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Abstract. Turning difficulty is an early and clinically significant indica-
tor of Parkinson’s disease (PD). Skeleton-based approaches are already
widely used in clinical movement analysis, as they offer a markerless and
privacy-preserving representation of human motion from ordinary video.
However, automated turning assessment from skeleton sequences remains
challenging due to the temporal complexity of turning movements. Ex-
isting skeleton-based methods either treat the entire sequence globally,
ignoring its inherent temporal structure, or require expensive frame-level
phase annotations. We propose a weakly-supervised temporal decompo-
sition framework that discovers discriminative temporal patterns from
video-level diagnostic labels alone. The framework integrates a transi-
tion detector operating on motion gradients with spatial-temporal graph
convolutional networks via learned soft masks, decomposing the turn-
ing sequence into multiple temporal instances with diagnostic relevance
learned through attention aggregation. A learnable adjacency mechanism
further adapts the skeleton graph to emphasize clinically relevant body
connections. Decoupling boundary detection from the classification ob-
jective allows the learned phase structure to serve as an independent
clinical interpretation, unbiased by diagnostic labels. Evaluated on the
clinical PD dataset, our method achieves an AUC-ROC of 91.05% under
5-fold subject-level cross-validation, while providing interpretable out-
puts including instance-level importance weights and anatomical rele-
vance maps consistent with clinical knowledge of Parkinsonian turning
symptoms. The code is available at https://github.com/jieming1113/
TempoDecompGCN-PD

Keywords: Parkinson’s disease - Graph neural networks - Temporal
decomposition - Weakly-supervised learning
1 Introduction

Parkinson’s disease (PD) affects millions of people worldwide and is characterized
by progressive motor deterioration including bradykinesia, rigidity, and postural
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instability [4]. Among functional motor tasks, turning is a particularly sensitive
indicator of PD severity, demanding complex multi-segmental coordination in-
volving anticipatory postural adjustments, axial rotation, and dynamic balance
control [252]. Clinically, turning difficulty manifests as a characteristic rigid-
body turning pattern, and correlates with fall risk [BI6IT4], making automated
turning assessment valuable for both diagnosis and longitudinal monitoring.

Markerless skeleton extraction from standard video has enabled scalable au-
tomated clinical assessment [1J26], and skeleton-based deep learning methods
have been applied to general action recognition and automated PD evalua-
tion [28/30129]. However, these methods rely on global temporal pooling with
fixed skeleton topology, without mechanisms to exploit the task-specific tempo-
ral structure and the spatially heterogeneous motor patterns inherent to turning
assessment. Specifically, a turning movement progresses through biomechani-
cally distinct stages, namely Early-Turn, Mid-Turn, and Late-Turn [31I8/20],
that differ in diagnostic relevance for PD. Notably, Parkinsonian deficits are
particularly pronounced in the Late-Turn phase, manifesting as prolonged pos-
tural recovery [22/18]. Existing approaches to temporal decomposition of clinical
movement sequences either require frame-level phase annotations impractical to
obtain in clinical settings [I0], or classify the entire sequence without uncover-
ing its internal temporal structure [30/29)27]. We address this through weakly-
supervised temporal decomposition, learning phase boundaries, i.e., transition
points between motion stages, directly from video-level diagnostic labels alone.

We propose a weakly-supervised temporal decomposition framework that
partitions turning sequences into temporal instances via learned boundary scores.
Inspired by multiple instance learning (MIL) [7], an attention-based aggregation
module assigns diagnostic importance weights to each instance. An adaptive
adjacency mechanism further modulates the skeleton graph to emphasize clin-
ically relevant connections [24]. Under subject-level cross-validation on clinical
turning sequences, our method achieves an AUC-ROC of 91.05% with clinically
interpretable outputs.

Our main contributions are: (1) a weakly-supervised temporal decomposi-
tion framework that discovers discriminative temporal patterns from video-level
diagnostic labels alone; (2) a dual-branch architecture integrating soft temporal
decomposition with instance-level attention aggregation, jointly optimized with
decoupled gradient flows; and (3) evaluation on a clinical dataset demonstrating
strong diagnostic performance with clinically interpretable outputs.

