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Abstract. Video-based Clinical Gait Analysis often suffers from poor
generalization as models overfit environmental biases instead of captur-
ing pathological motion. To address this, we propose BioGait-VLM,
a tri-modal Vision-Language-Biomechanics framework for interpretable
clinical gait assessment. Unlike standard video encoders, our architecture
incorporates a Temporal Evidence Distillation branch to capture rhyth-
mic dynamics and a Biomechanical Tokenization branch that projects
3D skeleton sequences into language-aligned semantic tokens. This en-
ables the model to explicitly reason about joint mechanics independent of
visual shortcuts. To ensure rigorous benchmarking, we augment the pub-
lic GAVD dataset with a high-fidelity Degenerative Cervical Myelopa-
thy (DCM) cohort to form a unified 8-class taxonomy, establishing a
strict subject-disjoint protocol to prevent data leakage. Under this set-
ting, BioGait-VLM achieves state-of-the-art recognition accuracy. Fur-
thermore, a blinded expert study confirms that biomechanical tokens
significantly improve clinical plausibility and evidence grounding, offer-
ing a path toward transparent, privacy-preserving gait assessment.

Keywords: Clinical Gait Analysis - Vision-Language Models - Biome-
chanics - Degenerative Cervical Myelopathy - Explainable Al

1 Introduction

Gait is a sensitive functional biomarker of neurological and musculoskeletal
health [6IT5IT4122], making clinical gait analysis (CGA) a fundamental tool for
screening, severity assessment, and longitudinal monitoring of neurodegenera-
tive diseases [24JI0JI8]. Despite its diagnostic value, gold-standard CGA is re-
stricted to controlled settings using instrumented walkways (e.g., GAITRite [3])
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or body-worn inertial sensors. These methods require on-site setup and special-
ized personnel, limiting their scalability for frequent longitudinal follow-up [36].

To enable scalable assessment, researchers have adapted deep learning archi-
tectures to clinical gait analysis [I7UI2J16], such as I3D [7] and SlowFast [4] to
extract spatiotemporal features directly from video frames. More recently, Video
Transformers like TimeSformer [2] and VideoMAE [I9] have been employed to
capture long-range temporal dependencies.

While promising, these end-to-end models operate as “black boxes,” learning
abstract features that correlate with pathology but lack explicit biomechanical
grounding. Consequently, they fail to provide the granular, interpretable kine-
matic evidence, such as specific joint angle deviations, that clinicians require for
decision-making.

Recently, Large Vision-Language Models (LVLMSs) [25/ITI9] offer a potential
solution to this interpretability gap. However, standard LVLMs primarily rely
on static visual cues and lack the domain knowledge to quantify fine-grained
temporal abnormalities (e.g., foot drop). Furthermore, when deployed on un-
controlled “in-the-wild” videos, they are prone to shortcut learning: attending
to environmental confounders (e.g., a hospital bed) rather than the patient’s
underlying motion mechanics [235/13].

To address both robustness and clinical interpretability, we propose BioGait-
VLM, a tri-modal framework that seamlessly integrates RGB vision, natural
language, and explicit biomechanics. Conceptually, our approach mitigates the
reliance on superficial visual shortcuts by enforcing a dual-path reasoning pro-
cess: while the visual stream captures contextual appearance, a dedicated biome-
chanical stream isolates pure kinematic dynamics. Crucially, this design supports
a dual-output capability: the fused representations drive a specialized classi-
fication head for high-precision diagnosis, while the underlying language model
retains the generative capacity to output human-readable clinical descriptions,
providing transparent reasoning for its predictions. Structurally, BioGait-VLM
creates a holistic clinical representation by bridging pixel-level features and med-
ical reasoning. While we leverage a pre-trained Visual Branch for appearance
cues, standard VLMs lack temporal sensitivity. To address this, we integrate
a Temporal Evidence Distillation Branch that compresses frame features into
dynamic gait descriptors, allowing the model to detect subtle pathologies like
festination. Uniquely, our Biomechanical Branch employs a novel tokenization
strategy that projects 3D kinematics into language-aligned semantic tokens, en-
abling the LLM to explicitly “read” the patient’s motion. To rigorously validate
this architecture, we extend the public GAVD benchmark [I7] by integrating
our collected Degenerative Cervical Myelopathy (DCM) Dataset, a high-fidelity
clinical cohort of 30 patients, resulting in a unified 8-class pathological taxonomy
comprising a total of 1,181 video clips. We rectify this combined benchmark with
leakage-aware subject-disjoint splits, ensuring that clips from the same patient
never overlap between training and testing. By evaluating on this challenging
setting and conducting a blinded expert study, we demonstrate that our tri-
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modal approach achieves state-of-the-art generalization and generates clinically
grounded assessment.

