R
is a learnable channel-wise control vector that regulates the
adjustment intensity across different feature channels.

during the generation process. While ControlNet (Zhang,
Rao, and Agrawala 2023) performs element-wise addition
for condition fusion after convolutional layers, we find this
operation too coarse for gait sequence generation, leading to
degraded performance (as shown in Table 7). To address this
limitation, we propose a refined High-level Control Mod-
ule that seamlessly integrates f; into G, facilitating identity-
aware guidance and improving the generated sequences of
generated sequences (as illustrated in Figure 3).
We draw inspiration from Euler’s formula:

' = cos(0) + isin(h), @)
which represents a signal as a rotation in the complex plane,
thereby encoding both amplitude and phase information.
Motivated by this, we design a phase modulation module
based on sinusoidal projection to effectively embed high-
level identity semantics into the generative process.

Specifically, given an intermediate noisy sequence X, e
REXTXHXW from the reverse diffusion process, we com-
pute a spatially varying phase feature f; conditioned on the
identity feature f;:

fa=2m- Norm(Conv(Xl - S-Fe(f1))). (8)
Here, S-FC(f;) denotes a spatially broadcasted identity em-
bedding, and Norm(z) = %= normalizes the values
to the range [0, 27] via min-max normalization. We then ap-

ply sinusoidal modulation to inject identity-aware semantics
into the sequence:

Xy = X;-cos(fa) + A - Xy - sin(fy), ©))

where A € RY is a learnable channel-wise scaling vec-
tor. This formulation, grounded in Euler’s identity (Equa-
tion 7), effectively modulates the intermediate representa-

tion X, with a phase shift parameterized by f7.

This identity-conditioned phase modulation enables the
network to impose global semantic control in a spatially
adaptive manner. As shown in Figure 3, the sinusoidal com-
ponents allow smooth and differentiable injection of identity
semantics, facilitating the generation of identity-consistent
gait sequences.

By jointly incorporating high-level semantic and low-
level visual conditions, our method ensures that the gener-
ated sequence X, preserves appearance and motion details
while maintaining strong identity consistency, thereby en-
hancing discriminative effectiveness.



Modality \ Method \ Venue \ Probe Sequence (R-1) | Overall
| | INM BG CL CR UB UN OC NT |RI RS
GaitSet AAAI19 | 69.1 682 374 650 63.1 61.0 672 23.0]| 65.0 848
GaitPart CVPR19 | 622 628 33.1 595 572 548 572 21.7] 592 80.8
Silhouette GaitGL ICCV21 67.1 662 359 633 616 581 66.6 179 | 63.1 828
GaitBase CVPR23 | 81.5 775 49.6 758 755 7677 814 259 | 761 894
DeepGaitV2 TPAMI2S5 | 83.5 79.5 463 768 79.1 785 81.1 273 | 774 902
Silhouette BiFusion MTAP24 | 69.8 623 454 609 543 635 77.8 337 | 621 834
+ Skeleton | SkeletonGait++ | AAAI24 | 85.1 829 46.6 819 80.8 82.5 862 47.5 | 81.3 95.5
Silhouette ‘ Ours ‘ - ‘ 879 845 554 828 872 851 887 38.6 ‘ 83.8 95.8

Table 1: Performance comparisons on SUSTech1K. The best and second-best results are highlighted in bold and underlined,

respectively.
Dataset Batch Size Optimizer Steps
SUSTechlK  (8,4) B 50K
CCPG @8  AAm@=0D Gk
GREW (32,2) mo 4 180K
Gait3D (32,2) wa=oe 60K

Table 2: Implementation details. The batch size (P, K') de-
notes P subjects and K sequences per subject. The parame-
ters dr, lr, and wd refer to the decay rate, learning rate, and
weight decay, respectively.

Training Objective

After obtaining the identity features f; and f}, we adopt a
joint loss £ to simultaneously optimize the discriminative
extractor and the generative diffusion module. The overall
objective is formulated as:

L=Lp+ Lq, (10)

where Lp (defined in Equation 2) supervises f;, while
Lc = Ly + L 18 applied to supervise the identity feature

f1 of the generated sequence to enforce identity consistency.

