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Abstract

To capture individual gait patterns, excluding identity-
irrelevant cues in walking videos, such as clothing texture
and color, remains a persistent challenge for vision-based
gait recognition. Traditional silhouette- and pose-based
methods, though theoretically effective at removing such
distractions, often fall short of high accuracy due to their
sparse and less informative inputs. Emerging end-to-end
methods address this by directly denoising RGB videos us-
ing human priors. Building on this trend, we propose De-
noisingGait, a novel gait denoising method. Inspired by
the philosophy that “what I cannot create, I do not under-
stand”, we turn to generative diffusion models, uncovering
how they partially filter out irrelevant factors for gait un-
derstanding. Additionally, we introduce a geometry-driven
Feature Matching module, which, combined with back-
ground removal via human silhouettes, condenses the multi-
channel diffusion features at each foreground pixel into a
two-channel direction vector. Specifically, the proposed
within- and cross-frame matching respectively capture the
local vectorized structures of gait appearance and motion,
producing a novel flow-like gait representation termed Gait
Feature Field, which further reduces residual noise in dif-
fusion features. Experiments on the CCPG, CASIA-B¥
and SUSTechIK datasets demonstrate that DenoisingGait
achieves a new SoTA performance in most cases for both
within- and cross-domain evaluations. Code is available at
https://github.com/ShigiYu/OpenGait.

1. Introduction

Pedestrian gait, as captured in walking videos, uniquely
conveys identifiable traits through body shape and limb
movement, making it an effective biometric feature. This
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Figure 1. The proposed knowledge-driven denoising, derived from
generative diffusion models, and the geometry-driven denoising,
enforced by Feature Matching.

application, known as gait recognition, differs from meth-
ods like face, fingerprint, and iris recognition by enabling
non-intrusive human identification from a distance, without
requiring the subject’s active cooperation [35]. Addition-
ally, gait is challenging to disguise or obscure, making it
suitable for security applications in unconstrained environ-
ments, such as criminal suspect tracking and retrieval [25].

To minimize the influence of irrelevant cues like back-
ground and texture, many gait recognition methods rely on
predefined representations extracted from walking videos.
The most commonly used ones include the binary silhou-
ettes [2, 7, 10, 21, 34], skeleton coordinates [11, 20, 41],
SMPL models [18, 56], and body parsing images [57, 60].
As illustrated in Figure 1, the gait representation extraction
can be regarded as a denoising encoder, which can enhance
the subsequent gait learning process through either a two-
stage or end-to-end training manner. In contrast, some re-
cent works [50, 55] go beyond explicit gait representations,
focusing instead on directly denoising RGB videos through
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human priors, using techniques such as image reconstruc-
tion [55] and feature smoothness [50]. In this study, we
extend the scope of gait denoising research by proposing
DenoisingGait, a method that combines knowledge-driven
and geometry-driven denoising to improve gait recognition.

Guided by the philosophy that “what I cannot create, I
do not understand”, researchers [4, 6, 54] are increasingly
exploring the use of generative diffusion models [14, 29]
for representation learning. In this study, we observe that
by carefully manipulating the timestep ¢ ', diffusion mod-
els [29] can selectively filter out gait-irrelevant cues in RGB
videos. This finding aligns with prior studies [16, 28, 59]
indicating that different timesteps of diffusion models con-
tribute to the feature reconstruction at varying levels of
granularity. However, even with a suitable timestep ¢, dif-
fusion outputs [39] remain closely tied to RGB details [53],
making it still not clean enough for gait recognition.

To address this issue, DenoisingGait introduces a
geometry-driven Feature Matching module to further re-
duce RGB-encoded (noise-prone) features. Building on the
background removal via gait silhouettes, our core idea is to
condense the multi-channel diffusion features at each fore-
ground pixel into a two-dimensional direction vector. This
design draws inspiration partly from the classical SIFT de-
scriptor [23], which formulates image as robust locality vec-
tors, and partly from optical flow estimation [46], which
encodes motion as dense temporal directions. As illus-
trated in Figure 1, the proposed within-frame and cross-
frame matching mechanisms respectively assign orienta-
tions to neighboring locations based on feature similarity
along the spatial and temporal dimension, thus effectively
capturing the vectorized characteristics of gait appearance
and motion. This work terms these new representations as
static and dynamic Gait Feature Fields, due to their visual
similarity with optical flow field. Interestingly, we observe
that the magnitude of direction vector in the static gait fea-
ture field can, in many cases, reflect image texture intensity.
Therefore, DenoisingGait applies random zero-padding to
regions with high magnitude, thus promoting the learning
of texture-invariant gait features.

