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Fig. 1. Overview of cross-context clinical motor assessment. Standardized
probes yield context-dependent motor observations. Aggregated multi-probe evidence
estimates a subject-level trait, separated from probe-specific transients, to condition
gait synthesis for cross-context consistency.

Abstract. A central challenge in clinical motor assessment is to infer
stable motor capacity from task observations shaped by context. We
propose a multi-probe trait–state latent framework that models each
standardized task as a partial observation of a subject-level motor trait.
A shared latent captures cross-context regularities while probe-specific
latents absorb transient effects, and the trait is inferred via precision-
weighted aggregation. Resting-state gait is decoded from the shared
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trait alone, enabling cross-context consistency evaluation. Under subject-
disjoint 12-center leave-one-center-out evaluation on 1,196 subjects, the
proposed method achieves a 0.60 correlation with held-out real-gait phe-
notype descriptors, improves biomechanical realism, and outperforms
strong conditional baselines. These results support the feasibility of trait–
state latent modeling for clinical motor assessment from standardized
task probes.

Keywords: Clinical motor assessment · Human motion modeling · Cross-
context inference · Motor phenotyping.

1 Introduction

Clinical motor assessment relies on short standardized tasks to probe motor
function. Each task provides a context-dependent view shaped by instructions,
effort, and environment, whereas clinicians ultimately seek stable motor capaci-
ties that persist across contexts [1,8,17]. Clinicians implicitly integrate heteroge-
neous observations to distinguish transient responses from stable motor charac-
teristics [13]. Such cross-context reasoning remains largely qualitative, limiting
reproducibility across clinicians, settings, and centers [2, 7, 23].

Recent advances in parametric human motion modeling and generative learn-
ing enable rich representation and synthesis of human movement [11, 15, 16, 19,
24]. However, most existing approaches remain context-bound: they recognize
or generate motion within a fixed task setting and implicitly treat observed
performance as a direct proxy for ability [3–5, 10, 20–22, 26]. This assumption
is insufficient in clinical assessment, where the same subject may show task-
induced variability while retaining stable motor characteristics [9], and where
fatigue, instructions, and environment can shift observed performance [6, 14].
This context-bound modeling constrains cross-center reproducibility and cross-
context comparability [18], motivating the trait–state framework in Figure 1 to
separate shared subject traits from task-specific transients.

Specifically, we cast clinical motor assessment as multi-probe latent trait in-
ference. Each standardized task is treated as a partial, context-dependent probe
of motor capacity. The model uses a shared subject latent to capture cross-
context motor regularities and probe-specific latents to absorb execution ef-
fects; only the shared latent conditions target-domain gait generation. Precision-
weighted aggregation fuses probe-wise evidence, making gait synthesis a struc-
tural test of cross-context consistency rather than a standalone generation goal.

We make three contributions. (1) Trait–state formulation. We model clin-
ical motor assessment as latent trait inference that disentangles stable motor
traits from task-specific transients. (2) Cross-context validation paradigm.
We use trait-conditioned gait synthesis as a principled test of trait generaliza-
tion rather than direct task-to-task translation. (3) Multi-center evaluation.
Under subject-disjoint 12-center LOCO evaluation, our method consistently out-
performs strong conditional generation baselines across all primary metrics.
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2 Method

2.1 Problem Setup and Motion Representation

For each subject s, we collect a set of clinically guided task motions X task
s =

{xtask
s,i }Ns

i=1, where Ns = 3denotes the three standardized probes: single-leg stance
(SLS), sit-to-stand (STS), and high knees (HK). When available, we also col-
lect a resting-state gait sequence xgait

s , which is used as the target domain for
cross-context consistency evaluation. Each motion is represented as a parametric
trajectory using the neutral SMPL-X [12] body model. For subject s, a motion
sequence of T frames is represented as:

x = {(θt, rt, tt,βs)}Tt=1, (1)

where θt ∈ R165 denotes pose parameters (joint rotations in axis-angle repre-
sentation), rt ∈ R3 denotes root orientation, tt ∈ R3 denotes root translation,
and βs ∈ R300 is the subject-specific body shape parameter vector, which re-
mains constant across time for subject s. The temporal motion input is therefore
formed by stacking pose, root orientation, and root translation into x ∈ RT×D

with D = 171. The shape vector βs is kept for SMPL-X reconstruction but is
not included in the temporal token input.

