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DIFFUSION PRETRAINING FOR GAIT RECOGNITION IN THE WILD

Wei Ming Neo⋆† Koichi Shinoda† Tat-Jen Cham⋆

⋆ Nanyang Technological University, Singapore
† Institute of Science Tokyo

ABSTRACT

Recently, diffusion models have garnered much attention for

their remarkable generative capabilities. Yet, their applica-

tion for representation learning remains largely unexplored.

In this paper, we explore the potential of diffusion models

to pretrain the backbone of a deep learning model for a spe-

cific application—gait recognition in the wild. To do so, we

condition a latent diffusion model on the output of a gait

recognition model backbone. Our pretraining experiments

on the Gait3D and GREW datasets reveal an interesting phe-

nomenon: diffusion pretraining causes the gait recognition

backbone to separate gait sequences belonging to different

subjects further apart than those belonging to the same sub-

jects. Subsequently, our transfer learning experiments on

Gait3D and GREW show that the pretrained backbone can

serve as an effective initialization for the downstream gait

recognition task, improving gait recognition accuracies by as

much as 7.9% on Gait3D and 4.2% on GREW.

Index Terms— Diffusion Models, Gait Recognition,

Representation Learning

1. INTRODUCTION

Gait, the unique manner in which a person walks, offers

a way to identify individuals, alongside the more common

biometric modalities like fingerprints and irises. With the

emergence of deep learning, advancements in computer vi-

sion architectures, and the collection of well-labelled gait

datasets, deep gait recognition has become an increasingly

popular area of research over the last few years [1]. Conse-

quently, owing to the efforts of many previous works, it has

become possible to achieve impressive accuracy performance

on existing controlled datasets such as CASIA-B [2] and OU-

MVLP [3]. However, when these techniques are applied to

recently released in-the-wild gait datasets such as Gait3D [4]

and GREW [5], their performance pales in comparison, high-

lighting their limited applicability to unconstrained settings.

As a result, recent studies [4, 5, 6, 7, 8] have begun shifting

their focus towards addressing the more challenging problem

of gait recognition in the wild.

Diffusion models [9, 10, 11, 12] have recently emerged as

a dominant paradigm in generative modeling, surpassing tra-

ditional approaches like variational autoencoders (VAEs),

flow-based models, and generative adversarial networks

(GANs). Their stability during training and ability to produce

high-quality, realistic outputs—spanning images, videos, and

audio—have driven widespread adoption across academia

and industry. However, amidst the hype surrounding their

generative capabilities, other promising directions of diffu-

sion models remain relatively unexplored.

One particularly promising direction involves utilizing

diffusion models for representation learning. Conditional

diffusion models, for instance, can generate specific data

based on provided conditions, often leveraging features from

discriminative models [13, 14]. This begs the question: if dif-

fusion models can generate precise outputs when conditioned

on discriminative features, could the process be reversed?

Specifically, could a model be trained to extract discrimina-

tive features for accurate input reconstruction using the same

diffusion loss?

Despite growing interest in applying diffusion-based

representations to common tasks like image classification

[15, 16, 17], their potential for more specialized applications,

such as gait recognition, remains largely untapped. More-

over, prior studies often neglect finetuning the learnt repre-

sentations on downstream tasks, overlooking the pretraining

potential of diffusion training.

Considering the limited research on diffusion-based rep-

resentation learning in gait recognition, particularly for chal-

lenging in-the-wild scenarios, we propose a diffusion-based

approach to pretrain the backbone of a gait recognition model

by using its output as a condition for a latent diffusion model.

We then initialize the gait recognition model with the pre-

trained backbone and perform transfer learning on the down-

stream gait recognition task. To evaluate this approach, we

conducted extensive applicability studies with multiple exist-

ing gait recognition models, including GaitGL [6], GaitPart

[18], GaitSet [19], SMPLGait w/o 3D [4], and GaitBase [7],

using two in-the-wild datasets, Gait3D [4] and GREW [5].