In summary, the contributions of this work include:

o We propose BioGait-VLM, a novel tri-modal framework that introduces
Biomechanical Tokenization, projecting 3D kinematics into language-aligned to-
kens to enable robust reasoning and interpretable clinical assessment.

We integrate a specialized Temporal Evidence Distillation Branch that com-
presses frame-level features into compact dynamic descriptors, ensuring the model
captures temporal evolution rather than just static appearance.

o We collect and curate the DCM Clinical Dataset, a high-fidelity, expert-
validated benchmark for Degenerative Cervical Myelopathy, enabling rigorous
evaluation of fine-grained pathological motion in authentic clinical settings.

o We achieve state-of-the-art performance on clinical benchmarks and con-
firm via a human-expert study that our approach significantly improves clinical
correctness and evidence grounding.

2 Methodology

2.1 Problem Formulation and Overview

We formulate video-based clinical gait analysis as a dual-objective task: clas-
sification and interpretable reasoning. Given a gait video V = {x;}7_; and an
associated 3D skeleton sequence S (inferred via HSMR [21]), the model aims to
predict a pathology label y € {1,..., K} (where K=8 in our experiments, in-
cludes Abnormal, Myopathic, Parkinson’s, etc.) while simultaneously generating
a textual rationale 7 describing the biomechanical tokens.

To achieve this, we construct BioGait-VLM upon InternVL [25], a pre-
trained LVLM. We select this foundation to leverage its pre-aligned semantic
space, which naturally accommodates our textualized biomechanical tokens, and
its generative capabilities for clinical reporting. Furthermore, by freezing the
massive pre-trained parameters and training only lightweight adapters, we reduce
the number of task-specific trainable parameters, which is suitable for limited
clinical datasets. As illustrated in Fig. [I} the framework processes inputs through
three complementary pathways:

1. Visual Encoding Branch: A frozen vision encoder extracts spatial features
from V to capture contextual appearance.

2. Temporal Evidence Distillation (TED) Branch: A query-based de-
coder aggregates frame-level features into compact gait descriptors, explicitly
modeling temporal dynamics.

3. Biomechanical Tokenization Branch: A kinematic tokenizer projects
the skeleton sequence S into language-aligned semantic tokens, enabling the
model to incorporate joint-mechanics cues in addition to visual appearance.
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Fig. 1: Overview of BioGait-VLM. The framework integrates three streams:
(Top) Temporal Evidence Distillation (TED) for rhythmic dynamics; (Middle)
Visual Context; and (Bottom) Biomechanical Tokenization, projecting 3D kine-
matics into semantic tokens. Fused within a frozen LVLM, these modalities en-
able state-of-the-art classification and evidence-grounded clinical reporting.
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2.2 Tri-Modal Vision-Language Architecture

Visual Encoding Branch. Given T sampled frames (7'=32 in our experi-
ment), we employ the frozen InternVL vision encoder fis to process each frame
x; independently. Unlike standard action recognition backbones that output ab-
stract feature maps, InternVL yields semantically rich visual tokens. We perform
spatial mean-pooling on the patch embeddings to obtain a sequence of frame-
level visual features V: V = [vy, ..., vy] € RT*P where v; = MeanPool(fyis(x¢))
and D denotes the hidden dimension of the language model.
Temporal Evidence Distillation (TED) Branch. Standard VLMs typi-
cally process video via naive mean-pooling, which can obscure fine-grained rhyth-
mic cues essential for gait diagnosis, such as tremors or festination. To recover
these dynamics, we propose a new Temporal Evidence Distillation module.
Instead of simple pooling, we initialize M =32 learnable motion queries Q €
RM*D  These queries function as latent temporal anchors, learning to attend to
specific phases of the gait cycle across the visual feature sequence V. To preserve
sequential order, we inject learnable temporal positional embeddings P € RT*P:

Qout = TransformerDecoder(Q, V + P). (1)

The decoder comprises L=3 layers with H=4 attention heads. Through cross-
attention, the queries dynamically aggregate frame-level features based on their
relevance to motion patterns rather than visual appearance. The outputs are
condensed into a single dynamic gait descriptor via mean-pooling: fiemp =
MeanPool(Qoy;) € RP. This explicitly preserves high-frequency motion anoma-
lies independent of the VLM’s semantic context.

