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Abstract

In the context of global population aging, the prevalence
of neurodegenerative diseases is rapidly increasing. Vision-
based impaired gait analysis emerges as a promising al-
ternative for automatic and non-invasive diagnosis. While
prior efforts have advanced either accuracy or interpretabil-
ity of gait analysis, few have effectively addressed both as-
pects in a unified framework. To bridge this gap, we propose
DPPD, a Diffusion-based Personalized Pathology Disentan-
glement model that jointly performs quantitative gait scor-
ing, dementia subtyping, and qualitative anomaly highlight-
ing. Motivated by the observation that pathological gait fea-
tures exhibit stronger inter-class separability across different
gait severity than raw features, DPPD is proposed based on
the subject-specific pathology disentanglement perspective.
Specifically, it comprises three key components: (1) a 3Dmo-
tionBERT for encoding gait representation from 3D human
pose sequences estimated, (2) a latent diffusion-based Gait
Denoiser for generating personalized normal gait features,
and (3) a Dual Pathology Disentanglement mechanism that
captures both static pose and dynamic motion pathological
representation from the residual between raw and normal gait
features. These disentangled pathologies further enable quan-
titative classification and qualitative anomaly highlighting.
Experiments on the PDGait and 3DGait datasets demonstrate
that DPPD outperforms state-of-the-art methods in classifica-
tion accuracy while providing reliable and interpretable visu-
alizations of gait anomalies.

Code — https://github.com/sherrywan/DPPD

Introduction

With the global population aging, the prevalence of neu-
rodegenerative diseases (NDDs), such as Parkinson’s dis-
ease (PD), Alzheimer’s disease (AD), and Dementia with
Lewy Bodies (DLB), is rising steadily (Jiang et al. 2025).
The pressing need for efficient diagnostic techniques has
brought intelligent gait analysis into growing focus, as gait
impairment is one of the most prominent symptoms (Vergh-
ese et al. 2002). Previous studies have attempted various
sensing modalities to capture gait data and conduct im-
paired gait analysis, including gait scoring (e.g., rating gait
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Figure 1: A t-SNE-based comparative analysis of raw and
pathological gait features. Pathological features are com-
puted as the residuals between raw features and their nearest
normal counterparts within the same subject, retrieved from
a pre-built memory bank of normal gait features.

anomalies on a 0—4 scale) and dementia subtyping (e.g.,
distinguishing between PD, AD, and DLB). Among these,
vision-based methods are gaining popularity due to their
cost-effectiveness, non-invasiveness, and suitability for both
clinical and remote assessments.

To enable real-world clinical adoption, video-based gait
analysis models must not only achieve high accuracy
but also provide transparent and interpretable evidence of
decision-making. However, balancing these two objectives
remains a challenge. Early approaches have made consider-
able efforts to improve the accuracy of gait analysis tasks
based on videos or estimated 3D human poses. Various ar-
chitectures are adopted to enhance gait temporal modeling,
such as Long Short Term Memory networks (LSTM) (Al-
buquerque et al. 2021), Spatiotemporal Graph Convolution
networks (ST-GCNs) (Sabo et al. 2022), and Transformers
(Wang et al. 2023; Adeli et al. 2024). Vision-language mod-
els (VLMs) are also introduced to mitigate data scarcity, us-
ing text encoders to improve representation stability (Wang
et al. 2024). Despite achieving competitive performance,
they typically operate as a “black box”, lacking intuitive in-



terpretability. Nowadays, with the advent of large language
models (LLMs), new opportunities emerge for generating
diagnostic rationales (Yeh et al. 2024). Notably, Wang et al.
propose combining gait scoring with explainable reasoning
using LLM-based chain-of-thought (Wang, Bobenrieth, and
Seo 2025). Despite these advances, since the existing clin-
ical gait data is insufficient to effectively train LLMs, the
improvement of its interpretability seems to come at the ex-
pense of accuracy. In this work, we aim to bridge this gap
by developing a model that ensures accuracy while provid-
ing interpretability for impaired gait analysis with 3D human
poses as input, striving to be closer to practical application
in clinical auxiliary diagnosis.