Overall, DenoisingGait refines gait features through
two key mechanisms: knowledge-driven denoising, de-
rived from generative diffusion models, and the geometry-
driven denoising, enforced by the proposed Feature Match-
ing module. Experiments on CCPG [17], CASIA-B* [52]
and SUSTech1K [32] datasets validate the effectiveness of
DenoisingGait and its components across both within- and
cross-domain evaluations. This work contributes to gait
recognition research in three primary ways:

* To our knowledge, DenoisingGait introduces one of
the first diffusion-based approaches for gait recognition,

IThe generative process of diffusion models is typically a Markov
chain, where each latent z; is generated only from the previous latent z441.

demonstrating the potential of diffusion models for effec-
tive gait representation learning.

* Gait feature field presents a novel and effective
recognition-driven spatiotemporal gait representation.

* By integrating the proposed knowledge- and geometry-
driven denoising mechanisms, in most cases, Denoising-
Gait sets a new state-of-the-art performance on several
commonly used RGB gait datasets [17, 32, 52] for both
within- and cross-domain evaluations.

2. Related Work
2.1. Gait Recognition

Gait recognition aims to extract gait features that are ro-
bust to background and clothing textures. Avoiding these
challenges in RGB videos has been a major focus in re-
cent research [2, 7, 8, 11, 18-21, 41, 50, 55-57, 60]. Exist-
ing approaches can be broadly divided into two strategies:
hard-denoising [2, 7, 8, 11, 18, 20, 21, 41, 56, 57, 60] and
soft-denoising [19, 50, 55]. Hard-denoising methods em-
ploy algorithms like segmentation [2, 7, 8, 21], pose esti-
mation [11, 20, 41], and 3D parameter estimation [18, 56]
to explicitly isolate gait-relevant features, thus mitigating
interference from irrelevant cues. While effective in re-
fining gait representations, these methods may also strip
away structural details essential for identity recognition. On
the other hand, soft-denoising methods [19, 50, 55] rely on
task-specific modules informed by human priors to suppress
non-gait information within RGB images. Despite progress,
removing gait-irrelevant factors remains challenging. In
this paper, we explore this issue from a novel perspective by
proposing a method that integrates both knowledge-driven
and geometry-driven denoising for enhanced gait represen-
tation extraction.

2.2. Diffusion Models for Representation Learning

Diffusion models are generative models that learn to re-
verse a transformation from data to Gaussian noise [14],
following either a Markov [14] or non-Markov [38] pro-
cess. Latent Diffusion Models (LDMs) [29], commonly re-
ferred to as Stable Diffusion (SD), extend traditional diffu-
sion models by operating in latent space, greatly improv-
ing efficiency. Recent studies have shown that SD mod-
els can serve as knowledge providers, contributing percep-
tual insights that enhance the generalization capabilities of
some discriminative tasks, such as object detection [3, 12],
semantic segmentation [, 42, 48], and object classifica-
tion [5, 49], etc. Unlike other discriminative tasks, gait
recognition requires robust generalization to handle varia-
tions in environments, clothing, and other factors. Diffu-
sion models have the potential to enhance gait represen-
tation extraction by effectively filtering out gait-irrelevant
cues [16, 28, 59]. Therefore, we proposed knowledge-
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Figure 2. (a) A simple baseline on diffusion models for gait representation learning. (b) The rank-1 accuracy of our baseline with varying

timestep t. (c) The pipeline of the proposed DenoisingGait.

driven approach is based on LDMs to coarsely filter out
such gait-irrelevant cues in RGB videos by carefully ma-
nipulating the denoising timestep ¢.

