
21 September 2026

POLITECNICO DI TORINO
Repository ISTITUZIONALE

Leveraging Text-to-Video Diffusion Models for Synthetic Gait Dataset Generation and Appearance-Robust Person
Recognition / Boscolo, F., Lamberti, F.. - ELETTRONICO. - (In corso di stampa). (22nd International Conference on
Advanced Visual and Signal-Based Systems (AVSS) Lecce (IT) Aug. 31 - Sep. 1-2-3, 2026).

Original

Leveraging Text-to-Video Diffusion Models for Synthetic Gait Dataset Generation and Appearance-
Robust Person Recognition

IEEE postprint/Author's Accepted Manuscript

Publisher:

Published
DOI:

Terms of use:

Publisher copyright

©9999 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any
current or future media, including reprinting/republishing this material for advertising or promotional purposes, creating
new collecting works, for resale or lists, or reuse of any copyrighted component of this work in other works.

(Article begins on next page)

This article is made available under terms and conditions as specified in the  corresponding bibliographic description in
the repository

Availability:
This version is available at: 11583/3012337 since: 2026-06-22T14:00:06Z

IEEE



Leveraging Text-to-Video Diffusion Models for
Synthetic Gait Dataset Generation and
Appearance-Robust Person Recognition

Federico Boscolo
Dept. of Control and

Computer Engineering
Politecnico di Torino

Turin, Italy
federico.boscolo@polito.it

Fabrizio Lamberti
Dept. of Control and

Computer Engineering
Politecnico di Torino

Turin, Italy
fabrizio.lamberti@polito.it

Abstract—Gait recognition accuracy drops 10-25% when sub-
jects wear coats or carry bags, yet collecting diverse training data
is costly. This paper proposes a text-to-video diffusion pipeline to
synthesize realistic gait data. Unlike prior silhouette generation,
we produce full video sequences with identity-consistent faces,
enabling direct application to multimodal face-gait access control
systems. Using a custom three-stage pipeline, we generate 200
synthetic identities across Normal Walking (NM), Coat-wearing
(CL), and Bag-carrying (BG) conditions in indoor and outdoor
environments. Sim-to-real transfer learning on CASIA-B demon-
strates that synthetic pre-training followed by real NM fine-
tuning boosts CL accuracy from 31% to 95%. This matches fully-
supervised baselines without requiring real appearance-varied
data, enabling balanced 50-50 fusion of face and gait modalities
that reaches 99.6% accuracy.

Index Terms—face recognition, gait recognition, text-to-image,
image-to-video, synthetic data, deep learning

I. INTRODUCTION

Access control systems increasingly rely on multimodal
face-gait recognition to identify subjects approaching from a
distance [1], [2]. While face recognition is robust at close
range, gait enables distance identification but suffers severe
accuracy drops (10–25%) under clothing variations like coats
or bags [3], [4], [5], [6].

Addressing this vulnerability is hindered by the scarcity of
diverse training data. Existing synthetic approaches generate
silhouettes [7], discarding facial information essential for
multimodal identity matching. To address the lack of attention
to facial and other contextual data, we present a generative AI
pipeline that uses text-to-video diffusion models to synthesize
full RGB gait videos with controlled appearance variations
and identity-consistent faces, for use in multimodal face-
gait fusion approaches. Our three-stage approach utilizes text-
to-image synthesis, vision-language appearance editing, and
pose-guided video generation to enable sim-to-real transfer
learning.

This work is part of the project PNRR-NGEU which has received funding
from the MUR – DM 117/2023.

Evaluating on frontal-view CASIA-B sequences [3], syn-
thetic pre-training boosts coat-condition accuracy from 31%
to 95%, surpassing fully-supervised baselines without real
appearance-varied data.

The main contributions of this work are:
• A three-stage generative pipeline yielding appearance-

varied, identity-consistent RGB gait videos for both uni-
modal and multimodal recognition.