Our finding reveals that during diffusion pretraining, the

gait recognition model backbone, regardless of its architec-

ture, learns to separate gait sequences belonging to different

subjects further apart than those belonging to the same sub-

ject, even without explicit supervision. This results in a steady

improvement in gait recognition performance, demonstrating



the potential of diffusion pretraining for learning discrimina-

tive features. Subsequently, when initialized with the pre-

trained backbone and further finetuned, the gait recognition

model outperforms its trained-from-scratch counterpart by as

much as 7.9% on Gait3D and 4.2% on GREW. This remains

the case even when the number of supervised training itera-

tions is significantly reduced by as much as 89% on Gait3D

and 70% on GREW.

To the best of our knowledge, we are first to explore dif-

fusion training for representation learning in gait recognition

and demonstrate its effectiveness as a pretraining approach

for the gait recognition task. We provide the results of our

extensive ablation studies in the Supplementary Materials1.

2. RELATED WORK

Gait Recognition: With the advent of deep learning, gait

recognition has evolved into a task of extracting discrimina-

tive features from gait sequences and projecting them into em-

beddings that can be compared using distance metrics such

as Euclidean or cosine distances. These gait sequences typi-

cally come in the form of either silhouettes or skeletons, with

silhouette-based recognition being more dominant [1].

State-of-the-art research in deep gait recognition primar-

ily focuses on designing robust backbone networks to maxi-

mize the extraction of meaningful gait features. [6, 7, 8, 19,

18, 20]. Inspired by the field of person re-identification, tech-

niques such as horizontal pyramid matching [21] and batch

normalization neck [22] have been adapted to further enhance

gait recognition accuracy. In parallel, self-supervised learning

approaches [23, 24] have gained traction, particularly con-

trastive learning frameworks that treat augmented versions of

the same gait sequence as positive pairs and sequences from

different individuals as negative pairs.

While many of these methods demonstrate impressive

performance on controlled datasets such as CASIA-B [2] and

OU-MVLP [3], their efficacy diminishes when applied to

recently introduced in-the-wild datasets [4, 5]. These datasets

introduce realistic complexities, including occlusions, vary-

ing camera viewpoints, and inconsistent lighting conditions,

making them a critical testbed for robust gait recognition.

Enhancing the generalization of gait recognition models to

perform reliably in such unconstrained environments re-

mains an open and pressing research challenge. To this end,

OpenGait [7] has recently been introduced. Several previous

works that precede the introduction of in-the-wind datasets

have been reproduced, trained, and evaluated on the in-the-

wild datasets, serving as baselines for further research in gait

recognition in the wild.

Diffusion: Diffusion models [9], particularly Denoising

Diffusion Probabilistic Models [10], have become a promi-

nent area of research due to their generative prowess. A typ-

1https://dx.doi.org/10.60864/k68n-qf22

ical diffusion process comprises two phases: the forward and

reverse phases. In the forward phase, a data sample is pro-

gressively corrupted into near-pure noise by iteratively adding

noise across a series of timesteps based on a predefined noise

schedule. Conversely, in the reverse phase, a model iteratively

removes noise from a noisy sample, reconstructing a clean

sample. By training to predict the added noise in the noisy

data at any timestep of the forward process, diffusion mod-

els learn a mapping from random noise to the data manifold,

enabling their generative capability.

To achieve more precise generation, conditional diffu-

sion models extend this process by incorporating additional

prompts to learn conditional data distributions. Various

enhancements have been proposed to improve the sample

quality of these models, with classifier-free guidance [25]

emerging as a simple yet effective technique.

To address the computational and memory demands as-

sociated with high-resolution data, latent diffusion models

[12] have been introduced. These models first encode data

into a lower-dimensional latent space before applying the dif-

fusion process, significantly reducing resource consumption

while maintaining generative quality. Additionally, training

efficiency has been further improved through advancements

such as optimized noise schedulers [10, 11, 12] and timestep

weighting strategies [26, 27], which prioritize specific noise

ranges during the diffusion process to enhance convergence.

While diffusion models initially gained traction in image gen-

eration, they have proven versatile across domains, including

video and audio.

Despite their impressive generative capabilities, their po-

tential for learning meaningful representations remains under-

explored. In the field of image recognition, Hudson et al.

[16] demonstrate that diffusion models can learn strong se-

mantic representations that support downstream classification

tasks. However, the applicability to other domains remains

uncertain, and the impact of finetuning these representations

on downstream tasks has yet to be thoroughly investigated.