2.3. Feature Vectorization for Gait Recognition

Feature vectorization has made substantial progress in gait
recognition by capturing body structural details, which
helps gait models reduce the impact of gait-irrelevant vari-
ations. [22, 40]. Similarly, optical flow is widely used for
capturing pixel-wise motion across consecutive frames, ef-
fectively analyzing walking dynamics by tracking temporal
movement patterns unique to individuals [13, 47, 51]. In-
spired by the strengths of these traditional techniques, we
propose a geometry-driven feature matching module that
aims to leverage their core insights for gait representation
refinement. Unlike previous works, which typically rely on
predefined descriptors or handcrafted motion features, our
feature matching module is a learnable, task-driven mod-
ule. This allows it to better capture both the local structural
details and the personalized motion details of pedestrians,
contributing to improved gait representation extraction.

3. Method

This work aims to denoise walking videos for gait recogni-
tion through two proposed mechanisms: knowledge-driven
denoising, leveraging generative diffusion models, and the
geometry-driven denoising, enabled by a novel Feature
Matching module. In this section, we first examine the ap-
plication of diffusion models for gait denoising, followed by
an introduction to the proposed DenoisingGait framework
and its implementation details.

3.1. Diffusion Model for Gait Denoising

Diffusion Model Formulation. Given an image = ~ p(x),
the Latent Diffusion [29] projects it into a latent space by
an efficient image encoder &, ie., z = E(x). Then, the
diffusion forward process [14] gradually diffuses the latent
z into Gaussian noise zp via a Markov Chain:

= /1= Bizi1 4+ /Bre, (1)

where € ~ N(0,1) and {f1, ..., Br} presents a fixed vari-
ance schedule of noising scales with 7" timesteps (zg = z2).

For the reverse process, the Stable Diffusion [29] trains
a time-conditional UNet [30] €p(z¢, t) to predict a variant of
its input z;. The objective can be simplified to the following
equation [29]:

Lipm = E; c+[||€ — €o(zt, )13, 2

with ¢ is uniformly sampled from {1, ..., T}.

During the inference, a Gaussian noise Zp will be sam-
pled and then iteratively denoised by eg(Z:,t) with the
timestep ranging from 7" to 0. The last Zy can be decoded
to image space with a single pass through the decoder D.
Gait Recognition using Diffusion Models. Following the
configures of Latent Diffusion [29], this section makes a
pioneering step investigating the performance of diffusion-
based gait representation learning.

Given a gait sequence {[; € RE*W>3|| = 1 .. L},
we first utilize the encoder £ to project each frame into the
latent space, followed by a one-step denoising using the pre-
trained Stable Diffusion model ¢y [29]:

E 269(5(11)>t)a (3)
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where t represents the timestep, and F; € R@ X7 x4 de-
notes the resulting diffusion features (with d as the down-
sampling factor introduced by the image encoder £).
As shown in Figure 2 (a), we feed the denoised F; into
the popular gait recognition model GaitBase [9] to estab-
lish a baseline for subsequent analysis’. Here, we tem-
porarily set aside experimental details (in Sec. 4) to focus
on the performance trend in the most challenging full cloth-
changing case from the CCPG [17]. Additional experiments
on SUSTech1K [33] are included in Supplementary Mate-
rial.
When the timestep ¢ is gradually decreased from T' =
1,000 to 100 with an interval of 200, as shown in Figure 2
(b), the rank-1 accuracy of our baseline initially rises and
then falls, and the peak is at ¢ = 700. The baseline shows
a significant improvement of 5.3% over the red line in Fig-
ure 2 at the peak, and the red line represents the baseline
without the denoising effects of €y in Eq. 3. To our under-
standing, these findings reveal the following:
¢ Related works [16, 28, 59] indicate that in diffusion mod-
els, early timesteps (t — 7') tend to capture the over-
all shape of an image, while later timesteps (t — 0) re-
fine finer details. Figure 2 (b) illustrates a similar trend
here: emphasizing an appropriate level of overall shape
improves gait recognition accuracy, while excessive de-
tail refinement leads to performance degradation. This
suggests that the diffusion model ¢y assists gait denois-
ing by selectively filtering out RGB details that are not
pertinent to gait information in the input image.