Clinicians typically assess gait severity by identifying
pathological symptoms, guided by the Movement Disorder
Society — Unified Parkinson’s Disease Rating Scale (MDS-
UPDRS) (Goetz et al. 2008). These symptoms are com-
monly recognized as deviations from normal gait patterns
(Wolfson et al. 1990). However, most existing models over-
look this pathological perspective, instead directly perform-
ing gait scoring or dementia subtyping on raw gait represen-
tations. To investigate the value of explicitly pathology mod-
eling, we conduct a comparative analysis on PDGait dataset
(Shida et al. 2023). Specifically, using 3DmotionBERT (see
Method) to encode 3D pose sequences, we visualize both
original and pathological features via t-SNE (Maaten and
Hinton 2008). Here, pathological deviation is defined as the
residual between a given gait representation and its nearest
normal counterpart within the same subject. As shown in
Fig. 1, residual features exhibit better inter-class separability
across severity levels, suggesting the potential of explicitly
disentangling pathology to benefit gait analysis. Moreover,
this disentanglement enables the localization of anomalies
with obvious pathology and further provides intuitive visual
evidence to support quantitative decision-making, offering
interpretability for model inference.

The key challenge, however, lies in obtaining the normal
gait representation of each subject, which is often unavail-
able in real-world or even a dataset. To address this, we draw
inspiration from recent advancements in diffusion-based
anomaly detection (He et al. 2024; Hu et al. 2024; Zhang
et al. 2025b), and propose to generate a subject-specific nor-
mal gait representation through a diffusion model trained
only on normal data. The residual between the original
and generated gait features then serves as a representa-
tion of pathological deviation. Building on this insight,
we propose a novel impaired gait analysis framework, the
Diffusion-based Personalized Pathology Disentanglement
model, named DPPD.

DPPD consists of three key modules. First, a 3Dmoiont-
BERT encoder is pre-trained with a masked 3D pose se-
quence reconstruction task in an unsupervised manner, en-
abling frame-joint-level feature extraction from 3D pose se-
quences and supporting fine-grained anomaly localization.
A temporal consistency loss is introduced to ensure that the
residual feature distance correlates with actual pose differ-
ences, thereby reflecting anomaly severity as well. Second,
a latent diffusion-based Gait Denoiser (GD) is employed
to reconstruct normal gait features. To achieve personality
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modeling, we introduce a first-frame feature condition and
a subject-level personality contrastive loss. Finally, a Dual
Pathology Disentanglement (DPD) module is proposed to
extract both pose-level and motion-level pathological de-
viations. These disentangled features are then utilized for
downstream tasks, including quantitative gait scoring, de-
mentia subtyping and qualitative anomaly highlighting. Our
contributions can be summarized as follows:

* We propose a novel impaired gait analysis framework,
DPPD, which explicitly disentangles pathological fea-
tures for the first time, enabling both accurate and inter-
pretable gait assessment for NDDs.

* We introduce a novel module, DPD, covering pathologies
from static to dynamic, providing interpretable visualiza-
tions aligned with specific anomaly categories.

» Extensive experiments demonstrate that our DPPD out-
performs existing methods in both gait scoring and de-
mentia subtyping, while also providing promising inter-
pretability through visualization.

Related Work

Video-based Gait Analysis in NDDs. Previous stud-
ies have employed various sensors, including force plates
(Trosch et al. 1998; Conroy 2008), inertial measurement
units (IMUs) (Hsu et al. 2018; Li et al. 2020), and videos
(Sarapata et al. 2023), to capture gait data and conduct
impaired gait analysis. Among these, vision-based meth-
ods are gaining popularity due to their cost-efficiency, non-
intrusiveness. Vision-based approaches for impaired gait
analysis can be broadly categorized into heuristic and data-
driven methods. Heuristic methods typically rely on hand-
crafted features with explicit physical semantics, such as
stride length (Chee et al. 2009), walking speed (Sabo et al.
2020), and shoulder tilt (Deng et al. 2024). These features
are extracted from 3D human poses estimated from video,
often guided by clinicians. While offering interpretability,
their generalization is limited. In contrast, data-driven ap-
proaches leverage deep learning models to learn gait rep-
resentations directly from videos or 3D pose sequences,
including LSTM networks (Albuquerque et al. 2021), ST-
GCNs (Sabo et al. 2022), temporal convolutional networks
(Zeng et al. 2023), Transformers (Wang et al. 2023; Adeli
et al. 2024), and VLMs (Wang et al. 2024). Despite achiev-
ing competitive performance, these methods often lack in-
terpretability, which hinders clinical adoption due to limited
transparency. To improve interpretability, recent work has
explored large language models (LLMs) to enable chain-of-
thought reasoning for gait scoring and explanation (Wang,
Bobenrieth, and Seo 2025). However, limited availability of
clinical gait datasets constrains the effectiveness of LLM-
based reasoning, resulting in a trade-off between inter-
pretability and accuracy.

