
NeurGait: A Vision-Language Framework for
Structured Gait Assessment Support in

Parkinson’s Disease and Multiple Sclerosis

Guzin Kaya Aytutuldu1, Ilhan Aytutuldu2, Nazan Karagoz Sakalli3, Rabia
Gokcen Gozubatik Celik3, Mesude Tutuncu3, Zeynep Ozdemir3, Burcu Ersoz

Huseyinsinoglu4, and Yusuf Sinan Akgul1

1 Department of Computer Engineering, Gebze Technical University, Kocaeli, Turkey
2 Vocational School of Cybersecurity, Gebze Technical University, Kocaeli, Turkey

3 Department of Neurology, Bakırköy Prof. Dr. Mazhar Osman Training and
Research Hospital for Mental Health and Neurological Disorders, University of Health

Sciences, Istanbul, Turkey
4 Faculty of Health Sciences, Department of Physiotherapy and Rehabilitation,

Marmara University, Istanbul, Turkey

Abstract. Clinical gait assessment in neurological rehabilitation de-
pends on the interpretation of specific movement features, yet most
video-based approaches provide only diagnostic labels without struc-
tured explanations. We propose NeurGait, a vision-language framework
for generating rubric-aligned gait annotations from video through knowl-
edge distillation. A large vision-language model generates teacher anno-
tations aligned with a structured gait rubric, which are then used to
train a compact student model capable of producing model annotations
together with diagnostic predictions. The data comprises gait videos from
77 participants (Parkinson’s Disease: N = 42, Hoehn & Yahr 1–3; Multi-
ple Sclerosis: N = 35, EDSS 0–3), all clinically diagnosed by neurologists.
We compared model annotations with independent blinded annotations
from physiotherapists with at least ten years of neurorehabilitation ex-
perience, using the same structured gait rubric. Inter-rater agreement
between physiotherapists for the binary PD/MS diagnosis task was only
fair (κ = 0.349), highlighting the difficulty of distinguishing early-stage
PD and MS from gait videos alone. Despite this challenge, agreement be-
tween model annotations and physiotherapist annotations for trunk lean,
cadence, and walk speed reached moderate levels and approached phys-
iotherapist agreement ranges. NeurGait-LUPI generated model annota-
tions and diagnostic predictions directly from video at inference with-
out requiring manual clinical labeling. The proposed framework achieved
moderate agreement with physiotherapists on selected postural gait fea-
tures, providing preliminary evidence that vision-language distillation
can support rubric-aligned gait assessment from video.

Keywords: Parkinson’s disease · multiple sclerosis · gait analysis · vision-
language models · knowledge distillation · interpretable artificial intelli-
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1 Introduction

Neurological disorders such as Parkinson’s disease (PD) and Multiple Sclerosis
(MS) commonly affect motor control and produce measurable alterations in gait
[14, 3]. In clinical practice, gait assessment relies on the observation of specific
movement features — such as arm swing, trunk stability, and postural alignment
— rather than a binary diagnostic label. Yet most video-based computational
approaches reduce this rich clinical reasoning to a classification output, discard-
ing the structured gait features that clinicians rely on for treatment planning
and rehabilitation monitoring [12].

Recent work has demonstrated that gait can be analyzed from ordinary video
using pose estimation and machine-learning methods, enabling the screening
and assessment of neurological disorders such as PD and MS [13, 10, 8]. These
findings establish the feasibility of video-based gait analysis, but leave open
the question of how to extract clinically interpretable gait features alongside
diagnostic predictions.

Recent advances in vision-language models (VLM) have created new oppor-
tunities for clinical video analysis by enabling models to capture both visual
patterns and clinically meaningful semantic information. In parallel, knowledge
distillation offers an effective strategy for transferring knowledge from large foun-
dation models to smaller and more efficient models suitable for real-world de-
ployment [8, 1].

Recent vision-language approaches have begun to move beyond pure classi-
fication by providing interpretable explanations of gait patterns from video. In
particular, BioGait demonstrated the feasibility of producing clinically mean-
ingful human-readable explanations using large VLMs [4]. However, free-text
rationales are difficult to evaluate systematically against clinical standards, and
the potential of structured gait feature annotations learned through knowledge
distillation remains largely unexplored.