* Even at the optimal timestep ¢t = 700, diffusion features

2Only the input channel is modified to match the output channel of €.

decoded by D retain substantial RGB-encoded texture

and color information.

Therefore, beyond the denoising driven by diffusion
knowledge, we introduce an additional geometry-driven
feature matching module, completing the proposed Denois-
ingGait framework, as shown in Figure 2 (c).

3.2. DenoisingGait

Building on the diffusion features Fj, the feature matching
module aims to condense its multi-channel features at each
pixel into a two-dimensional direction vector, thus reducing
the expression of RGB-encoded noises while highlighting
the local vectorized features of gait appearance and motion.

As shown in Figure 3 (a), the within-frame and cross-
frame matching follow a similar workflow:

F‘lQ = Sl . 5Q(Fl),
FY = Siiar- 5 (Fiyan), S
G = A(F?, Ff)

where Al denotes the temporal receptive scope and Al = 0
for within-frame matching and Al > 0 for cross-frame
matching. The input F; € RT*T >4 and §; € R >0 %1
respectively represent the diffusion features and resized sil-
houette. The modules £9 and £X are convolutional stacks,
each containing four layers with identical architectures but
independently trained weights (the input and output chan-
nel are respectively set to 4 and C'). Here, A handles the
assignment of directions (AoD) based on the query feature
F? e RT*7*C and key feature F} € R 7%, The
resulting output G; € RT X7 2 represent the gait feature
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field, where each pixel corresponds to a two-dimensional
direction vector.

Next we focus on the AoD operation 4. For clarity, the
following formulation ignores the subscript of [ (frame in-
dex) in Eq. 4. For a single pixel < 7,7 > within the query
feature F'@, represented as f<QZ-’ i> € R¥*C we can iden-
tify its set of neighboring pixels within the key feature F'¥
as shown in Figure 3 (b), :

ME; ;o = {5 lie {i— Ah,.i+ AR}, )
5 € {j - Aw,"'aj + Aw}}a

For simplicity, we treat Mi(i’p as a matrix with el-
ements arranged in raster order, i.e., from top to bottom
and left to right. Thus, M§i7j> has a shape of (2Ah +
1)(2Aw+1) x C.

Then, we compute the similarity distribution between
fgm-> with its neighboring pixels:

Pi j> = SoftMax( f§i7j>(M§i7j>)T) (6)

where P; j» € RIXEARFDEAWHD) apd the SoftMax
function is conducted along the last dimension.

To determine the final direction vector, we introduce a
fixed direction template 7 as follows:

T ={[i,7]]i € {=Ah, ..., AR},

. @)
Jje{-Aw,..,Aw}},

Obviously, there is an element-wise correspondence be-
tween the direction template 7 and neighboring pixels

ME, i (inEq. 5). So we also treat T as a matrix with ele-

ments arranged in raster order, i.e., from top to bottom and

left to right. Thus, 7 has a shape of (2Ah+1)(2Aw+1)x2.
Now, we assign pixel < ¢, 7 > with a direction vector:

G<i,j> = 7)<i,j>T7 (®)

During each inference step, we perform both within-
frame (Al = 0) and cross-frame matching (Al > 0) in
parallel, resulting in both the static gait feature filed GS2i¢
and the dynamic gait feature field GPYnamic,

Interestingly, we observe that the magnitude of direction
vector in the static gait feature field, [|GZ3%. [|2, often re-
flects image texture intensity. To enhance texture-invariant
gait feature learning, we design a texture suppression oper-
ation that applies random zero-padding to high-magnitude
pixels during training with a probability p:

3 Stati

Static __ 0, if ||G<;,ljc>||2 >m 9)

<i,3> T Static ; :
G, otherwise

This operation encourages DenoisingGait to recognize that
texture elements are unreliable, thereby promoting texture-
free learning of gait features.