Diffusion-based Anomaly Detection. Diffusion models,
notably DDPM (Ho, Jain, and Abbeel 2020), have recently
shown great promise in anomaly detection. Trained solely
on normal data, these models tend to reconstruct anoma-
lous inputs as their closest normal counterparts. The discrep-
ancy between the input and its reconstruction serves as an
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Figure 2: The framework of DPPD. A 3D pose sequence is first encoded into a latent representation using 3DmotionBERT.
The GD module then generates the corresponding normal gaits from a noisy version of the encoded input. Based on the original
and generated normal representations, dual pathological features are extracted through DPD and used for both quantitative gait

classification and qualitative anomaly highlighting.

effective signal for localizing anomalies (Liu et al. 2025).
For instance, DiffusionAD (Zhang et al. 2025a) proposes a
norm-guided one-step denoising scheme to accelerate infer-
ence. CLIPrompt (Liu et al. 2024) introduces contrastively
learned prompts to guide the diffusion model in detecting
domain-specific anomalies. To handle real-world complex-
ity, recent methods extend diffusion models to multi-class
and zero-shot settings. DiAD (He et al. 2024) integrates se-
mantic feature guidance to preserve category semantics and
spatial structures. DZAD (Zhang et al. 2025b) leverages in-
termediate denoising steps for zero-shot anomaly detection
without external prompts. These advances motivate us to
generate normal gait representation via diffusion models.

Method

The inference framework of DPPD is illustrated in Fig. 2.
Given a 3D human skeleton pose sequence x € RE>7*3
extracted from a video with F' frames, we first encode it into
the latent representation z € RF*/*XC ysing a pre-trained
3DmotionBERT, where J denotes the number of joints and
C is the latent feature dimension. Gaussian noise is then
added to z, and the GD module denoises it to generate
subject-specific normal gait representation hypotheses, con-
ditioned on the first-frame feature zf—o € R7*C, where f is
the frame index. Finally, the DPD module disentangles dual
pathological representations from each temporally aligned
pair of raw and generated latent gait features. The result-
ing pathological representations are further used for quanti-
tative gait analysis tasks: gait scoring and dementia subtyp-
ing. Meanwhile, it also enables qualitative abnormal high-
lighting to visualize the underlying pathological evidence
for decision-making. All three modules are trained indepen-
dently, with the others frozen. We detail the architecture and
training strategy below.
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Latent Representation Encoder

This module aims to encode the 3D pose sequence x into
a fine-grained latent gait representation, similar to the first
stage of Stable Diffusion (Rombach et al. 2022). Reliable
gait analysis for clinicians should determine when and at
which joint an abnormality occurs. Existing motion en-
coders (Tevet et al. 2022; Jiang et al. 2023; Guo et al. 2024)
are generally limited to pose or sequence level representa-
tion, which are not sufficiently fine-grained for our purpose.
While MotionBERT (Zhu et al. 2023) outputs frame-joint-
level representations, it is designed with 2D pose as input.
Hence, we develop 3DmotionBERT by adapting it to 3D
pose sequences. For brevity, we omit architectural details
as it is the same as MotionBERT. Specifically, 3Dmotion-
BERT is trained via a masked reconstruction task: the input
sequence « is randomly masked at the frame-joint level, then
encoded into latent representation z € RF*/*C which is
subsequently reconstructed to & through a regression head.
The primary training objective is the 3D reconstruction loss:

F J
Lsp =Y Y lldg;—as; o

f=1j=1

)

where Z is the regressed 3D pose sequence. To further en-
hance the temporal coherence of the latent representation,
we introduce a temporal consistency loss:

FoJ
Liem = N 25— 2514 ll2,
f=2j=1
which encourages adjacent frames to have consistent repre-
sentations. This term offers two advantages: (1) it promotes
a smoother latent motion trajectory, which benefits down-
stream diffusion modeling, and (2) it aligns latent-space dis-
tances with actual pose similarities, thereby enhancing the

2



semantic consistency between residual representations and
pathological severity. The final loss combines both terms:

L=2L3sp+ Liem, 3)

with equal weighting, as they are empirically observed to
have similar magnitudes.

Personalized Normal Gait Reconstruction

To reconstruct the normal gait representation of the patient
being assessed, we propose a latent diffusion model, referred
to as GD, which learns the distribution of normal gait rep-
resentations in the latent space. It adopts the MixSTE archi-
tecture (Zhang et al. 2022) and is trained solely on normal
gait samples to capture the distribution of healthy gait rep-
resentation through a forward diffusion process followed by
a reverse denoising process under a Markov chain with 7'
steps. Given the latent representation ny € RF*/*C of a
normal gait sequence encoded by 3DmotionBERT, we add
Gaussian noise according to the forward diffusion process:

ng = Vagno + V1 —ae, € ~N(0,1), 4)
where n, is the disturbed representation at diffusion times-
tamp ¢ € [1,T], and «; follows a predefined noise schedule
in DDPM (Ho, Jain, and Abbeel 2020). n; is then fed to GD
Dy, which aims to recover the normal gait representation:

Ly =Etnge, | 20— Do(ne,t) 3 - o)

During inference, each gait representation z is disturbed
under timestamp ¢ = 7, obtaining nr, and then performs
iterative denoising through GD to generate the normal rep-
resentation ng. DDIM sampling (Song, Meng, and Ermon
2020) is applied for I denoising iterations. To account for
stochasticity, we generate H reconstruction hypotheses per
sequence.

As observed, normal gait varies across individuals due to
differences in skeleton and even motion habits. Therefore, it
is crucial for GD to incorporate subject-specific characteris-
tics to generate personalized normal gait representations. To
address this, we introduce two complementary techniques:

First-frame Condition. To inject personality perception
into GD, denoising is conditioned on the first-frame feature
zp—o clipped from the original gait representation. Specif-
ically, we add temporal embeddings to zy—g and nr, con-
catenate them, and then project back to dimension C' using
a linear layer. The denoising objective is updated as:

(6)
Personality Contrastive Loss. We further introduce a
personality contrastive loss to facilitate subject-level repre-
sentation alignment. This loss encourages the denoised rep-
resentation to remain close to the raw representations from
the same subject, while being distinct from those of other
subjects within a training batch:

£0 = Et,nmet H no — D@(nt7t7zf:0) ||% .

1 N
[fpe'r = N 7;1 £n7 (7)
ﬁn _ IOg ij\el’Pn exp(sim(m m)) 7 (8)
> exp(sim(n, k))
k=1
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where sim(n,m) ZT% denotes the similarity between
the gait representations of subjects n and m, scaled by a
temperature parameter 7 = 0.07. P, = {m | id,, = id,}
is the set of the same subject within this batch, and N is the
batch size. The final denoising object is formulated as:

L= LQ + A;De7‘£;17era

(©))

where A,., = 0.01 is empirically set to ensure that GD can
effectively recover the normal gait representation.

Pathology Disentanglement and Gait Analysis

To interpret the learned gait representation, we regress it
back to pose space using the pre-trained regression head
described in 3DmotionBERT. However, temporal misalign-
ment is observed between the generated sequence and the
original gait input. This is expected, as GD treats the first-
frame feature only as a condition and does not enforce its
consistency with the output, assuming potential anomalies
in the initial frame. To mitigate this, we apply dynamic time
warping (DTW) (Senin 2008) based on Euclidean distance
between features, and remove unmatched head or tail seg-
ments to obtain temporally aligned raw and reconstructed
pairs, denoted as cz;, and cny, for each h-th hypothesis.