Biomechanical Tokenization Branch. To disentangle pathological motion
from environmental confounders, we introduce a strategy to project kinematics
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into the semantic space of the LLM. First, we extract a 46-dimensional SKEL
pose vector s; for each frame from the skeleton sequence S using the off-the-
shelf HSMR estimator [8J2I]. This covers clinically critical joints including the
pelvis, spine, and limbs. We convert these numerical tensors into structured
natural-language descriptions using a template-based mapping function. For a
given frame ¢, the joint angles are formatted as:

Frame t: [Pelvis] tilt=a® list=(£° ... [R.Knee] flex=§°

The descriptions for all T frames are concatenated with a task-specific clini-
cal instruction prompt and tokenized to produce a sequence of biomechanical
embedding tokens Ey;,: Epio = [e1,...,er,.,,] € REtext*D This approach elim-
inates the need for a separate skeleton encoder and aligns the kinematic data
with the pre-trained semantic knowledge of the LLM, effectively allowing the
model to “read” the patient’s motion.

Cross-Modal Fusion We concatenate visual features V and biomechanical
tokens Ey;, along the sequence dimension:

Zinput = [V, Ebio] € R(T+Ltext)><D. (2)
The frozen LLM processes the sequence. We pool visual hidden states into fy,

and concatenate this with the explicit temporal descriptor fiemp to form the
holistic representation fgu. € R2P.

2.3 Clinical Instruction Tuning and Objectives

Training Objective. To mitigate class imbalance, we use weighted cross-
entropy loss. A linear head g : R2P — RX maps fina to logits:

exp(g(fﬁnal)k) . N
Zj eXp(g(fﬁnal)j) L ’ (3)

K
L=-— Zwk yr log
k=1

We update only the Temporal Decoder and linear head, freezing InternVL.

Evidence-Grounded Prompting. We employ a Clinical Instruction Prompt
that defines each gait class using kinematic descriptors (e.g., “Parkinsonian:
shuffling steps, reduced arm swing”). Injecting these definitions alongside Ey;,
primes the model to attend to specific joint anomalies during the forward pass.

2.4 The DCM Clinical Gait Dataset

To bridge the gap between uncurated web videos and clinical reality, we in-
troduce the Degenerative Cervical Myelopathy (DCM) Dataset, a high-fidelity
cohort comprising 239 video recordings from 30 patients collected during routine
neurosurgical assessments. Unlike variable internet clips, these videos are cap-
tured using a standardized sagittal-view protocol in a hospital environment, yet
retain realistic background clutter to rigorously test model robustness against
environmental shortcuts. Ground-truth DCM labels are established based on
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clinical diagnosis by spine specialists. These samples form the DCM class within
the unified 8-class taxonomy and provide clinically collected examples of spinal-
cord-related gait impairment. All data collection is conducted under Institutional
Review Board (IRB) approval with strict de-identification protocols, establishing
a trustworthy benchmark for fine-grained pathological gait analysis.

2.5 Implementation Details

We implement the framework using InternVL3.5-1B [25] as the backbone, with
input frames resized to 448x448. The Temporal Evidence Distillation decoder
is configured with L=3 layers and hidden dimension D=2048. Biomechanical
text sequences are truncated to a maximum length of 1024 tokens. Model train-
ing is conducted on a single NVIDIA A100 GPU using the AdamW optimizer
(Ir=5x10"*, batch size 2) for 40 epochs.

3 Experiments

3.1 Experimental Settings

We evaluate on a unified clinical gait benchmark spanning an 8-class taxonomy:
Abnormal (Abnorm.), Normal (Norm.), Style, Ezercise, Parkinson’s (Park.),
Cerebral Palsy (CP), Myopathic (Myo.), and our newly introduced DCM.
GAVD [17] (Public Component). We utilize the Gait Abnormality Video
Dataset to source established gait patterns. This includes Normal controls and
broad Abnormal gait cases, non-pathological variations (Style, Ezercise), and
standard neuropathologies (Parkinson’s, CP, Myopathic).