3. PROPOSED METHOD

In this section, we introduce our proposed method, which

consists of two stages: (1) pretraining with diffusion and (2)

transfer learning on the downstream gait recognition task.

3.1. Diffusion Pretraining

To learn gait representations via diffusion, we employ an end-

to-end trainable conditional latent diffusion model. Our ar-

chitecture (Fig. 1) consists of three main components—an

encoder E , a denoiser D, and a gait feature extractor G. The

encoder first compresses an input silhouette sequence into a

latent representation, which is then added with random noise

and denoised via the denoiser. Concurrently, relevant features

from the input silhouette sequence are extracted via the gait
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Fig. 1. Proposed architecture. Only the gait feature extractor

and video denoiser are trained during diffusion pretraining.

feature extractor and these features are pooled and passed on

as a condition to aid the denoiser in the denoising process for a

more precise reconstruction of the input silhouette sequence.

Encoder: Considering its small size and decent encoding

ability, we use the open-sourced Tiny AutoEncoder for Stable

Diffusion (TAESD) [28] as our encoder.

Denoiser: For the denoiser, given the lack of open-

sourced pretrained gait silhouette sequence diffusion models,

we adapt a recent video diffusion model [14] for our use case.

Gait Feature Extractor: The gait feature extractor is de-

rived from the backbone of a deep gait recognition model.

To evaluate the proposed approach, we adopt various existing

backbones, including GaitGL [6], GaitPart [18], GaitSet [19],

SMPLGait w/o 3D [4], and GaitBase [7].

Pooling Method: Since the denoiser requires one- dimen-

sional tensor conditions, the two-dimensional gait features are

pooled. In particular, mean pooling is used, following our ab-

lation study. The pooled features are then concatenated with

timestep conditions and used to scale and bias the activations

within the denoiser layers [29].

Input Pretreatment : To allow the gait extractor to fo-

cus learning on gait information, the autoencoder E and gait

feature extractor G are presented with subsequences sampled

from the same silhouette sequence via different sampling al-

gorithms. We denote this pair of input subsequences as s =
(sE , sG).

As a video diffusion model is used for the denoiser, N

frames are sampled consecutively from the silhouette se-

quence to serve as sE . As for sG , we sample N frames using

the sampling algorithm employed by the authors who pro-

posed the respective backbones [6, 18, 19, 4, 7]. We fixed

N = 30 throughout the study.

To increase the generalizability of the model, sE and

sG are augmented separately with a composition of Rando-

mAffine, RandomPerspective, RandomHorizontalFlip, Ran-

domPartDilate [24] and RandomPartBlur.

Noise Scheduler and Loss Weighting Strategy: For

representation learning, prioritizing medium noise has been

shown to be more effective than the high- or low-noise focus

typical of generative tasks. We adopt an inverted cosine noise

scheduler [16] and implement a medium noise prioritization

strategy. Specifically, we modify the Min-SNR weighting

strategy [26], which downweighs losses from low noise lev-

els, to also downweigh losses from high noise levels.

Loss Function : To pretrain our gait recognition model

via diffusion, we use the L2 noise prediction loss, which can

be summarized as:

Ldiffusion = ||ϵ−D(E(sE)t, t,G(sG)pooled)||
2

2
(1)

where E(sE)t is the noised latent representation fed to the

denoiser D, at timestep t ∈ (0, 1000] of the forward diffu-

sion process, ϵ ∼ N (0, I) is the random noise added, and

G(sG)pooled is the pooled gait feature condition. During dif-

fusion pretraining, the denoiser and gait feature extractor are

trained from scratch while the pretrained TAESD encoder is

kept frozen. A higher learning rate is assigned to the gait fea-

ture extractor to enable it to better guide the denoiser during

training, following the work of Hudson et al. [16].

3.2. Transfer Learning

Once the gait feature extractor is trained by diffusion, we eval-

uate it on the downstream gait recognition task. We replicate

the remaining parts of the gait recognition model accordingly

and initialize the weights of the gait backbone with the ones

learnt during diffusion pretraining. The untrained parameters

are initialized based on the settings provided by OpenGait.