Dual Pathology Disentanglement. We disentangle patho-
logical features in each hypothesis via residual computation.
The index h is omitted in this section for brevity. Inspired
by prior works such as FSGait (Duan, Wan, and Zhao 2024)
and Dual-Conditioned Motion Diffusion (Wang et al. 2025),
which suggest that motion anomalies can manifest as both
static pose and dynamic motion deviations, we design a DPD
module to capture these two pathological patterns.

For pose-level pathology, we directly compute the resid-
ual between cn and cz. To suppress potential generation-
induced jitters introduced by GD, we adopt a sliding win-
dow approach, slicing the sequence into 9-frame clips with a
stride of 9 frames. Within each clip, temporal average pool-
ing is performed to obtain a stable representation. This re-
sults in a pose-level pathological sequence sp € RS*7/xC,
where S denotes the number of window clips.

For motion-level pathology, we first derive the dynamic
representation d from cz via first-order temporal differenc-
ing d; = cz'T! — cz®. Then, the same residual, slicing, and
average pooling are applied to obtain the motion pathologi-
cal sequence dm € RS*7/*x¢

Since the number of windows S varies across sequences
after DTW temporal alignment, we aggregate pathological
information for each h-th hypothesis based on clinical in-
sights that physicians often focus on the most severe pose
anomaly and the average dynamic deviation:

cspp, = arg max MPJFM(spy), (10)

s
1
cdmy, = 3 des (1
s=1

where MPJFM computes the mean per-joint feature magni-
tude of sps, indicating the severity of pose pathology.



Method Venue Frame | Accuracy T Precision T Recall 1 F1-Score T
Heuristic Benchmarking FG 2024 - 0.66 0.68 0.66 0.66
POTR ICCV 2021 80 0.45 0.49 0.45 0.46
MixSTE CVPR 2022 81 0.40 0.41 0.40 0.41
ST-GCN JBHI 2022 80 0.49 0.50 0.49 0.48
MotionBERT ICCV 2023 81 0.42 0.45 0.42 0.43
Data-driven | MotionAGFormer | WACV 2024 81 0.42 0.42 0.42 0.42
PoseFormer-V2* CVPR 2023 81 0.64 0.65 0.54 0.62
AGIR* Arxiv 2025 54 0.51 0.51 0.46 0.58
3DmotionBERT* | ours 81 0.56 0.56 0.56 0.54

DPPD#* ours 81 0.7310.6%1 0.76 11.8%1 0.73 10.6%1 0.73 10.6%7

Table 1: Quantitative Comparison of Gait Scoring on PDGait. The best results are highlighted in bold, and the second-best
results are underlined. Models marked with “*” indicate that their feature extraction networks were finetuned on the PDGait
dataset. Frame denotes the sequence length of input used by each model.

G.S. D.S.
Method Acc. F1-Scoret | Ace.t F1-Scoret
OF-DDNet | 0.54 0.49 0.69 0.65
KShapeNet | 0.54 0.45 0.65 0.55
ST-GCN 0.49 0.44 0.61 0.57
GaitBase 0.43 0.30 0.53 0.42
GaitCLIP 0.68 0.63 0.90 0.84
DPPD 0.70 0.68 0.91 0.85

Table 2: Quantitative Comparison on 3DGait. “G.S.” and
“D.S.” denote the gait scoring and dementia subtyping.
“Acc.” is the abbreviation of the accuracy metric.

Quantitative Gait Analysis. The extracted dual-
pathological features are further used for gait scoring
and dementia subtyping, both formulated as classifica-
tion problems. We first introduce two learnable weights,
W, M € R to adaptively fuse pose and motion patholo-
gies across joints and hypotheses, followed by an average
pooling over the joint and hypothesis dimension. Then, a
two-layer MLP is adopted as the classification head:

y = MLP(Avg(W © csp + M © cdm)) (12)

where ©® denotes element-wise multiplication across the
joint dimension, and csp is the concatenation of cspj, along
the hypothesis axis, as well as cdm. Focal loss (Lin et al.
2017) is employed to address class imbalance in both tasks.