DCM (Ours). To address the lack of spinal cord pathologies in public data, we
integrate our newly collected Degenerative Cervical Myelopathy dataset. In our
8-class benchmark, these samples constitute the distinct DCM class, representing
a subtle pathological motion often confused with generic abnormalities.
Leakage-Aware Protocol. Unlike [I7], to prevent the model from memoriz-
ing patient identities, we re-partition the benchmark to strictly enforce subject-
disjoint splits. For GAVD, we allocate 158 subjects (728 sequences) to training
and hold out 40 subjects (214 sequences) for testing. For DCM, we adhere to an
8 : 2 patient-level split, assigning 24 patients (187 sequences) to training and 6
patients (52 sequences) to testing. The final combined benchmark comprises 915
training and 266 testing sequences, ensuring zero subject overlap.

Baselines. We compare BioGait-VLM against two categories of methods: (1)
End-to-End Video Encoders: We re-train standard 3D-CNN and Transformer ar-
chitectures, specifically SlowFast [4] and TSN [20], on our leakage-aware splits.
These represent “black-box” approaches that learn abstract spatiotemporal fea-
tures from pixels without explicit biomechanics. (2) General-Purpose LVLMs:
We evaluate two SoTA foundational large vision-language models: Qwen3-VL [I]
and InternVL3.5 [25], in a zero-shot setting to assess whether general pre-training
suffices for fine-grained clinical diagnosis.
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Table 1: Results & Ablation. Performance on the 8-class clinical gait benchmark.
Top: Comparison against state-of-the-art video and VLM baselines. Bottom: Ablation
study isolating the impact of the Temporal Evidence Distillation (TED) and Biome-
chanical Tokenization branches.

Per-Class F1 Score (%)
Method Ace. (%) Macro FLis ey 3 norm. OP Park. Norm. Style Exer.
End-to-End Video Encoders (Fine-tuned)
SlowFast [4] 32.2 31.1 88.2 54.1 215 0.0 57.1 0.0 39 243
TSN [20] 37.1 35.9 100.0 476 234 121 75.0 0.0 0.0 29.2
General-Purpose LVLMs (Zero-Shot)
Qwen3-VL-2B [I] 21.9 7.8 0.0 0.0 46.7 0.0 0.0 157 0.0 0.0
InternVL3.5-1B [25] 32.5 9.6 0.0 0.0 52.3 00 00 76 80 92
BioGait-VLM Ablation Study (Component Analysis))
- w/o TED Branch 63.8 42.4 93.3 355 719 10.0 641 0.0 4.2 60.2
- w/o Biomechanical Branch| 64.3 43.8 98.1 333 734 16.0 65.7 0.0 0.0 64.4
- w/o both 60.0 44.2 100.0 30.0 729 0.0 66.7 21.1 0.0 63.3
BioGait-VLM (Full) 68.1 52.9 98.1 36.4 80.4 35.3 66.7 31.8 4.3 70.0

3.2 Diagnostic Classification Performance

Tab|I] (top) presents results on the unified 8-class benchmark. Standard video en-
coders (SlowFast, TSN) and zero-shot VLMs struggle to generalize under the rig-
orous subject-disjoint protocol, achieving accuracies below 40%. This highlights
their reliance on environmental shortcuts and inability to capture fine-grained
kinematic deviations. In contrast, BioGait-VLM achieves a state-of-the-art ac-
curacy of 68.1%, outperforming the strongest baseline by +81.0%. Crucially,
our framework delivers substantial gains on subtle pathologies, achieving F1
scores of 98.1% for DCM and 66.7% for Parkinson’s. This confirms that ex-
plicitly modeling biomechanics and temporal dynamics enables the system to
disentangle pathological motion from complex environmental noise.

3.3 Clinical Validation via Blinded Expert Assessment

Quantitative metrics (accuracy/F1) do not fully capture a model’s utility in
a clinical workflow. To assess the interpretability and trustworthiness of the
generated rationales, we conduct a blinded qualitative study with four evaluators
possessing specific domain expertise in DCM.