• A sim-to-real transfer strategy that learns appearance-
invariant gait features.

• Experimental validation matching fully-supervised per-
formance on CASIA-B without real appearance-varied
data.

• Demonstration of balanced, highly accurate multimodal
face-gait fusion using synthetic-enhanced gait features.

The remainder of this paper is organized as follows: Sec-
tion II reviews related work, Section III details our pipeline,
Section IV presents results, and Section V provides conclu-
sions.

II. RELATED WORK

We review relevant literature in three areas that inform our
approach: methods for handling appearance variations in gait
recognition, generative models for synthesizing biometric data,
and techniques for bridging the synthetic-to-real domain gap.

A. Gait Recognition Under Appearance Variations

Gait recognition methods are mainly categorized into
model-free and model-based approaches. Many model-free
techniques, particularly Gait Energy Image (GEI) [8], rely on
silhouette-based representations, making them easier to imple-
ment but highly sensitive to variations in clothing and carrying
conditions. Model-based methods construct explicit models of
human body structure and estimate joint movements, offering
greater robustness at the cost of computational complexity.

With the advent of deep learning, silhouette-based ap-
proaches using CNN backbones became dominant due to their



strong performance on standard benchmarks. GaitSet [9] intro-
duced set-based processing of silhouette sequences, achieving
96.1% rank-1 accuracy on CASIA-B under normal walk-
ing (NM) conditions but experiencing significant degrada-
tion under appearance variations (coat-wearing, CL, and bag-
carrying, BG). GaitPart [10] extended this approach with tem-
poral part-based modeling, extracting spatiotemporal features
from different body regions.

Skeleton-based approaches instead directly model body joint
positions. Gait-TR [11] combines spatial transformers with
temporal CNNs, GaitGraph [12] applies graph convolutional
networks to 2D pose estimates, while PoseGait [13] uses 3D
poses with specially designed spatial-temporal features. De-
spite these advances, collecting sufficient training data across
diverse appearance conditions remains highly expensive, mo-
tivating synthetic data approaches. Notably, this appearance
sensitivity affects not only standalone gait recognition but also
multimodal systems where gait serves as a complementary
modality to face recognition [1]; improving gait robustness
is therefore critical for enhancing overall person identification
performance in such systems.

B. Generative Models for Synthetic Biometric Data

Diffusion models have revolutionized generation of syn-
thetic data. Recent work addresses motion synthesis with body
shape conditioning [14] and temporal consistency [15], [16].

For gait-specific synthesis, Sawicki [17] compared GAN,
VAE, and LSTM-MDN models for synthesizing gait data from
100 VR-captured subjects. LSTM-MDN synthetic samples
improved F1-score from 0.928 to 0.966 for biometric identifi-
cation, while GAN-generated samples performed poorly with
attention-based classifiers.

GAN-based approaches have shown promise for gait do-
main translation. Alsaggaf et al. [7] use CycleGANs to trans-
late gait energy images affected by bags or coats to normal
GEIs in an unsupervised manner. Gao et al. [18] demonstrate
GAN-based perspective transformation achieving 98.32% on
CASIA-B through view normalization. These works focus
on transforming existing real gait data rather than generating
synthetic data from scratch. Moreover, all existing approaches
operate on silhouette or skeleton representations, discarding fa-
cial appearance information. This limitation prevents their ap-
plication to multimodal systems requiring identity-consistent
faces across appearance variations. Our work addresses this
gap by generating complete video sequences that preserve both
gait patterns and facial identity.

C. Synthetic Data for Computer Vision

The effectiveness of synthetic data for computer vision tasks
is well-established across multiple domains. The NOVA frame-
work [19] demonstrates Unity-based photorealistic rendering
with procedurally generated humans, featuring 36 major body
types and diverse clothing. Domain adaptation techniques
bridge the synthetic-to-real gap. Liao et al. [20] demonstrate
end-to-end Sim2Real transfer using CycleGAN for image
translation combined with hybrid transfer learning. Domain

TABLE I: Performance degradation of state-of-the-art gait
recognition methods on CASIA-B under cross-condition sce-
narios.