In this study, we propose NeurGait, a vision-language framework for generat-
ing rubric-aligned gait annotations from videos of patients with PD and MS. A
teacher VLM generates teacher annotations that are distilled into a compact stu-
dent model capable of producing model annotations and diagnostic predictions
at inference. We evaluate model annotations against independent physiotherapist
(PT) annotations using the same structured gait rubric and investigate whether
privileged clinical observations can improve training through a Learning Using
Privileged Information (LUPI) framework. By generating rubric-aligned model
annotations alongside diagnostic predictions, NeurGait aims to support more
transparent video-based gait assessment.

2 Method

This retrospective study included patients previously diagnosed with MS accord-
ing to the McDonald criteria by a neurologist and having an Expanded Disability
Status Scale (EDSS) score between 0 and 3, and patients aged 40–75 years with



Title Suppressed Due to Excessive Length 3

Fig. 1. Overview of the proposed NeurGait framework. Structured gait annotations
generated by a Qwen3-VL-32B teacher model are used to train NeurGait-VLM and
NeurGait-LUPI. PT observations provide privileged information during training only.
At inference, the fine-tuned student produces structured gait annotations together with
a diagnostic prediction, enabling direct comparison with PT assessments.

Idiopathic PD who were at Hoehn and Yahr Stages 1-3. All participants had
stable medication regimens and a Functional Ambulation Classification score
≥ 3. Demographic and clinical data were extracted from medical records, and
previously recorded gait videos were reviewed for analysis.

This study was approved by the institutional ethics committee (Protocol No:
anonymized for review). The dataset comprised gait videos from 77 participants
(MS: N = 35, PD: N = 42) recruited from outpatient neurology clinics and
community settings. Videos were recorded using handheld cameras at 30 fps
during overground walking tasks. A subject-stratified split yielded 61 training
subjects. (28 MS, 33 PD; 180 videos) and 16 test subjects (7 MS, 9 PD; 37
videos).

Statistical Analysis. Group comparisons between MS and PD were per-
formed using independent samples t-tests (IBM SPSS 28.0); p < 0.05 was con-
sidered statistically significant.

Machine Learning (ML) Baselines. We trained Logistic Regression (LR),
Support Vector Machine (SVM), and Random Forest (RF) classifiers on two
feature sets. First, pose-derived features: two-dimensional body keypoints were
extracted using YOLOv8m-pose [7] and gait features were computed and evalu-
ated under Leave-One-Subject-Out (LOSO) (N = 77). Second, PT annotations
(Physio-GT): the eight rubric features served as input and models were evaluated
under LOSO on the annotated subset.

Preprocessing. Background subtraction was applied to each video to isolate
the walking subject and reduce scene-dependent visual confounds. The resulting
binary silhouette frames were used as input to all VLM-based models.
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Fig. 2. Representative structured gait annotation generated by NeurGait-LUPI. Left:
input silhouette frames. Right: comparison of physiotherapist and model annotations
with the generated rationale and diagnosis.

Knowledge Distillation (KD) Pipeline. We adopt a teacher–student
paradigm in which a large VLM generates teacher annotations for each training
video, and a smaller VLM is subsequently fine-tuned on these teacher annota-
tions via Low-Rank Adaptation (LoRA) [6]. At inference, the fine-tuned student
produces model annotations together with a diagnostic prediction, enabling di-
rect comparison with PT annotations (Figure 1) .

Teacher Model. Qwen3-VL 32B was prompted zero-shot to act as a neu-
rorehabilitation specialist. For each training video, frames were uniformly sam-
pled and encoded at 560 px width to control the number of visual tokens. We
evaluated 8 and 32 frames per video; 32 frames yielded more consistent rubric
annotations and was used for all reported models. The teacher generated anno-
tations together with a free-text clinical rationale and a binary diagnosis. The
diagnosis field was subsequently replaced with the ground-truth label before use
as a training target.
Structured gait assessment rubric. The rubric comprises eight gait features
(ARM_SWING, WALK_SPEED, KNEE_ASYMMETRY, KNEE_FLEXION,
CADENCE, ELBOW_RANGE, TRUNK_LEAN, and TRUNK_STABILITY ),
each represented by predefined categorical labels. Feature labels capture both
qualitative distinctions (e.g., Stable/Unstable for trunk stability, Absent/Present
for knee asymmetry) and ordinal gradations (e.g., Slow/Normal/Fast for ca-
dence and walk speed, Reduced/Normal/Asymmetric for arm swing). A brief
clinical rationale is additionally generated to justify the predicted annotations
(Figure 2).