Study Protocol. We utilize the complete set of 52 video sequences derived
from all 6 patients in the held-out DCM test cohort. To ensure exhaustive
coverage without fatigue, the dataset is partitioned into non-overlapping sub-
sets, with each evaluator reviewing 13 unique cases. For every sequence, ex-
perts review anonymized diagnostic rationales from three anonymized models:
(1) InternVL-8.5 (Zero-Shot): The generic backbone without adaptation. (2)
BioGuait-VLM (w/o biomechanical branch): fine-tuned model without the biome-
chanical branch. (3) BioGait-VLM (Full): The proposed framework. Evaluators
rate the responses on a 5-point Likert scale across four clinical dimensions:
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Table 2: Human Expert Evaluation. Average likert scores (Range: 1-5, higher
is better). Our Biomechanical Tokenization Branch significantly boosts Evidence
Grounding and Usefulness compared to vision-only approaches, reducing hallu-
cinations.

Model Variant ‘Grounding Explainability Usefulness Consistency
InternVL3.5-1B [25] (Zero-Shot) 2.31 2.98 2.46 3.85
BioGait-VLM (w/o Biomechanical Branch) 1.98 2.12 1.83 2.13
BioGait-VLM (Full) 4.23 3.98 3.69 4.15

1. Evidence Grounding: Does the rationale cite observable biomechanical
metrics (e.g., “reduced knee flexion”) rather than generic statements?
2. Explainability: Is the explanation coherent, logical, and easy for a clinician
to follow?
3. Clinical Usefulness: Would this output aid real-world screening or docu-
mentation?
4. Consistency: Is the predicted diagnosis internally consistent with the sup-
porting text?
Finally, experts select the single “Best Model” for each case and provide open-
ended comments to justify their selection.
Results and Analysis. As detailed in Tab. [2} our BioGait-VLM dominates
across all metrics, particularly in Evidence Grounding (4.23 vs. 2.31 for the
strongest baseline). In the comparative ranking, experts select BioGait-VLM
as the superior model in 69.2% of cases (36/52), compared to just 26.9% for
the zero-shot baseline. Qualitative feedback highlights the critical role of the
Biomechanical Branch. Evaluators note that while baseline models often pro-
vide “generic” or “vague” explanations (e.g., “walking difficulty”), the Full Model
produced rationales anchored in “concrete metrics.” One expert comment: “Fven
though [the baseline] is generic but makes sense, [BioGait-VLM] wins with con-
crete metrics.” Another notes that even when visual cues are ambiguous, “the
biomechanical metrics present a better rationale... the data suggests otherwise.”
This confirms that textualized kinematics transform the system from a black-box
classifier into a transparent, evidence-based clinical assistant.

3.4 Ablation Analysis

As detailed in the bottom section of Tab. [T} we isolate the contribution of each
modality. Impact of Temporal Modeling: Removing the Temporal Evidence Dis-
tillation (TED) branch causes a sharp performance drop, particularly in the
Myopathic class (F1 decreases significantly). This confirms that static VLM fea-
tures struggle to capture rhythmic gait anomalies (e.g., waddling) without ex-
plicit temporal modeling. Impact of Biomechanical Tokenization: Excluding the
Biomechanical Branch degrades performance on structurally defined pathologies
like Parkinson’s and DCM. The full tri-modal framework achieves the highest
overall accuracy (68.1% ), validating that textualized joint-angle tokens provide
critical geometric grounding that complements visual appearance.
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4 Conclusion

We present BioGait-VLM, a tri-modal framework that addresses the general-
ization failure of standard video models by integrating explicit biomechanical rea-
soning into a Large Vision-Language Model (LVLM). By projecting 3D kinemat-
ics into language-aligned semantic tokens, our approach successfully decouples
pathological motion from environmental shortcuts. Extensive experiments on our
rigorous 8-class benchmark, which includes the newly collected DCM dataset,
demonstrate state-of-the-art performance on unseen patients. Furthermore, our
blinded expert study confirms that this architecture transforms the model into a
transparent clinical assistant capable of generating evidence-grounded assess-
ments. These results suggest a practical path toward interpretable, privacy-
preserving digital biomarkers for neurology.
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