Qualitative Anomaly Highlight. Thanks to the temporal
consistency loss in Eq. 2, the magnitude of the pathological
features reflects the severity of gait, which is also demon-
strated in our experiment. This allows us to localize poten-
tially abnormal joints by identifying those with the highest
magnitudes in pathological features. We first apply empiri-
cally determined thresholds -, and ,,, to filter normal joints
in sps and dm. Subsequently, a Top-K strategy is adopted.
K joints with the highest magnitude in sps and dmg are vi-
sualized as highlighted colors within the s-th window clip.
This enhances our DPPD by (1) providing intuitive visual
cues consistent with the quantitative output, and (2) direct-
ing clinicians’ attention to the severe joints, potentially im-
proving diagnostic confidence and treatment planning.
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Experiment
Datasets and Evaluation Metrics

3D Human Pose Datasets. We utilize three widely
adopted 3D human pose datasets in this study. Human3.6M
(Ionescu et al. 2013) contains 3.6 million video frames per-
formed by 11 actors, captured in a controlled indoor environ-
ment. AMASS (Mahmood et al. 2019) aggregates multiple
existing motion capture datasets into a unified representa-
tion, comprising 344 subjects and over 40 hours of motion
videos. CMU Mocap (Lab 2003) provides more than 1,000
action classes across six categories.

Gait Datasets. Two NDDs gait datasets are used in our
experiments. PDGait (Shida et al. 2023) is a clinical dataset
containing 885 walking sequences collected from 26 indi-
viduals diagnosed with PD, using motion capture sensors.
3DGait (Zeng et al. 2023) includes 90 walking sequences
from 43 patients diagnosed with PD, AD, or DLB. 3D hu-
man pose is extracted from the video by a dedicated 3D pose
estimation network (Wang et al. 2023).

Evaluation Metrics. For the PDGait dataset, we perform
a 3-class gait scoring (normal-0, slight-1, and mild-2) and
evaluate the results using standard classification metrics:
Accuracy, Precision, Recall, and F1-Score. For the 3DGait
dataset, we evaluate both 4-class gait scoring (normal-0,
slight—1, mild-2, and moderate—3) and 3-type dementia sub-
typing (normal, AD, DLB) tasks. Accuracy and F1-score are
reported to quantify the performance. Given the multi-class
nature of the tasks, precision, recall, and F1-score are com-
puted as weighted averages based on the class distribution.

Implementation Details

Hyper Parameters. (1) The input 3D pose sequences are
uniformly sampled at 30 fps and segmented into clips of
F' = 81 frames with a stride of 9 frames within one mo-
tion sequence. (2) For the GD module, the diffusion step is
setto 7' = 1000. We set I = 5 and H = 1 based on ab-
lation studies presented in the Supplementary. (3) The mag-
nitude thresholds are empirically fixed as v, = 0.75 and
Ym = 0.06, also determined through ablation experiments
in the Supplementary.



A. a mild-2 sample
in 3DGait

1

Top-1 pose-level pathological joint: right wrist, exhibiting marked rigidity and limited range of motion across the sequence .

Top-1 motion-level pathological joint: left ankle, exhibiting shortened stride length and markedly reduced movement velocity.
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B. a mild-2 sample
in PDGait

Top-1 pose-level pathological joint: left wrist, staying in an implausible position suggestive of coordination impairment.

Top-1 motion-level pathological joint: right wrist, exhibiting absent or severely diminished swing phase through the sequence.
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Figure 3: Visualization of anomaly highlighting. The first row shows a sample with mild-2 gait severity from the 3DGait
dataset, and the second row is from PDGait. Yellow and red indicate the Top-1 anomalous joint with pose-level and motion-
level pathology, respectively. An 18-frame segment is shown for clarity. The “normal gait” refers to the 3D pose sequence
generated by our GD module from the raw gait representation, with dashed lines denoting their frame-wise temporal alignment.