As illustrated in Figure 2 (c), the static and dynamic
gait feature fields are fed in parallel into the subsequent
GaitBase [9]. To fit its multi-branch inputs, we adopt
the widely-used high-level attention fusion strategy pro-
posed by Fan et al. [11]. Consistent with recent works [7—
9,24,43, 44,56, 61], the training of DenoisingGait is driven
by a combination of triplet loss and cross-entropy loss.
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Table 1. Within-domain Evaluation on CCPG [17] (CL: full cloth-changing, UP: up-changing, DN: pant-changing, and BG: bag-changing).

Model ‘ Venue ‘

Gait Evaluation Protocol

| RelD Evaluation Protocol

Input
\ |CL UP DN BG |Mean|CL UP DN BG |Mean
GaitSet [2] TPAMI'22[60.2 65.2 65.1 68.5| 64.8 [77.5 85.0 82.9 87.5| 83.2
sl GaitPart [7] CVPR’20 |64.3 67.8 68.6 71.7| 68.1 |79.2 853 86.5 88.0| 84.8
1 GaitBase [9] CVPR’23 |71.6 75.0 76.8 78.6| 75.5 |88.5 92.7 93.4 93.2| 92.0
DeepGaitV2 [8] Arxiv  |78.6 84.8 80.7 89.2| 83.3 [90.5 96.3 91.4 96.7| 93.7
Flow GaitBase/ | CVPR23 |70.0 74.5 77.7 77.5| 74.9 |82.4 88.9 90.9 91.5| 88.4
XGait [58] | MM’24 |72.8 77.0 79.1 80.5| 77.4 |88.3 91.8 92.9 94.3| 91.9

Sils + Parsing + Flow

MultiGait++ [15] | AAAI'25 [83.9 89.0 86.0 915876 | - - - - | -

BiFusion [27]

. MTA’23
Sils + Skeleton SkeletonGait++ [11] ‘

AAAT’24

62.6 67.6 66.3 66.0| 65.6 |77.5 84.8 84.8 82.9| 82.5
79.1 83.9 81.7 89.9| 83.7 [90.2 95.0 92.9 96.9| 93.8

RGB BigGait [50]

| CVPR’24 |82.6 85.9 87.1 93.1| 87.2 |89.6 932 95.2 97.2| 93.8

\
\
|
Sils + Parsing |
|
|
RGB+Sils ‘

GaitEdge [19] ECCV’22
DenoisingGait Ours

66.9 74.0 70.6 77.1| 72.2 |73.0 83.5 82.0 87.8| 81.6
84.0 88.0 90.1 95.9

89.5 |91.8 95.8 96.4 98.7| 95.7

3.3. Understanding Gait Feature Field

Figure 4 displays the static and dynamic gait feature fields,
G and GPy"amic along with their activation focuses [31].

As observed, the static gait feature field G (Figure 4
(b)) reveals a gradient-like representation of gait appear-
ance, with each pixel’s direction vector mostly oriented to-
ward neighboring regions of high visual similarity:

¢ In related works [36, 45, 46], similar local vectorized fea-
tures are employed through supervised learning to cap-
ture local image depth or structural characteristics. Al-
though the proposed DenoisingGait is driven solely by
identity signals, we assume these local details may effec-
tively populate GS%U¢ when they enhance human identifi-
cation, guided by similar geometric constraints.

* As evidenced by the red boxes in Figure 4, both the rep-
resentation visualization and activation focus of GS@ic
avoid texture-rich regions, thus encouraging texture-
invariant gait feature learning.

As observed in Figure 4 (c) and (e), the dynamic gait fea-
ture field GPY™™i¢ captures a flow-like representation of gait
motion, with each pixel’s direction vector primarily aligned
with moving body parts. But unlike traditional optical flow,
the dynamic gait feature field GPY"¥™i¢ is fully recognition-
oriented, with a focused objective to capture fine-grained
gait motions for human identification. Additional video ex-
amples are provided in the Supplementary Material.