2.2 Compositional Motion Tokenization

Task and gait motions are tokenized into a shared discrete space using component-
wise VQ-VAE codebooks trained on training-center sequences. Each motion x is
factorized into three components, xlower, xtrunk, and xglobal. For each component
k ∈ {lower, trunk, global}, a VQ-VAE [25] produces a token stream q

(k)
1:T .

To feed multi-stream tokens into a single transformer, we interleave the three
streams per frame:

q1:3T = Flat
(
{(qlower

t , qtrunkt , qglobalt )}Tt=1

)
. (2)

Learned embeddings encode stream and time identities. Given generated gait
tokens q̂gait

s , we decode each component and compose them into SMPL-X tra-
jectories,

x̃gait
s = Compose

(
{D(k)(q̂(k)

s )}k
)
. (3)

2.3 Trait–State Latent Factorization

We model each task motion as a controlled probe that reveals a stable, subject-
specific motor trait while containing task-induced transients. To separate these
factors, we introduce (i) a subject-level latent trait zs shared across task probes
and (ii) a task-level latent state us,i capturing task-specific transients, with
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Gaussian priors p(zs) = N (0, I) and p(us,i) = N (0, I). We parameterize the
token likelihoods with autoregressive sequence models:

pθ(q
task
s,i | zs,us,i, cs,i) =

Li∏
t=1

pθ(q
task
s,i,t | qtask

s,i,<t, zs,us,i, cs,i), (4)

pθ(q
gait
s | zs) =

Lg∏
t=1

pθ(q
gait
s,t | qgait

s,<t, zs), (5)

where cs,i denotes the task context label (clinical protocol identifier). Equiva-
lently, the gait decoder follows the factorization pθ(q

gait
s | zs,us,i) = pθ(q

gait
s |

zs), so us,i has no direct conditioning path to gait synthesis.
We perform amortized variational inference with posteriors qϕ(zs | Qtask

s )
and qϕ(us,i | qtask

s,i ). Figure 2 shows the full pipeline.

Fig. 2. Trait–state modeling for clinical motor assessment. (a) Standardized
task probes and resting-state gait define the cross-context setting. (b) SMPL-X task
and gait motions are tokenized by shared component-wise VQ-VAE codebooks into
lower-body, trunk, and global tokens. (c) Task tokens produce probe-wise trait and
state posteriors, with trait posteriors fused by product-of-experts aggregation into the
subject-level latent zs. (d) The aggregated trait latent conditions gait-token generation
and SMPL-X reconstruction, supervised by token reconstruction, KL regularization,
and phenotype alignment.

2.4 Probe-wise Trait Inference and Product-of-Experts Aggregation

For each task probe, we use a transformer encoder fenc to map the task-token
sequence to a fixed-dimensional representation hs,i = fenc(q

task
s,i ) ∈ Rm. Two
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MLP heads estimate the trait and state posteriors:

qϕ(zs | qtasks,i ) = N (µzs,i,diag((σ
z
s,i)

2)), (µzs,i, log σ
z
s,i) = fzµσ(hs,i), (6)

qϕ(us,i | qtasks,i ) = N (µus,i,diag((σ
u
s,i)

2)), (µus,i, log σ
u
s,i) = fuµσ(hs,i). (7)

The trait posterior estimates subject-level information recoverable from one
probe, while the state posterior captures probe-specific execution patterns.