Method Type NM BG CL Drop†

GaitSet [9] Silhouette 95.0 87.2 70.4 24.6
GaitPart [10] Silhouette 96.2 91.5 78.7 17.5
GaitBase [5] Silhouette 97.6 94.0 77.4 20.2
CSTL [6] Silhouette 98.7 96.2 88.7 10.0

PoseGait [13] Skeleton 68.7 66.3 49.5 19.2
GaitGraph [12] Skeleton 87.7 74.8 66.3 21.4
Gait-TR [11] Skeleton 96.0 91.3 90.0 6.0
†Drop = NM − CL accuracy difference (percentage points).

randomization [21] successfully transferred deep networks
trained only on simulated RGB images to real-world robotic
control. Recent meta-analyses show that, for urban scene
understanding, models trained on 50% real + 50% synthetic
data performed best [22], while other works achieved 96%
recall using purely synthetic training [23]. These findings
demonstrate that synthetic pre-training generally allows learn-
ing appearance-invariant features without collecting costly
real-world data.

III. METHODOLOGY

This section presents our approach to generating synthetic
gait training data with controlled appearance variations. We
first describe our three-stage generation pipeline, then detail
the sim-to-real transfer learning strategy and integration with
a multimodal framework.

A. Overview and Motivation

Table I summarizes the performance degradation of state-
of-the-art gait recognition methods under appearance varia-
tions on CASIA-B. Even the best-performing methods exhibit
accuracy drops of 10–25 percentage points between normal
walking (NM) and coat-wearing (CL) conditions, confirming
that appearance sensitivity remains a critical challenge.

We address this challenge through text-to-video diffusion
models. Two key design choices distinguish our approach from
prior work:

Full video generation instead of silhouettes. Prior
silhouette-based synthesis suffices for unimodal recognition
but discards facial appearance. Our pipeline generates com-
plete RGB video sequences with identity-consistent faces,
enabling direct application to multimodal face-gait systems.

Frontal viewing angle (0◦). We focus exclusively on
frontal-view sequences because it represents the dominant
acquisition scenario in access control, and restricting to a
single viewpoint reduces domain complexity during sim-to-
real transfer.

As illustrated in Figure 1, our hierarchical approach decou-
ples identity, appearance, and motion into separately control-
lable factors.
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Fig. 1: Overview of the proposed synthetic gait data generation pipeline. Stage 1 creates diverse anchor identities via text-
to-image synthesis. Stage 2 generates appearance variations (coat, bag) through vision-language editing while preserving
facial identity. Stage 3 produces walking videos using pose-guided synthesis, ensuring motion consistency across appearance
conditions. The synthetic dataset enables sim-to-real transfer learning for appearance-robust gait recognition.

B. Synthetic Data Generation Pipeline

We generate synthetic data through a three-stage process,
separating the generation of identity, clothing attributes, and
walking motion.

1) Stage 1: Text-to-Image Identity Synthesis: We em-
ploy a latent diffusion model (Stable Diffusion 3 Z-Image-
Turbo [24]) to create a diverse population of anchor identities.
To ensure demographic diversity representative of real-world
populations, we implement a procedural prompt generation
strategy using wildcard-based sampling. Wildcards sample
uniformly from predefined sets covering 10 gender/age com-
binations, 9 ethnicities, 640 clothing combinations (10 colors
× 8 tops × 8 bottoms), and 4 weather conditions (for the
outdoor environment).

To ensure cross-environment robustness, we generate N =
200 unique identities at 1024 × 1024 resolution under the
Normal Walking (NM) condition, split equally across two
distinct backgrounds: an outdoor parking lot and an indoor
underground garage. These anchor images serve as the identity
reference for subsequent appearance modification and video
generation stages.