Experiments

In this section, we first describe the datasets used and imple-
mentation details. We then conduct extensive experiments to
evaluate CoD?, including both quantitative and qualitative
analyses. Finally, comprehensive ablation studies on four
datasets are performed to assess the contribution of each
component within CoD?. More experiments are provided in
the Supplementary Materials.

Datasets and Evaluation Metrics

Datasets: We evaluate our method on four widely used
datasets: SUSTechl1K (Shen et al. 2023), CCPG (Li et al.
2023), GREW (Zhu et al. 2021), and Gait3D (Zheng et al.
2022b). SUSTech1K, collected in laboratory, includes con-
ditions such as normal, clothing changes, night, and oc-
clusion. CCPG is designed for cross-domain evaluation,
comprising four clothing-change scenarios (i.e., full-body,

upper-body, lower-body, and backpacks changes). GREW
and Gait3D are large-scale real-world datasets with signifi-
cant challenges due to diverse environmental conditions. All
training and testing splits strictly follow the official dataset
protocols.

Metrics: Following prior work (Xiong et al. 2024b), we use
Rank-k accuracy (R-k) and mean Average Precision (mAP)
to evaluate the performance of CoD?.

Implementation Details

(1) All images are resized to 64 x 44, and an ordered
sampling strategy with a fixed sequence length of 30
frames is adopted during training. (2) We primarily em-
ploy DeepGaitV2 (Fan et al. 2025) as the discriminative ex-
tractor to validate CoD?, and further assess its versatility
with other baselines, including GaitSet (Chao et al. 2019),
GaitGL (Lin, Zhang, and Yu 2021), and GaitBase (Fan et al.
2023). (3) Dataset-specific configurations are provided in
Table 2. To ensure fairness, the batch size is halved due to
the reuse of the discriminative extractor. (4) Further architec-
tural detail of the generative diffusion module are presented
in the Supplementary Materials. (5) The number of con-
tinuous frames m in Equation 6 is fixed to 5. (6) All experi-
ments are conducted on Nvidia GeForce RTX 3090 GPUs.

Quantitative Results

Evaluation on SUSTech1K and CCPG. We compare CoD?
with several recent methods (Chao et al. 2019; Fan et al.
2020; Lin, Zhang, and Yu 2021; Fan et al. 2023, 2025; Peng
et al. 2024b; Fan et al. 2024) on the SUSTech1K and CCPG
datasets. These results underscore the superiority of CoD?.
Key observations from Table 1 are as follows: (1)
Silhouette-based methods perform poorly under low-light
conditions, achieving a maximum accuracy of only 27.3%,
primarily due to degraded image quality caused by insuffi-
cient lighting. Despite this, CoD? consistently outperforms
these methods across all conditions, with a notable im-
provement of +11.3% under the night condition compared
to DeepGaitV2, which achieves the second-highest accu-
racy (silhouette-based methods) at 27.3%. This highlights
CoD?’s enhanced ability to extract discriminative features,
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Method \ Venue | Gait Evaluation Protocol

\ | CL UP DN BG Mean

GaitSet AAAI19 |60.2 65.2 65.1 68.5 64.8
GaitPart | CVPR20 [64.3 67.8 68.6 71.7 68.1
GaitBase | CVPR23 |71.6 75.0 76.8 78.6 75.5
DeepGaitV2 | TPAMI25 | 78.6 84.8 80.7 89.2 83.3
Ours | - |80.1 86.9 81.6 90.9 84.8

Table 3: Performance comparisons on CCPG.

Method ‘ Venue ‘ GREW ‘ Gait3D
\ \ R-1 R-5 \ R-1 mAP
GaitSet AAAII9 | 463 63.6 | 36.7 30.0
GaitPart CVPR19 | 440 60.7 | 282 21.6
GaitGL ICCV21 473 63.6 | 29.7 223
SMPLGait CVPR22 - - 46.3 372
DANet CVPR23 - - 48.0 -
GaitBase CVPR23 | 60.1 - 64.6 -
GaitGCI CVPR23 | 68.5 80.8 | 50.3 395
HSTL ICCV23 | 627 76.6 | 613 555
DyGait ICCV23 | 714 832 | 663 564
DeepGaitV2 | TPAMI2S5 | 777 879 | 744 65.8
QAGait AAAI24 | 59.1 740 | 67.0 56.5
VPNet CVPR24 | 80.0 894 | 754 -
CLTD ECCV24 | 780 87.8 | 69.7 -
WaveLoss AAAI25 - - 75.6  66.5
Ours - 812 908 | 783 71.2

Table 4: Performance comparisons on GREW and Gait3D.

especially in challenging low-quality silhouette scenarios,
such as those encountered at night. (2) CoD? achieves state-
of-the-art results in most conditions (seven out of eight), out-
performing SkeletonGait++ (a multimodal-based method),
demonstrating that our method effectively leverages silhou-
ette data alone without relying on additional modalities.