During transfer learning, each gait recognition model is

trained using the standard triplet loss, Ltriplet, for identifica-

tion. We use cosine distance, as it yields better results for ex-

isting works (Supplementary Material). Additionally, some

methods, such as GaitBase and SMPLGait w/o 3D, also in-

corporate a smoothed identity loss, LID, by having another

module predict the identity of each gait sequence to enhance

the gait recognition performance. In this case, the net loss is

the sum of the triplet loss and the reweighted identity loss:

Lnet = Ltriplet + 0.1 · LID (2)

4. EXPERIMENTS

4.1. Experimental Setup

With the focus on practical gait recognition, two datasets

meant for gait recognition in the wild, namely, Gait3D [4] and

GREW [5], were chosen. For pretraining, we used AdamW

with warmup and cosine annealing with a learning rate of

1e−4 for the denoiser and 5e−4 for the gait feature extractor.

The models were trained for 120k iterations with a batch

size of 64 for Gait3D and 128 for GREW. More specific

hyperparameter settings are detailed in the Supplementary

Materials.



Table 1. Rank-1 accuracy on Gait3D and GREW. GaitPart on GREW is excluded due to training instability with cosine distance.

Train iterations: X + Y denotes Xk diffusion pretraining followed by Yk transfer learning. For GaitBase on GREW, transfer

learning iterations are 90k (without augmentation) and 120k (with augmentation).

Method

Gait3D GREW

Rank-1 Accuracy (%)
r

Train Iter. Rank-1 Accuracy (%)
r

Train Iter.

✗ Data Aug. ✓ Data Aug. (×103) ✗ Data Aug. ✓ Data Aug. (×103)

Reproduced Baseline

GaitGL 29.2 32.4 - 180 54.0 58.4 - 250

GaitPart 31.2 38.7 - 180 - - - -

GaitSet 42.2 47.8 - 180 48.1 53.1 - 250

SMPLGait w/o 3D 45.5 42.9 - 180 47.6 52.1 - 250

GaitBase 56.5 65.8 - 60 58.1 61.8 - 180

Diffusion Pretraining + Transfer Learning with Frozen Backbone

GaitGL 17.0 - 0.0 120 + 60 32.2 - 0.0 120 + 125

GaitPart 18.8 - 0.0 120 + 60 - - - -

GaitSet 23.5 - 0.0 120 + 60 33.5 - 0.0 120 + 125

SMPLGait w/o 3D 30.7 - 0.0 120 + 60 36.0 - 0.0 120 + 125

GaitBase 35.0 - 0.0 120 + 60 40.5 - 0.0 120 + 90

Diffusion Pretraining + Transfer Learning with Finetuning of Backbone

GaitGL 34.4 ↑5.2 34.4 ↑2.0 0.1 120 + 60 56.3 ↑2.3 58.6 ↑0.2 1.0 120 + 125

GaitPart 35.7 ↑4.5 41.7 ↑3.0 0.5 120 + 60 - - - -

GaitSet 45.0 ↑2.8 49.9 ↑2.1 0.5 120 + 60 52.0 ↑3.9 55.4 ↑2.3 1.0 120 + 125

SMPLGait w/o 3D 53.4 ↑7.9 60.7 ↑17.8 0.5 120 + 60 51.8 ↑4.2 54.1 ↑2.0 1.0 120 + 125

GaitBase 62.3 ↑5.8 69.7 ↑3.9 1.0 120 + 60 58.5 ↑0.4 62.0 ↑0.2 0.5 120 + 90/120
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Fig. 2. Rank-1 accuracy curves during diffusion pretraining

on Gait3D and GREW (GaitSet).

For transfer learning, we trained and evaluated on the

same dataset that was used during diffusion pretraining. We

used the rank-1 gait recognition accuracy as our main eval-

uation metric. For GREW, we submitted the results to the

official website for evaluation.

To evaluate the effectiveness of our proposed method, we

reproduced the results of the corresponding gait recognition

models on Gait3D and GREW trained solely via the super-

vised objective. The performance of each reproduced base-

line, with and without data augmentation, is presented in Ta-

ble 1.