2) Stage 2: Appearance Variation via Vision-Language
Editing: Direct text-to-image generation of subjects wearing

coats or carrying bags can produce inconsistent identities due
to the randomness introduced by the diffusion step.

Instead, we use Qwen-Image-Edit [25] for instruction-
guided image modification. Given an anchor image INM, we
prompt the model to “Make the person wear a heavy black
winter coat...” (coat-wearing, CL) or “Make the person carry
a large black duffel bag...” (bag-carrying, BG).

This approach produces three aligned start frames
{INM, ICL, IBG} for each generated identity, with consistent
facial features and body structure across conditions. The
resulting identity-condition pairs form the input for video
generation.

3) Stage 3: Pose-Guided Video Generation: The final stage
synthesizes walking videos from the static appearance frames,
ensuring motion consistency across appearance conditions.

Substep 3a: Normal Walking Video Generation. We
generate an NM video from INM using Wan2.2 5B TI2V [26]
with a natural gait prompt. To mitigate identity drift during
synthesis, we incorporate a FaceDetailer module [27] that
enhances facial regions across frames.

Substep 3b: Appearance Variant Video Generation. To
ensure CL and BG videos exhibit identical gait dynamics
to their NM counterparts, we employ Wan2.2 Fun-Control,
which accepts video-based motion conditioning. The generated



Fig. 2: Synthetic walking sequences: three identities (rows)
across NM, CL, and BG conditions (columns), showing iden-
tity consistency with controlled appearance variation. Identity
3 is from the indoor environment.

NM video serves as the motion reference, while ICL or IBG
defines the clothing. The model synthesizes new pixel content
following the exact motion trajectory of the reference video.

The resulting dataset comprises 800 videos (two NM se-
quences, one CL, one BG per subject, each 121 frames at 24
fps) of subjects that preserve identical temporal gait dynamics,
differing only in clothing appearance (Figure 2).

C. Training Strategy
Our approach leverages the synthetic dataset to pre-

condition the model before exposure to real data.
1) Pre-training on Synthetic Data: We train GaitBase [5]

on the 200 synthetic identities (800 sequences total) using
triplet loss. Pre-training proceeds for 10,000 iterations with
Adam optimizer and learning rate 10−4.

2) Fine-tuning on Real Data: The pre-trained model is fine-
tuned on CASIA-B subjects 1–74 using only normal walking
sequences (lr = 10−5). Since the model never observes
real CL or BG conditions during training, any improvement
on these variations is direct evidence of learned appearance
invariance.

D. Integration with Multimodal Recognition
Generating RGB video enables application to multimodal

biometric systems where both modalities must be extracted
from the same input sequence. We evaluate our features
within a score-level fusion framework [1], [2]. We extract
face features using GhostFaceNets [28] and gait features using
our synthetic-enhanced GaitBase model. Identity scores are
combined through weighted fusion:

sfusion = α · sface + (1− α) · sgait (1)

where α is determined empirically. By improving gait robust-
ness under appearance variations, our synthetic pre-training
reduces reliance on the face modality when gait would other-
wise fail, improving overall system reliability.

IV. EXPERIMENTS

We evaluate our synthetic data generation approach on the
CASIA-B benchmark, focusing on recognition performance
under appearance variations never observed during real-data
training.

A. Experimental Setup

Datasets & Protocol. To ensure cross-environment robust-
ness, our expanded synthetic dataset comprises 200 identities
generated across two diverse backgrounds (100 in an outdoor
parking lot, 100 in an indoor underground garage). Each iden-
tity is rendered under NM, CL, and BG conditions at a frontal
viewing angle (0◦). For each subject, one NM sequence is used
to guide generation of the CL, BG and second NM sequences.
Silhouettes are extracted using HumanSegV2 [29] and resized
to 64×44. We evaluate on the CASIA-B dataset [3]; following
standard protocol, subjects 1–74 are used for training and
subjects 75–124 for testing. Since our synthetic data generation
targets frontal approaches (0° viewing angle), we focus our
evaluation on this angle to ensure alignment between synthetic
pre-training and real-data fine-tuning conditions. For the test
set (subjects 75–124), NM01 serves as the gallery for each
viewing angle, while all remaining sequences (NM02–06,
BG01–02, CL01–02) constitute the probe set.