In Table 3, CoD? achieves SOTA results across all scenar-
ios, with an average Rank-1 accuracy of 84.8%. This demon-
strates that CoD? effectively combines the strengths of dis-
criminative and generative models, significantly improving
the discriminative model under various clothing conditions.

Evaluation on GREW and Gait3D. The results on the chal-
lenging GREW and Gait3D datasets, summarized in Table 4,
demonstrate that CoD? outperforms all previous methods.
Specifically, on GREW, CoD? surpasses VPNet and CLTD
by +1.2% and +3.2%, respectively, achieving a Rank-1 ac-
curacy of 81.2%. On Gait3D, CoD? improves upon VPNet
by +2.9% and WaveLoss (Wang and Wu 2025) by +2.7%,
reaching a Rank-1 accuracy of 78.3%. Importantly, CoD?
significantly outperforms its baseline, DeepGaitV2, with im-
provements of +3.5% on GREW (81.2% vs. 77.7%) and
+3.9% on Gait3D (78.3% vs. 74.4%). These results further
validate the effectiveness of CoD? in extracting discrimina-
tive gait features under real-world conditions.
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Figure 4: Visualization of the generated sequence. From

top to bottom, sequences represent X

X7, and X§ in Figure 2, respectively.

, the ground truth of

Method | SUSTechlK CCPG ~ GREW  Gait3D
GaitSet 65.0 64.8 46.3 36.7
+ CODZ 71.3+6.3% 68.9+4'1% 54.1+7.8% 44.3+7.6%
GaitGL 63.1 66.2 473 29.7
+ C0D2 69.9+6'8% 68.9+2.7% 51 .5+4.2% 35.7+6.0%
GaitBase 76.1 75.5 60.1 64.6
+ COD2 84.2+8'1% 79'4+3.9% 71'1+11.0% 72.6+8'0%
DeepGaitV2 77.4 83.3 77.7 74.4
+ COD2 83.8+6'4% 84.8+1.5% 8142+3’5% 78.3+3.9%

Table 5: Performance improvements (Rank-1 accuracy) of
CoD? across different baselines on four datasets.

Qualitative Results

Figure 4 illustrates that the generated sequences closely re-
semble the original ones, demonstrating the effectiveness of
our generative diffusion module in synthesizing realistic gait
sequences. This success is attributed to the integration of
visual details (e.g., appearance and motion) with high-level
identity-aware semantic information. The visualizations also
highlight the discriminative extractor’s ability to learn dis-
criminative gait features, even when the generated sequences
deviate from the originals. Notably, as shown on the right
side of Figure 4, the goal of the generative diffusion model
is not merely to replicate the ground truth, but to capture and
enhance discriminative gait information, thereby improving
recognition robustness.

Ablation Studies

Versatility of CoD?. Table 5 demonstrates that our method
significantly improves performance across four discrimina-
tive extractors on four datasets, highlighting the effective-
ness and versatility of collaboratively integrating discrim-
inative and generative diffusion models for gait recogni-
tion. Notably, we observe that incorporating CoD? with non-
temporal modeling methods (e.g., GaitSet and GaitBase)
yields greater performance improvements compared to tem-
poral modeling methods (e.g., GaitGL, and DeepGaitV2).
This is due to the generative diffusion model’s ability to in-
troduce rich temporal dynamics, which particularly benefits
non-temporal modeling methods.



Ifgvgg Il“g’vvgl SUSTechlK CCPG GREW Gait3D
X X 77.4 833 777 744
v o X 81.9 840 804 774
X v 81.3 837 799 772
v / 83.8 848 812 783

Table 6: The ablation study of Multi-level Conditional Con-
trol strategy.