Student Model. Qwen3-VL 8B was fine-tuned via LoRA (r=16, α=32,
dropout= 0.05) on the 180 training videos using 3-fold subject-stratified cross-
validation. Each fold was trained for 5 epochs with learning rate 2×10−4 (cosine
schedule) and batch size 1. The full teacher output—teacher annotations, ratio-
nale, and diagnosis—served as the training target.
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To isolate the contribution of privileged PT observations, we trained two
variants using teacher rubrics generated from 32 frames with ground-truth di-
agnosis labels. NeurGait-VLM is trained on silhouette frames and the teacher
annotations alone, without access to any clinical notes. NeurGait-LUPI addi-
tionally incorporates PT observations as privileged information during training:
the clinical note is appended to the input at training time but withheld at infer-
ence, following the Learning Using Privileged Information (LUPI) paradigm [11,
5]. This design directly tests whether privileged clinical context improves the
model’s ability to learn discriminative gait features, independent of temporal
coverage or label source.

Evaluation. Metrics were computed at the subject level using majority-vote
aggregation over a subject’s videos. Classification labels were extracted from
the model’s free-text output; predicted PD probability was estimated from the
token-level probability of the first generated token. ML baselines were evaluated
under LOSO cross-validation (N=77 for pose-derived features; annotated subset
for Physio-GT). Fine-tuned VLM variants were evaluated on the held-out test
set (N=16). Primary metrics were AUC, F1, MS sensitivity, and PD sensitivity;
95% bootstrap confidence intervals (2000 iterations, subject-level resampling)
were computed for all metrics. Because the primary objective of NeurGait is
interpretable gait feature annotation generation, model annotations were addi-
tionally evaluated against physiotherapist annotations using the same structured
gait rubric.

To establish a human reference, 27 subjects (13 MS, 14 PD) were indepen-
dently evaluated under blinded conditions by two PTs using the same structured
gait rubric. Both physiotherapists routinely assess patients with Parkinson’s dis-
ease and multiple sclerosis in clinical neurorehabilitation practice. Model predic-
tions were obtained via cross-validation to avoid overlap with the held-out test
set. Inter-rater agreement between PTs and agreement between model annota-
tions and PT annotations were assessed using Cohen’s κ. A third PT provided
unstructured observations that served as privileged training input for NeurGait-
LUPI but were excluded from evaluation. This analysis focused on the clinical
plausibility of the generated model annotations rather than diagnostic perfor-
mance alone.

3 Results

A total of 77 participants were analyzed, including recordings from 42 patients
with PD and 35 patients with MS. Baseline demographic and clinical characteris-
tics are presented in Table 1. Significant between-group differences were observed
for age, BMI, disease duration, and TUG scores (p < 0.05). Nevertheless, most
participants in both groups were in the early stages of disease and exhibited
relatively low levels of disability according to the Hoehn and Yahr and EDSS
classifications.

Pose-derived classical ML baselines achieved strong LOSO performance (RF:
AUC 0.852, LR: AUC 0.857), confirming that discriminative gait information is
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Table 1. Demographic and Clinical Characteristics of Patients with Parkinson’s Dis-
ease and Multiple Sclerosis

Variable PD (n=42) MS (n=35) t / p
Mean ± SD Mean ± SD

Age (years) 59.76 ± 8.31 42.17 ± 9.26 8.77/ < 0.001
BMI (kg/m2) 27.29 ± 3.34 24.79 ± 5.57 2.43/0.01
Disease Duration (years) 5.23 ± 3.94 10.54 ± 7.67 −3.90/ < 0.001
TUG 9.46 ± 3.73 7.17 ± 1.69 3.35/ < 0.001
Disease Stage
PD (HY) % (n) MS (EDSS) % (n)
HY 1 11.9 (5) EDSS 0 45.7 (16)
HY 1.5 7.1 (3) EDSS 1 45.7 (16)
HY 2 59.5 (25) EDSS 2 5.7 (2)
HY 2.5 9.5 (4) EDSS 3 2.9 (1)
HY 3 11.9 (5) – –

PD: Parkinson’s Disease; MS: Multiple Sclerosis; BMI: Body Mass Index; TUG: Timed Up and Go
Test; HY: Hoehn and Yahr stage; EDSS: Expanded Disability Status Scale. Values are presented as

mean ± standard deviation (SD) or number (n) and percentage (%).

present in the videos. As expected for an early-stage cohort, gait differences
between PD and MS were subtle. Physio-GT baselines — classical ML models
trained on PT annotations — performed at chance level (AUC 0.330–0.541; Ta-
ble 2), suggesting that PT annotations for the limited rubric feature set may be
insufficient for reliable PD/MS discrimination in this early-stage cohort, moti-
vating the exploration of learned video representations.