Training Details. First, 3DmotionBERT is pre-trained for
40 epochs on Human3.6M, AMASS, CMU Mocap, and
then finetuned for 20 epochs on PDGait and 3DGait. Sec-
ond, GD is trained only on normal gait sequences within
PDGait and 3DGait for 1000 epochs, with 3DmotionBERT
frozen. Finally, we follow the evaluation protocols used
in prior works: a Leave-One-Subject-Out Cross-Validation
is adopted for PDGait, following Benchmarking (Adeli
et al. 2024), and a 10-fold Cross-Validation is employed for
3DGait, following Enhancing (Wang et al. 2024). For each
dataset and task, the MLP classifier is independently trained
for 20 epochs in each fold. All experiments are conducted on
a single NVIDIA 4090 24GB GPU. More detailed settings
are in the Supplementary.

Comparison with SOTAs

We compare the proposed DPPD with eight state-of-the-
art (SOTA) methods on the PDGait dataset: Benchmark-
ing (Adeli et al. 2024), ST-GCN (Sabo et al. 2022), and
AGIR (Wang, Bobenrieth, and Seo 2025), MixSTE (Zhang
et al. 2022), MotionBERT (Zhu et al. 2023), PoseFormer-V?2
(Zhao et al. 2023), MotionAGFormer (Mehraban, Adeli, and
Taati 2024), and PORT (Martinez-Gonzalez, Villamizar, and
Odobez 2021). For the 3DGait dataset, we evaluate DPPD
against five SOTA methods: OF-DDNet (Lu et al. 2020),
KShapeNet (Friji et al. 2021), ST-GCN (Sabo et al. 2022),
GaitBase (Fan et al. 2023), and GaitCLIP (Wang et al. 2024).

Quantitative Results. As shown in Tab. 1, DPPD out-
performs all other data-driven methods in the 3-class gait
scoring task across all evaluation metrics. Compared with
Benchmarking, DPPD achieves relative improvements of
10.6%, 11.8%, 10.6%, and 10.6% in Accuracy, Precision,
Recall, and F1-Score, respectively, demonstrating its supe-
rior capacity for pathological gait representation in the di-
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agnosis of NDDs. As shown in Tab. 2, DPPD also exhibits
competitive performance on the 3DGait dataset. In the de-
mentia subtyping task, DPPD slightly outperforms Gait-
CLIP, even though it only uses video-based input, in contrast
to the multimodal inputs leveraged by GaitCLIP. Compared
with other purely video-based methods, DPPD achieves at
least 0.22 and 0.20 higher in Accuracy and F1-Score. These
results collectively highlight the strong generalization abil-
ity of DPPD across different impaired gait analysis tasks in
NDDs.

Qualitative Results. Based on the disentangled patholog-
ical representation, we highlight Top-K anomalous joints
within the window clips to provide interpretability for quan-
titative results. The value of K can be adjusted as needed.
Here, we present the Top-1 results of two mild-2 patients
sampled. As illustrated in Fig. 3, the “normal gait” exhibits
coordinated gait patterns, including regular arm swings and
natural stride lengths, which demonstrates GD’s ability to
generate normal gait. The first patient displays reduced
stride and upper limb stiffness. These abnormalities are ac-
curately captured by our model, with the left ankle identi-
fied as Top-1 motion-level anomalous joint, and the right
wrist at pose-level. The second patient shows pronounced
upper-limb rigidity, characterized by persistent flexion of the
left arm and absence of arm swing. Our method correctly
identifies the left wrist as the most pose-level pathologi-
cal joint and the right wrist at motion-level. These results
align well with visual observations, validating the reliability
of our anomaly highlighting. More visualizations are in the
Supplementary material and videos.

Ablation Studies

We conduct ablation studies on PDGait dataset to assess the
effect of different components in our DPPD framework.



3D Finetune GD DPD | Accuracy F1-Score
0.42 0.43
v 0.52 0.53
v v 0.56 0.54
v v v 0.68 0.66
v v v v 0.73 0.73

Table 3: Effect of Each Module. The first row represents
the baseline MotionBERT. “3D” indicates that the backbone
is adapted for 3D input. “Finetune” denotes that the 3D Mo-
tionBERT is pre-trained on the PDGait dataset.

gait score
2

1
0

pose-level

gait score
2

1
0

+ temporal alignment
+ temporal consistency

motion-level

Figure 4: Visualization of the magnitude distribution of
pathological representations across different gait severity
levels. Green, blue, and yellow correspond to normal-0,
slight-1, and mild-2 gait severity, respectively.