4.2. Diffusion Pretraining Results

To evaluate whether the gait feature extractor learns useful

features during diffusion pretraining, we measured gait recog-

nition performance at various pretraining checkpoints (Fig.

2). This was done by inputting the test set’s silhouette se-

quences into the extractor and determining similarity using

cosine or Euclidean distances between the output gait fea-

tures. For brevity, we present results for GaitSet pretrained on

Gait3D and GREW, with findings for other models included

in the Supplementary Materials.

We observed a steady improvement in gait recognition

performance during pretraining, indicating that the gait fea-

ture extractor learns meaningful features for gait recognition,

even while only reconstructing inputs at this stage.
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Fig. 3. Mean cosine distance of anchor-positive pair and

anchor-negative pair during diffusion pretraining on Gait3D

and GREW (GaitSet).

To investigate further, we recorded the mean cosine dis-

tance between anchor-positive and anchor-negative pairs

within a batch during pretraining (Fig. 3). Interestingly,

the difference in distance between these pairs increased and

stabilized, regardless of the dataset or gait feature extractor

architecture. This suggests that diffusion pretraining inher-

ently encourages separation between anchor-positive and

anchor-negative pairs, despite the absence of explicit super-

visory signals, explaining the observed improvement in gait

recognition performance.

4.3. Transfer Learning Results

Frozen Backbone: With the backbones of the various gait

recognition models pretrained via diffusion, we evaluated

their performance on downstream tasks by freezing the pre-

trained backbones and training only the remaining layers via

supervised learning.

Table 1 shows that transfer learning with pretrained back-

bones achieves up to 75% of baseline accuracy, confirming

that diffusion pretraining extracts useful gait features. How-

ever, these features are less discriminative than those from

full supervision, likely due to the inclusion of irrelevant re-

construction features. Despite this, diffusion pretraining cap-

tures key discriminative features, highlighting its potential as

a pretraining approach.
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Fig. 4. Rank-1 gait recognition accuracy curves when no data

augmentation is applied during supervised training (Gait3D).

Table 2. Rank-1 accuracy on GREW with further reduction

in supervised training iterations.

Method

GREW

Rank-1 Accuracy (%) Train Iter.

✗ Data Aug. ✓ Data Aug. (×103)

GaitGL 54.3 56.1 120 + 75

GaitSet 51.1 53.3 120 + 75

SMPLGait w/o 3D 50.3 51.8 120 + 75

Finetuning of the Backbone: We finetuned the pre-

trained backbones to assess potential improvements. During

finetuning, we found that the learning rate ratio between pre-

trained and untrained layers, r, is a key hyperparameter. We

attempted r ∈ {0.1, 0.5, 1.0} for Gait3D and GREW and

applied a small weight decay (5e−5) to mitigate overfitting

on GREW. Table 1 shows the best finetuning results obtained

with the corresponding value of r used. Results for other r

values are in the Supplementary Materials.

As shown in Table 1, all models initialized with diffusion-

pretrained backbones outperformed their trained-from-scratch

counterparts, even with significantly fewer supervised train-

ing iterations. Excluding the anomalous case for SMPL-

Gait w/o 3D which deteriorated with data augmentation on

Gait3D, rank-1 accuracy improved by up to 7.9% on Gait3D

and 4.2% on GREW. Moreover, Fig. 4 highlights that with

diffusion-pretrained backbones, models surpassed supervised

baselines within just as little as 20k iterations—an 89% re-

duction in supervised training iterations. On GREW, GaitGL,

GaitSet, and SMPLGait w/o 3D maintained competitive per-

formance after being finetuned for only 30% of the baselines’

training iterations (Table 2). Notably, diffusion pretraining

mitigated poor initialization issues, reinforcing its value as a

strong starting point for the downstream gait recognition task.

5. CONCLUSION

In summary, we propose a diffusion pretraining approach for

gait recognition in the wild. By conditioning a denoiser on the

output of a gait feature extractor, we can pretrain the extractor

to capture relevant gait features. Initializing the gait recog-

nition model with the pretrained backbone and finetuning it

on the downstream gait recognition task allows it to outper-

form its supervised learning counterpart while requiring far

less supervised training time. We hope this work inspires fur-

ther exploration of diffusion models for representation learn-

ing across gait recognition and beyond.
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