In contrast, VLM-based models operating directly on silhouette video cap-
tured information beyond the PT-annotated gait features. Under 3-fold cross-
validation on the training set, NeurGait-LUPI achieved an AUC of 0.700 and
NeurGait-VLM 0.644; on the held-out test set, NeurGait-LUPI improved to
0.794, suggesting consistent generalization across evaluation protocols. Among
the interpretable variants, NeurGait-LUPI outperformed NeurGait-VLM on the
held-out test set in AUC (0.794 vs. 0.664) and F1 (0.700 vs. 0.667), suggesting
that PT observations provided useful complementary information during train-
ing. NeurGait-VLM, however, achieved higher MS sensitivity (0.857 vs. 0.529),
reflecting a different classification trade-off between the two conditions (Table
2).

As a diagnosis-only reference, we trained a supervised fine-tuning baseline
(Gait-SFT) directly on ground-truth diagnostic labels without structured gait
annotation targets. Gait-SFT achieved higher classification performance than
the interpretable NeurGait variants (test AUC = 0.921, F1 = 0.783), but does
not generate structured gait annotations and was therefore excluded from the
primary annotation-agreement analyses.

Unlike classical ML models that yield only a predicted label, both VLM vari-
ants produced model annotations directly from raw silhouette video at inference,
without any hand-crafted feature engineering.

As NeurGait is designed to support structured gait assessment rather than
black-box classification, the primary evaluation focused on the clinical plausi-
bility of model-generated annotations, assessed against independent PT anno-
tations using the same structured rubric. On the blinded evaluation videos, PT
A achieved accuracy of 0.556 with balanced sensitivity (MS: 0.538, PD: 0.571),
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Table 2. Physio-GT models are trained on physiotherapist-annotated gait features; NeurGait
variants generate structured gait annotations directly from video without requiring any anno-
tations, and are evaluated for diagnosis as well. 95% bootstrap confidence intervals are used.

Split Type Model AUC F1 MS-Sens PD-Sens Acc

LOSO Physio-GT

RF 0.541 0.538 0.615 0.500 0.556
[0.302–0.778] [0.273–0.750] [0.333–0.867] [0.231–0.769] [0.370–0.741]

LR 0.505 0.571 0.538 0.571 0.556
[0.275–0.744] [0.320–0.759] [0.250–0.800] [0.308–0.824] [0.370–0.741]

SVM 0.330 0.370 0.385 0.357 0.370
[0.125–0.574] [0.100–0.581] [0.133–0.643] [0.111–0.625] [0.185–0.556]

ZS VLM ZS-Qwen-VLM-32B 0.543 0.548 0.571 0.515 0.541

CV VLM
NeurGait-VLM 0.644 0.703 0.464 0.788 0.639

[0.510–0.774] [0.576–0.810] [0.280–0.652] [0.643–0.919] [0.525–0.754]

NeurGait-LUPI 0.700 0.725 0.357 0.879 0.639
[0.570–0.818] [0.605–0.827] [0.185–0.542] [0.763–0.971] [0.525–0.754]

Test VLM
NeurGait-VLM 0.664 0.667 0.857 0.556 0.688

[0.573–0.875] [0.308–0.889] [0.545–1.000] [0.222–0.875] [0.438–0.875]

NeurGait-LUPI 0.794 0.700 0.529 0.778 0.625
[0.164–0.805] [0.421–0.900] [0.000–0.833] [0.444–1.000] [0.375–0.875]

LOSO: Leave-One-Subject-Out; CV: 3-fold cross-validation; ZS: zero-shot inference.
Physio-GT: models trained on physiotherapist-provided structured gait annotations.

Fig. 3. Feature-level agreement (Cohen’s κ) between NeurGait models and physio-
therapists. Upper: physiotherapist inter-rater agreement. Lower: model–clinician agree-
ment.

while PT B showed high MS sensitivity (0.923) at the cost of low PD sensi-
tivity (0.286). Inter-rater agreement for the binary PD/MS diagnosis was only
fair (κ=0.349) [9], reflecting the inherent ambiguity of distinguishing early-stage
PD and MS from gait videos alone. Teacher annotation quality was assessed
separately by comparing Qwen3-VL-32B outputs against the same PT evalua-
tions; agreement was modest but within the range observed for more challenging
gait features (κ=0.09–0.29), suggesting that teacher annotations captured some
aspects of clinician-observed gait features and may provide a useful source of
supervision for distillation.