4. Experiment
4.1. Dataset

In our experiments, we used three widely recog-
nized clothing-changing and multi-view gait datasets:
CCPG [17], CASIA-B*[52], and SUSTechl1K[32], cho-
sen for their provision of RGB images. Among these,
CCPG [17] serves as the primary benchmark due to its ex-
tensive and diverse variations in clothing. This dataset in-

Table 2. Implementation details. The batch size indicates the num-
ber of the IDs and the sequences per ID.

DataSet  Batch Size Schedule Frames Steps
CCPG (8,4)  (20k, 40k, 50k) 20 60k
CASIA-B* (8,4)  (15k, 25k, 35k) 20 40k
SUSTechlK  (8,4)  (15k, 25k, 35k) 20 40k

cludes a wide range of coats, pants, and bags in various
colors and styles, with faces and shoes masked to simulate
real-world challenges for cloth-changing gait recognition.

All implementations strictly adhere to the protocols set
by dataset publishers. For performance reporting, we pri-
marily follow the gait evaluation protocols for multi-view
settings, using rank-1 accuracy as the main evaluation met-
ric unless otherwise noted.

4.2. Implementation Details

(1) All images are processed with Pad-and-Resize [50] to
keep body proportion; (2) We employ SD 1.5 [29] as the
diffusion model for Figure 2; (3) (H, W, d) = (768, 384,
8), (Ah, Aw) = (3, 3), m=0.5 for Section 3; (4) The main
hyper-parameters are listed in Table 2; (5) The SGD opti-
mizer with an initial learning rate of 0.1 and weight decay
of 0.0005 is utilized; (6) During training, we adopt an or-
dered sampling strategy.

4.3. Experimental Results

Within-domain Evaluation. To show its superiority, De-
noisingGait has been compared with various SoTA meth-
ods, including silhouette-based [2, 7-9, 21], multimodal-
based [11, 15, 19, 27], and RGB-based methods [50].

As shown in Table 1, DenoisingGait achieves superior
performance across both gait recognition and RelD evalu-
ation protocols on the CCPG [17] dataset. Under the gait
recognition protocal, DenoisingGait shows improvements
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Table 3. Within-domain Evaluation on CASIA-B* [19, 52] and SUSTech1K [32] (Abbreviations: NM for normal, BG for bag, CL for
clothing, CR for carrying, UB for umbrella, UN for uniform, OC for occlusion, and NT for night).

\ \ | CASIA-B* | SUSTechlK
Input Model Venue

\ \ |NM BG CL|NM BG CL CR UB UN OC NT R-1 R-5
GaitSet [2] TPAMI'22| 92.3 86.1 73.4]69.1 68.2 37.4 65.0 63.1 61.0 67.2 23.0 65.0 84.8
il GaitPart [7] CVPR’20 | 96.2 91.5 78.7|62.2 62.8 33.1 59.5 57.2 54.8 57.2 21.7 59.2 80.8
s GaitBase [9] CVPR’23 | 96.5 91.5 78.0|81.5 77.5 49.6 75.8 75.5 76.7 81.4 25.9 76.1 89.4
DeepGaitV2 [8] Arxiv | 94.3 90.0 78.6(86.5 82.8 49.2 80.4 83.3 81.9 86.0 28.0 80.9 91.9
SilstSkelet BiFusion [27] MTA23 | 93.0 78.1 68.3|69.8 62.3 45.4 60.9 543 63.5 77.8 33.7 62.1 83.4
Lstokeleton | gkeletonGait++ [11]| AAAT24 | — — 85.1 82.9 46.6 81.9 80.8 82.5 86.2 47.5 81.3 95.5
Sils+Parsing+Flow | MultiGait++[15] | AAAI'25 | —  —]92.0 894 504 87.6 89.7 89.1 93.4 45.1 87.4 95.6
RGB | BigGait[50] | CVPR24 [100.0 99.6 90.5]96.1 97.0 73.2 97.2 96.0 93.2 99.3 853 96.2 98.7
RGB+Sils | DenoisingGait | Ours |100.0 99.9 91.5/98.4 96.3 79.0 95.3 97.1 94.7 99.3 69.5 95.4 98.4

Table 4. Cross-domain Evaluation, in which all methods are
trained on CCPG and tested on CASIA-B* and SUSTech1K.