The three probes provide complementary evidence about the same subject-
level trait. To obtain a robust subject-level trait posterior, we aggregate the
per-probe trait posteriors {qϕ(zs | qtask

s,i )}3i=1 using a product-of-experts (PoE)
rule:

qϕ(zs | Qtask
s ) = N (µs, Σs), Σs =

(
I +

3∑
i=1

Λs,i

)−1

, µs = Σs

3∑
i=1

Λs,iµ
z
s,i,

(8)
where Λs,i = diag((σzs,i)

−2) is the precision matrix. This precision-weighted fu-
sion gives higher weight to lower-uncertainty probes. The aggregated posterior
qϕ(zs | Qtask

s ) is used to condition gait generation.

2.5 Variational Objective and Clinical Alignment

The training objective combines variational reconstruction and phenotype-guided
regularization.

Variational objective. For each subject s, we maximize an evidence lower
bound consisting of task-token reconstruction conditioned on (zs, us,i), gait-
token reconstruction conditioned on zs when gait is available, and KL regu-
larization on both latents:

LELBO(s) =
∑
i

Eqϕ(zs,us,i)

[
log pθ(q

task
s,i | zs, us,i, cs,i)

]
+ δsEqϕ(zs)

[
log pθ(q

gait
s | zs)

]
− KL(qϕ(zs)∥p(zs))−

∑
i

KL(qϕ(us,i)∥p(us,i)). (9)

Phenotype-guided regularization. We compute nine phenotype indica-
tors as ∈ R9 describing balance, strength, and rhythm. The nine descriptors
quantify stride length, cadence, gait-cycle frequency, stride-time variability, step-
width variability, trunk sway, foot clearance, pelvis velocity, and left–right asym-
metry.

Given gait-model hidden states Hgait
s ∈ RL×d, a linear head predicts:

âs = gψ

(
1

L

L∑
t=1

Hgait
s,t

)
, (10)

The phenotype loss is:

Lpheno =
∑
s:δs=1

∥âs − as∥22. (11)
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Final objective. The overall training objective is:

L =
∑
s

LELBO(s) + λpLpheno. (12)

3 Experiments and Results

3.1 Dataset and Protocol

We curate a 12-center clinical motion dataset with 1,196 subjects performing
three clinician-guided probes: single-leg stance, sit-to-stand, and high knee lift-
ing. When available, each subject also provides up to two resting gait clips.
Videos are recorded at 30 FPS and converted to SMPL-X trajectories through a
unified fitting pipeline, yielding approximately 8,000 motion sequences totaling
63.1 hours and spanning ages 19 to 93, with 639 male and 557 female partici-
pants.

Resting gait is not available for all subjects; we denote gait availability by δs ∈
{0, 1} and report gait-based evaluation on subjects with δs = 1 only. We evaluate
cross-center generalization using subject-disjoint leave-one-center-out (LOCO)
over 12 centers. To prevent leakage, both the tokenizer (VQ-VAE codebooks)
and all model components are trained using training-center data only. Within
each LOCO fold, held-out center data are never used for tokenizer training,
model fitting, or hyperparameter selection.

3.2 Baselines

Uncond. A transformer trained on gait tokens only, without any condition-
ing. Direct T→G. A paired transformer mapping task tokens to gait tokens
without an explicit subject-level trait latent. CondGen (Diff.). A conditional
diffusion model generating gait tokens from the same task embedding. Concat
(no latent). A transformer that concatenates the three task token streams and
directly generates gait tokens, without zs/us,i factorization or PoE aggregation.
Ours w/o Lpheno. Our model without phenotype-guided regularization. Fair-
ness. All methods share the same tokenizer/decoder, LOCO splits, and training
budget.

3.3 Evaluation Metrics

Following GAITGen and clinical gait analysis practice, we evaluate generated
gait by descriptor fidelity, biomechanical realism, and subject consistency.

Descriptor Fidelity. For each paired test subject with δs = 1, we extract a
9-dimensional descriptor vector from real and generated gait, denoted by dreals

and dgens . When multiple gait clips are available, descriptors are averaged at the
subject level. We report Pearson correlation (Corr.) and mean absolute error
(MAE) between subject-matched descriptors.
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Table 1. Main LOCO results, reported as fold-averaged means over 12 held-out centers.
Descriptor fidelity is the primary objective; retrieval is reported as optional reference.
↑ higher is better, except MAE/Foot/Cycle (↓). UB denotes the empirical upper bound
from real gait clips.