The most clinically relevant findings emerged from the feature-level agree-
ment analysis. Agreement between model annotations and PT annotations was
assessed via Cohen’s κ across four gait features (Figure 3). For trunk lean, ca-
dence, and walk speed, model annotations from NeurGait-LUPI and NeurGait-
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VLM achieved moderate agreement with PT annotations (κ up to ∼0.40), ap-
proaching inter-rater agreement levels in several rater pairs. NeurGait-VLM
showed comparatively lower agreement on these features, particularly for trunk
lean where one rater pair yielded negative κ. Arm swing and elbow range of
motion remained the most challenging features for both models, with near-zero
or negative κ values across all rater comparisons, consistent with the inherent
difficulty of visually quantifying subtle upper-limb motion from silhouette video.
Overall, inter-rater agreement among PTs was moderate across features (κ rang-
ing from ∼0.07 to ∼0.75), reflecting the subjectivity of clinical gait assessment
and contextualizing the difficulty of the gait feature annotation for automated
models. These findings indicate that certain gait features, particularly trunk
lean, cadence, and walk speed, can be extracted from video with consistency
approaching clinician-level agreement, whereas arm swing remains difficult to
assess reliably from silhouette video alone. Elbow range of motion showed a sim-
ilar pattern, suggesting that upper-limb features are generally difficult to assess
reliably from silhouette-based representations.

4 Discussion

The main finding of this study is that structured gait feature extraction from
video is feasible and can achieve moderate agreement with PT annotations on se-
lected postural gait features, even when binary diagnosis remains difficult. Inter-
rater agreement among PTs for the diagnostic task was only fair (κ = 0.349), yet
NeurGait-LUPI achieved moderate agreement on trunk lean, cadence, and walk
speed (κ∼0.40), approaching inter-rater levels on selected features. This level of
agreement likely reflects the inherent difficulty of distinguishing early-stage PD
and MS based solely on gait videos. The observed variability also highlights the
subjective nature of visual gait assessment, even among experienced physiother-
apists. This supports our central argument that structured and interpretable
gait feature annotations may provide a useful complement to diagnosis-only gait
analysis systems.

Recent vision-language approaches such as BioGait have highlighted the po-
tential of multimodal models for interpretable gait analysis [4]. In contrast to gen-
erating free-text clinical rationales, NeurGait focuses on gait feature annotation
generation using a predefined clinical rubric. This design enables direct feature-
level evaluation against PT annotations, which is not possible with diagnosis-only
models.

Notably, agreement was not uniform across gait features. Higher agreement
was observed for postural characteristics such as trunk lean, whereas features
related to limb motion showed greater variability. This pattern is consistent
with the challenges of visual gait assessment, where some abnormalities are more
readily observable than others [2].

The results also provide preliminary evidence for the usefulness of privi-
leged clinical information during training. Although PT observations were not
available at inference time, incorporating these observations through the LUPI
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framework improved overall performance relative to the corresponding VLM
baseline. This finding suggests that expert clinical observations may serve as a
useful supervisory signal that may help align model annotations with clinician-
observed gait features. Importantly, the strongest diagnosis-only baseline (Gait-
SFT) achieved higher classification performance than NeurGait, highlighting a
trade-off between predictive performance and structured interpretability. Ac-
cordingly, physiotherapist annotations should be interpreted as a clinical refer-
ence rather than an absolute ground truth for evaluating model-generated gait
annotations. From a clinical perspective, structured gait annotations may pro-
vide greater value in rehabilitation settings, where transparent assessment of
movement impairments is essential for treatment planning.

This study has several limitations. The cohort is relatively small and focused
on early-stage disease, where gait differences are subtle. Privileged PT observa-
tions were available only for a subset of participants, and the wide confidence
intervals on the held-out test set reflect the small test cohort. Despite these limi-
tations, the results provide proof-of-concept evidence that VLM-based model an-
notation of gait features can support rubric-aligned gait assessment from video
and warrant further evaluation in larger clinical cohorts. Future work will in-
vestigate larger cohorts, additional gait features, and the generalizability of the
framework across broader neurological populations and clinical settings.

Prospects of Application. NeurGait could be deployed as a clinician train-
ing tool for standardizing video-based gait assessment in neurology and phys-
iotherapy education settings. By generating structured, rubric-aligned model
annotations from silhouette video, the system supports consistent evaluation
without specialized hardware, enabling scalable use in outpatient rehabilitation
clinics and tele-rehabilitation programs.
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