Implementation Details. We employ GaitBase [5] via the
OpenGait framework. We compare four configurations: Real
(NM, BG, CL) (trained on all real CASIA-B conditions), Real,
NM-only (trained solely on real NM sequences), Synthetic
(NM, BG, CL) (trained on the 200 synthetic subjects), and
Ours (pre-trained on synthetic data, fine-tuned on real NM).

For the baseline experiments (Real, All Conditions and NM-
Only), we train for 60,000 iterations with initial learning rate
0.1, reduced by factor 0.1 at iterations 20K, 40K, and 50K.
The Synthetic-Only experiment follows the same schedule.

For our pre-training + fine-tune approach, pre-training on
synthetic data proceeds for 40,000 iterations with learning rate
0.1 and milestones at 15K, 30K, and 35K iterations. Fine-
tuning on CASIA-B uses a reduced learning rate of 0.01 for
20,000 iterations, with learning rate decay at 10K and 15K
iterations.

Extracted synthetic silhouettes preserve core gait patterns
(stride length, arm swing) with clean boundaries, showing
comparable quality to real CASIA-B silhouettes without re-
quiring explicit segmentation labeling. A comparison between
samples of our generated silhouettes and CASIA-B silhouettes
is shown in Figure 3.

B. Gait Recognition Results

Table II compares recognition accuracy across configura-
tions. Synthetic pre-training dramatically improves robustness



(a) Synthetic silhouettes

(b) CASIA-B silhouettes

Fig. 3: Comparison between synthetic (top) and CASIA-B
(bottom) silhouettes. The synthetic data achieves comparable
visual quality and preserves gait-relevant features.

TABLE II: Rank-1 accuracy (%) on CASIA-B test set (subjects
75–124) at 0◦ viewing angle.

Method NM BG CL Overall

Real (NM, BG, CL) 100.0 99.0 91.0 97.8
Real (NM-only) 100.0 94.0 31.0 83.3
Synthetic (NM, BG, CL) 92.8 83.0 52.0 81.6

Ours (Pre-train + FT) 100.0 98.0 95.0 98.4

to appearance variations, most notably on the challenging CL
(coat/clothing) condition.

Training GaitBase on NM sequences alone yields only
31.0% on CL probes. Our two-stage approach achieves 95% on
CL, surpassing the fully-supervised baseline trained on real CL
data. This confirms that the text-guided appearance variations
capture sufficient diversity to generalize to real-world clothing
changes.

Direct sim-to-real transfer (Synthetic-only) achieves 52.0%
on CL—substantially better than NM-only—but its 92.8% NM
accuracy reveals a domain gap. Fine-tuning bridges this gap
while preserving the appearance-robust representations learned
during pre-training.

Ablation on Synthetic Scale and Environment. To address
the impact of dataset size and environmental diversity, we
perform an ablation study comparing pre-training on 100
identities (outdoor only) versus 200 identities (outdoor +
indoor garage). As shown in Table III, expanding the syn-
thetic population and introducing cross-environment variations
improves CASIA-B Rank-1 accuracy on CL conditions from
91% to 95%. This confirms that scaling our generative pipeline
yields direct performance gains in sim-to-real transfer, forcing
the model to learn truly background-invariant gait features.

C. Integration with Multimodal Recognition

A key motivation for our work is improving gait robustness
within multimodal biometric systems, where face and gait
recognition are combined for enhanced person identification.
As established in the introduction, such systems are partic-
ularly relevant for access control scenarios where subjects

TABLE III: Ablation study on dataset scale and environmental
diversity (Rank-1 accuracy in % on CASIA-B at 0◦).