Method |SUSTechlK CCPG GREW Gait3D

Baseline 81.3 83.7 79.9 77.2
w/ addition 83.0 84.4  80.7 77.6
w/ Ours 83.8 84.8 81.2 78.3

Table 7: The ablation study of High-level Control Module.

m | SUSTechlK CCPG GREW  Gait3D
1 81.2 83.7 79.6 76.9
3 83.3 84.5 80.5 77.6
5 83.8 84.8 81.2 78.3
7 84.0 84.8 80.9 78.0
9 83.4 84.2 80.6 77.8

Table 8: The ablation study of the number of continuous
frames m in Equation 6.

Effectiveness of Multi-level Conditional Control strat-
egy. Table 6 investigates the impact of the Multi-level Con-
ditional Control strategy. The results indicate that both con-
ditions independently improve recognition accuracy, con-
firming that the extractor D effectively learns discriminative
identity features. Moreover, the combination of both condi-
tions leads to even greater performance, underscoring their
complementary properties.

Effectiveness of High-level Control Module. Table 7 eval-
uates the effectiveness of High-level Control Module by
comparing it with the baseline (low-level conditional con-
trol only) and an element-wise addition strategy. The re-
sults demonstrate that our control strategy outperforms di-
rect element-wise addition, highlighting the advantages of
High-level Control Module in improving the identity con-
sistency and quality of generated sequences.

Impact of the number of continuous frames m. The num-
ber of continuous frames, m, plays a crucial role in balanc-
ing the low-level visual and high-level semantic conditions.
As listed in Table 8, experiments with different values of
m (i.e., m € {1,3,5,7,9}) reveal the following trends: (1)
When low-level visual information is highly limited (i.e.,
m = 1), the generative diffusion model struggles to learn
discriminative features, resulting in suboptimal performance
compared to using a single condition. (2) When m is too
large, the generative diffusion model does not need to learn
sufficiently, limiting its ability to guide the discriminative
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A | SUSTechlK CCPG GREW Gait3D

1 83.2 84.3  80.3 77.4
learnable scalar 83.5 84.4 80.8 77.8
learnable vector 83.8 84.8 81.2 78.3

Table 9: The ablation study of the learnable vector A in
Equation 9.

Method | Training (hour) | Testing (second)

GaitSet 0.95 41

+ CoD? 1.08 (+13.7%) 41 (+0%)

GaitGL 291 43

+ CoD? 3.35 (+15.1%) 43 (+0%)

GaitBase 5.83 77

+ CoD? 6.29 (+7.9%) 77 (+0%)
DeepGaitV2 9.98 95

+ CoD? 10.94 (+9.6%) 95 (+0%)

Table 10: Training and testing resource consumption on
Gait3D. Training is calculated across four GPUs, while test-
ing uses a single GPU.

extractor and degrading performance. Based on a compre-
hensive evaluation across four datasets, we set m to 5.
Impact of the learnable vector A. Table 9 compares differ-
ent strategies for A (i.e., a fixed value, a learnable scalar, and
our learnable vector) in Equation 9. The results show that
using a learnable weight to control the adjustment intensity
generally enhances recognition performance. Furthermore,
the learnable vector achieves the best results, as it allows for
adaptive adjustments across different channels.

Training and Testing Resource Consumption. Table 10
analyzes the resource consumption of our method on Gait3D
during both training and testing. While training demands in-
crease by 7.9% to 15.1% compared to baselines (i.e., Gait-
Set, GaitGL, GaitBase, and DeepGaitV2), the overhead re-
mains acceptable by halving the batch size, despite the reuse
of the discriminative extractor and the introduction of the
generative diffusion model. Notably, testing resource re-
quirements remain unchanged. The results in Table 5 and
Table 10 demonstrate that CoD? achieves significant perfor-
mance gains without compromising testing efficiency.

Conclusion

In this paper, we propose CoD?, an novel gait recognition
framework that collaboratively combines the data distribu-
tion modeling capabilities of diffusion models with the se-
mantic representation learning strengths of discriminative
models. We introduce a Multi-level Conditional Control
strategy that integrates high-level identity-aware semantic
information with low-level visual details to guide the gen-
eration process. Furthermore, ensuring identity consistency
of generated sequences enhances the discriminative model’s
ability to learn robust gait features. We assess the effective-
ness and versatility of CoD? on four datasets.
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