Effect of each Module. We evaluate the contribution of
each module to the 3-class gait scoring task, as summarized
in Tab. 3. Starting from MotionBERT as the baseline, we in-
troduce 3DmotionBERT and pre-train it on 3D human pose
datasets. The extracted features are used for gait scoring via
MLP. This modification yields over 20% relative improve-
ment in performance, indicating that 3D pose representa-
tions offer richer information for gait analysis. Further fine-
tuning it on PDGait and 3DGait provides another gain. Next,
we introduce GD to generate normal gait representation and
derive residual features for classification. This leads to an
additional 21.4% and 22.2% improvement in Accuracy and
F1-score, respectively, validating the effectiveness of pathol-
ogy disentanglement. Finally, incorporating the DPD mod-
ule to extract dual pathological features after temporal align-
ment boosts performance by at least 0.05, demonstrating that
explicitly modeling static and dynamic pathologies benefits
downstream classification.

Effectiveness of Personality Modeling. The GD mod-
ule aims to reconstruct subject-specific normal gait through
personality modeling. However, it is non-trivial to verify
whether the learned representation truly captures the person-
ality, given the lack of ground-truth. To evaluate it, we select
a subset from PDGait, which only contains data from the
subject who has normal gait recordings. A 3-class gait scor-
ing is conducted on this subset. We compare four types of
pathological features derived from different sources of nor-
mal gait representations: (1) “memory bank —”, where it is
built as the set of normal features from other subjects with-
out the same subject; (2) “memory bank +”, where it only
includes features from the same subject; (3) “GD w/o L.,”,
where the normal gait is generated by GD without the per-
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Input Normal Gait Accuracy Precision
raw feature | - 0.53 0.28
memory bank - 0.57 0.32
pathology | memory bank + 0.81 0.65
feature GD (w/o Ler) 0.64 0.66
GD (with £p.,) 0.68 0.66

Table 4: Effectiveness of Personality Modeling in GD.
“w/o” denotes “without”. “-” and “+” indicate whether the
memory bank are built from subjects without or within the

same subject, respectively.

sonality contrastive loss; and (4) “GD with L.,”. As shown
in Tab. 4, three conclusions are drawn: (1) Pathological fea-
tures consistently outperform raw features. (2) Personalized
normal gait representations are critical, particularly for dis-
tinguishing normal from abnormal. In “memory bank -7,
without personalization, a large number of normal samples
are misclassified as 1, leading to notably low Precision. (3)
Our GD effectively captures subject-specific characteristics,
as its performance lies between the lower bound “memory
bank - and upper bound “memory bank +”. Adding L.,
further improves personality modeling.

Effectiveness of Pathological Representation. We pro-
pose two essential requirements for the pathological repre-
sentation: (1) it should exhibit clear separability across dif-
ferent gait severity levels; and (2) its magnitude should be
consistent with gait pathology severity, thus supporting qual-
itative anomaly localization. To meet these criteria, we in-
troduce a temporal consistency loss Ly, and apply a DTW
temporal alignment strategy. To assess it, we visualize the
distribution of pathological feature magnitudes across differ-
ent gait severity levels, illustrated in Fig. 4. Comparing the
first and second columns, without DTW, the magnitude dis-
tribution does not follow the expected progression trend, i.e.,
greater severity does not consistently lead to greater patho-
logical magnitude. Further, comparing the second and third
columns, removing L., noticeably reduces the separability
of motion pathological features across severity levels. More
validations can be seen in the Supplementary and Videos.

Conclusion

In this paper, we propose a Diffusion-based Personal-
ized Pathology Disentanglement model, named DPPD, for
jointly quantitative and qualitative impaired gait analysis in
NDDs. The framework comprises three key components:
3DMotionBERT for encoding 3D pose sequences, GD for
generating personalized normal gait representations, and
DPD for disentangling pose-level and motion-level patho-
logical features. Experimental results show that DPPD out-
performs existing SOTA methods in both gait scoring and
dementia subtyping. Furthermore, the proposed anomaly
highlighting visualization provides reliable and interpretable
evidence aligned with observation. However, DPPD is cur-
rently unable to provide fine-grained descriptions of joints’
abnormalities, which we will explore in future work.
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