Pre-training Data NM BG CL Overall

Synthetic, 100 IDs 91.2 82.0 50.0 80.0
Synthetic, 200 IDs 92.8 83.0 52.0 81.6

Ours, 100 IDs 100.0 98.0 91.0 97.6
Ours, 200 IDs 100.0 98.0 95.0 98.4

TABLE IV: Multimodal face-gait fusion on CASIA-B at 0◦

viewing angle.

Configuration Rank-1 (%) α

Face only 96.9 —
Gait only (NM-only) 83.6 —
Gait only (Ours) 98.7 —

Fusion (NM-only Gait) 98.2 0.8
Fusion (Ours) 99.6 0.5

approach from frontal angles. We evaluate whether synthetic
pre-training improves not only unimodal gait recognition but
also the overall multimodal pipeline.

Following established fusion methodologies [1], we employ
weighted mean score-level fusion combining normalized face
and gait similarity scores (Eq. 1) where α is optimized on
a validation set. Face features are extracted using Ghost-
FaceNets [28] with temporal averaging across frames.

Table IV reveals a critical finding: when gait recognition
is trained only on normal walking sequences (NM-only),
it becomes the weak link in the multimodal pipeline. The
NM-only gait model achieves just 83.6% accuracy, forcing
the fusion system to compensate by heavily weighting face
features (α = 0.8). Even with this compensation, fusion
accuracy reaches only 98.2%.

In contrast, our synthetic pre-training restores gait to 98.7%
accuracy, enabling balanced fusion (α = 0.5) where both
modalities contribute equally. This results in 99.6% fusion ac-
curacy, demonstrating that robust gait features are essential for
effective multimodal recognition. The shift in optimal α from
0.8 to 0.5 quantifies how synthetic pre-training transforms gait
from a liability into a genuine asset for multimodal systems.

D. Discussion

Our experiments demonstrate that synthetic data generated
through text-to-video diffusion models can effectively address
appearance variation challenges in gait recognition.

The 64 percentage point improvement on coat-wearing
conditions (Table II: 31% to 95%) achieved without any real
appearance-varied training data indicates that our synthetic
pipeline generates sufficiently realistic appearance variations
for the model to learn invariant features.

Table IV reveals that weak gait features compromise the
entire multimodal pipeline. When gait accuracy drops to
83.6% (NM-only), fusion must compensate through face-
heavy weighting (α = 0.8), limiting system reliability when



face recognition is degraded. Our synthetic pre-training re-
stores balanced fusion.

Limitations & Generative Hallucinations. Recent stud-
ies warn that training deep learning models purely on AI-
generated data can lead to model collapse and hallucina-
tions [30]. Our approach mitigates this risk: synthetic data is
utilized strictly for pre-training to learn appearance-invariant
gait features. The final fine-tuning phase relies only on real-
world NM data, preventing synthetic artifacts from corrupting
the final feature space. Future work will explore expanding
this pipeline to multi-view setups.

V. CONCLUSION

This paper presented a text-to-video generative pipeline
to synthesize realistic, appearance-varied gait videos with
identity-consistent faces. Our approach addresses gait recog-
nition’s vulnerability to clothing changes, restoring its via-
bility as a robust modality in face-gait biometric systems.
Experiments on CASIA-B prove the efficacy of our sim-
to-real transfer strategy: synthetic pre-training boosts coat-
condition accuracy from 31% to 95% without requiring real
appearance-varied data. Furthermore, this enhanced robustness
enables balanced multimodal fusion (α = 0.5), achieving
99.6% overall identification accuracy. These results highlight
the potential of generative AI to overcome data scarcity in
biometrics. Future work will expand to multi-view generation
and validation on larger-scale datasets across diverse environ-
ments.
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