Descriptor fidelity Biomechanics Consistency
Method Corr.↑ MAE↓ Foot↓ Cycle↓ Acc@1↑

Real gait (UB) – – 0.03 0.07 –

Uncond. 0.23 0.79 0.09 0.17 0.18
Direct T→G 0.35 0.65 0.07 0.14 0.32
Concat (no latent) 0.39 0.61 0.07 0.13 0.37
CondGen (Diff.) 0.45 0.55 0.05 0.11 0.52
Ours w/o Lpheno 0.52 0.47 0.05 0.10 0.58
Ours (Full) 0.60 0.38 0.04 0.09 0.72

Biomechanical Realism. Foot Sliding is the average foot velocity during
estimated ground-contact frames, normalized by body scale. Cycle Error is the
relative deviation of dominant gait frequency, |fgen − freal|/freal, where f is
estimated from pelvis forward velocity.

Subject Consistency. We train a gait encoder E(·) on training subjects
only and freeze it to retrieve the matched real gait from the test gallery, reporting
Top-1 accuracy.

Table 2. Robustness under incomplete clinical observations (fold-averaged means over
LOCO splits). Top: missing task probes at inference. Bottom: limited paired supervision
during training.

Setting Foot↓ Top-1↑ Corr.↑

Missing task probes (inference)
1 task 0.050 0.48 0.34
2 tasks 0.043 0.57 0.45
3 tasks 0.038 0.72 0.60

Limited paired subjects (training)
100% paired 0.038 0.72 0.60
50% paired 0.041 0.60 0.49
20% paired 0.046 0.54 0.42
10% paired 0.051 0.49 0.35

3.4 Main Results

Table 1 shows that our full model achieves the best descriptor fidelity and biome-
chanical realism. Compared with CondGen (Diff.), it improves Corr. by 0.15 and
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Table 3. Trait diagnostics under LOCO (avg. over folds). For z, lower task prediction
indicates weaker task leakage; for u, higher task prediction indicates stronger probe-
specific encoding. Lower is better for Intra-subj Var.

Method Task pred. from z ↓ Task pred. from u ↑ Intra-subj Var(µz) ↓

Direct T→G 0.61 – 0.083
CondGen (Diff.) 0.57 – 0.072
Ours (Full) 0.27 0.92 0.035

Fig. 3. Qualitative comparison. Phase-aligned frames from one gait cycle of a rep-
resentative subject. Our method preserves the subject-specific rightward trunk lean
more faithfully than CondGen (Diff.). Black lines indicate the estimated trunk axis.

Top-1 by 0.20, while reducing Foot and Cycle errors. Removing Lpheno lowers
Corr. and Top-1, and Concat remains below the factorized model.

Table 2 shows monotonic gains as more probes are observed and graceful
degradation under reduced paired supervision, with usable performance even at
10% paired subjects.

3.5 Trait Disentanglement and Clinical Relevance

Table 3 diagnoses the intended factorization. Our shared latent z is less task-
predictive than baseline representations, while u remains strongly task-predictive.
The intra-subject variance of per-probe trait estimates also decreases to 0.035,
compared with 0.083 and 0.072 in the baselines.

Clinically, cross-protocol comparability demands a shared latent that is stable
and minimally task-entangled; our lower-variance, less task-predictive z better
supports aggregation across heterogeneous probes. Figure 3 further shows that
the inferred trait preserves a phase-consistent trunk-lean pattern for the same
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subject, providing qualitative evidence of subject-specific motor preservation
across contexts.

4 Conclusion

We presented a multi-probe trait–state framework for cross-context clinical mo-
tor assessment. By conditioning gait generation on the shared trait latent alone,
the model improves descriptor fidelity, biomechanical realism, and subject con-
sistency under subject-disjoint 12-center LOCO evaluation.
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