Trained on CCPG
|  CASIA-B* | SUSTechl1K
Model 'NM BG CL [NM BG CL UM  Overall
GaitSet [2] | 47.4 409 258 [ 115 145 82 110 128
GaitBase [9] | 59.1 527 304|166 197 97 138 173
BigGait [50] | 774 715 336 | 60.7 572 437 411 564
Ours | 839 761 348|669 597 373 457 591

of +1.4% on CL subset, +2.1% on UP subset, +2.9% on DN
subset, +2.8% on BG subset, and +2.3% on average across
all subsets. These results highlight DenoisingGait’s effec-
tiveness in learning robust static and dynamic gait features
by filtering out color and texture elements. The visualiza-
tion of gait feature fields and their activation focus in Fig-
ure 4 also illustrate the robustness of DenoisingGait.

Table 3 shows the within-domain evaluation on CASIA-
B* [52] and SUSTechlK [32]. In most cases, Denoising-
Gait outperforms other SOTA methods. However, its per-
formance under night (NT) conditions on SUSTech1K [32]
is somewhat limited, due to low-quality silhouettes in such
settings. More details are provided in the Supplementary
Material. Even so, DenoisingGait achieves notable gains
over other silhouette-based methods, demonstrating its ro-
bustness.

The CASIA-B*[52] and SUSTechl1K[32] datasets in-
clude limited clothing variations and do not mask faces or
shoes. As noted by CCPG [17] dataset, evaluating RGB-
based methods on these datasets may not accurately re-
flect real-world gait recognition performance, as algorithms
can focus on the consistently visible features, such as face
and shoes, which remain unchanged across samples. We
align with this viewpoint and therefore recommend the
CCPG [17] dataset as the primary benchmark for evaluat-
ing RGB-based gait recognition methods. Additionally, this
work introduces cross-domain evaluation to further validate
the effectiveness of DenoisingGait, as described below.

Table 5. Ablation study on the knowledge-driven denoising: Dif-
fusion (Ours) vs. No Denoising (RGB Input) vs. Color Denoising
(Gray Image Input) vs. DINOV2 and vs. Sils+Flow.

put | Feature | CCPG
P Matching | "ol 0p DN BG  RI
Diffusion v 840 88.0 90.1 959 895
Features X 764 798 851 912 831
RGB v 779 830 877 944 858
Image X 622 684 757 825 722
Gray Image ‘ v ‘ 75.6 814 862 92.0 838
DINOv2 v 784 832 857 923 849

Features

Sils+Flow | N/A | 795 83.1 840 846 8238

Table 6. Ablation study on feature matching module.

Within-frame ~ Cross-frame | CCPG
Matching Matching ‘ CL UP DN BG RI
X X 764 79.8 851 912 83.1
X v 684 736 809 879 777
v X 82.0 86.5 899 954 885
v v 84.0 88.0 90.1 959 89.5

Cross-domain Evaluation. As shown in Table 4, cross-
domain experiments (trained on CCPG, tested on CASIA-
B* and SUSTech1K) further validate the generalization ca-
pability of DenoisingGait. We evaluated several SoTA
methods based on silhouettes and RGB images. In most
cases, DenoisingGait outperforms other SoTA methods.
Specifically, it improves by +6.5% in NM, +4.6% in BG,
and +1.2% in CL scenarios on CASIA-B*, and achieves an
overall improvement of +2.7% on SUSTechl1K. Although
its CL performance has not reached the highest, it remains
highly competitive. More cross-domain experiments can be
found in the Supplementary Material.

4.4. Ablation Study

All ablation experiments are conducted on CCPG [17].
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Knowledge-driven Denoising by Diffusion Model. Ta-
ble 5 presents the results of incorporating DenoisingGait
with various denoising knowledge: generative diffusion
(Ours), no denoising (RGB input), color denoising (gray
image input), DINOv2 representation [26], and traditional
gait representation like silhouette and optical flow. Com-
pared to RGB images, Table 5 demonstrates that the diffu-
sion model effectively filters out gait-irrelevant cues in the
videos. The performance improvement over grayscale im-
ages further emphasizes that the diffusion model not only
removes color information but also filters out other non-
essential cues. While DINOv2 excels in representation
learning, it is not specifically designed for denoising and
thus show no improvements for DenoisingGait. We also
include two gait modalities, silhouette and optical flow. De-
noisingGait outperforms GaitBase®*/ with improvements
of +4.5% in the CL subset, +4.9% in UP, +6.1% in DN,
+11.3% in BG, and +6.7% on average across all subsets.
These results highlight the advantages of using the diffu-
sion model as a knowledge-driven denoising module.
Geometry-driven Denoising by feature matching. Ta-
ble 6 shows that both within-frame and cross-frame feature
matching contribute to the improvements of DenoisingGait.
The visualization and discussion of the respective roles of
within-frame and cross-frame matching for gait description
can be found in Sec. 3.3. It is worth mentioning that using
only cross-frame matching, i.e., taking only the dynamic
gait feature fiedl GPY™™ a5 input (similar to GaitBase/ [9],
which uses the optical flow as input in Table 3), result in
inferior performances. This aligns with the fact that static
appearance features are crucial for gait description.

Table 7 presents additional ablation results on the within-
frame feature matching mechanism. We conducted ex-
periments to assess the impact of background removal (as
defined in Eq.4) and texture suppression (as described in
Eq.9). Itis important to note that cross-frame feature match-
ing was kept consistent throughout these experiments, and
when background removal was excluded, cross-frame fea-
ture matching was also omitted. Without the background re-
moval operation, recognition performance drops noticeably,
indicating that irrelevant background factors interfere with
our geometry-driven denoising process, thereby damaging
gait feature extraction. With the background removal op-
eration, we found that applying the texture suppression op-
eration significantly improves the Rank-1 accuracy across
all scenarios, especially with a +3.0% improvement in CL
scenarios. This performance improvement indicates that the
texture suppression operation effectively enhances Denois-
ingGait’s texture-invariant gait feature learning.

5. Challenges and Conclusions

Challenges. Recent studies [50] highlight a pioneering
trend of incorporating general knowledge of visual world

Table 7. More ablation results on Within-frame feature matching.

Eq. 9, Texture Eq. 4, Background ‘ CCPG
Suppression Removal ‘ CL UP DN BG RI
X X 73.1 78.1 843 915 818
v X 700 754 823 884 79.0
X v 81.0 86.5 89.7 957 882
v v 84.0 88.0 90.1 959 895

into gait recognition. Related works often leverages large
vision models, including discriminative models like DI-
NOvV2 [26] and generative models such as the Latent Dif-
fusion Models [29] we use. However, these large models
demand extensive training data, high computational costs,
and substantial storage, all while advancing rapidly. Ef-
fectively utilizing and fairly comparing these diverse mod-
els, with due consideration of these costs, remains an un-
explored issue for gait recognition. Additionally, fully ex-
tracting useful features from walking videos while filtering
out identity-irrelevant factors to create reliable gait pattern
descriptions continues to be a persistent challenge for RGB-
based gait methods [37, 50, 55]. In many cases, the propor-
tion of cross-clothing pairs in the training data plays a criti-
cal role [50], yet most of existing gait datasets contain only
limited clothing changes. Supplementary Material shows
that DenoisingGait encounters a similar issue.

Conclusions. The differences among pedestrians in videos
are subtle since a video is in a very high dimensional
space and with many noises. It makes gait recognition a
very challenging task and is attracting increasing attentions.
In our method, gait feature extraction is treated as a de-
noising process. This is achieved through the innovative
use of diffusion model for knowledge-driven denoising and
geometry-driven denoising by feature matching. In addition
to achieving a new state-of-the-art, the success of using a
generative model for a challenging discriminative task high-
lights the potential of generative models. Furthermore, the
geometry-driven denoising based on feature matching trans-
forms features into gait feature fields, effectively masking
gait-irrelevant cues while enhancing both structural charac-
teristics and motion features. We hope our work can in-
spire more researchers and encourage the exploration of ad-
ditional gait denoising approaches in the future.
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