2 Related Work

Recent advances in pose estimation enable markerless skeleton extraction from
standard video [TI26], facilitating scalable clinical deployment. Building on this,
ST-GCN [27] and extensions [24]12] have achieved strong performance on action
recognition benchmarks [23] and have been applied to clinical movement assess-
ment [13] and automated PD evaluation [30/29/T9]. However, all these methods
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Fig. 1. Overview of the proposed framework. (A) The soft temporal decomposition
branch computes boundary scores s(t) and generates soft instance masks my(t). (B)
The diagnostic branch extracts frame-wise features h(t) with adaptive adjacency. (C)
Instance representations zj are obtained via mask-weighted pooling and aggregated
through gated attention weights ay into a sequence representation r for classification.

rely on global temporal pooling, discarding the phase-specific temporal structure
that is diagnostically relevant in turning assessment.

Temporal decomposition of clinical movement sequences has been approached
through supervised phase segmentation requiring frame-level annotations [10],
which is impractical in clinical settings. Weakly-supervised approaches reduce
annotation cost but still require partial temporal labels [TTJ21]. Multiple instance
learning with attention-based aggregation [7] enables bag-level classification over
unordered instances, yet does not model the structured temporal progression of
clinical movement tasks. Our framework adapts attention-based aggregation to
ordered temporal instances discovered from video-level labels alone.

3 Method

As shown in Fig. [I] our framework consists of two parallel branches: a soft tem-
poral decomposition branch that partitions the sequence into temporal instances
via learned soft masks, and a diagnostic branch that extracts spatial-temporal
features with an adaptive adjacency mechanism.

3.1 Problem Formulation and Input Representation

Given a skeleton sequence X € RE*T*V with C input channels, T frames,

and V joints, along with a video-level diagnostic label y € {0,1}, we aim to
learn a classifier F(X) — y that simultaneously discovers discriminative tem-
poral structure without frame-level annotations. The skeleton is modeled as a
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spatial graph G = (V, ) where vertices represent body joints and edges repre-
sent skeletal connections. Each sequence is normalized by centering on the hip
midpoint and scaling by torso length, then interpolated to T" frames. The input
features consist of joint position, velocity v(t) = p(t) — p(t — 1), and acceleration
a(t) =v(t)—v(t—1), where p(t) € R? denotes the joint position vector at frame
t, yielding C' input channels per joint.

3.2 Soft Temporal Decomposition Branch

Turning movements progress through biomechanically distinct stages, yet ob-
taining frame-level phase annotations is prohibitively expensive in clinical set-
tings. To address this, this branch learns to partition the turning sequence into
K temporal instances in a data-driven manner, detecting motion transitions
via auxiliary regularization losses, decoupled from the classification objective.
A lightweight ST-GCN encoder processes the input to obtain frame-wise fea-
tures f(t) € R? after spatial pooling. We compute motion gradient features as
Af(t) = f(t)— f(t—1), with Af(0) = 0. The concatenation [f(t); Af(t)] € R*d
encodes both the instantaneous motor state and its rate of change. A temporal
convolutional network maps these to boundary likelihood scores:

s(t) = o (ConvID([f(2); Af(?)]) + (1)), (1)

where o(-) denotes the sigmoid function, and 7 (t) is a learnable position prior
initialized with Gaussian peaks.

Boundary positions b1, by € [0,1] are the top-2 local maxima of s(t), sorted
temporally. Specifically, local maxima are frames satisfying s(t) > s(t — 1) and
s(t) > s(t + 1); the two local maxima with the highest s(t) values are selected
and normalized as by, = /T, yielding by < by. These define soft instance masks:

my(t) = o(B(br —t/T)),
ma(t) = o(B(t/T — b)) - o(B(b2 — t/T)), (2)
my(t) = o(B(t/T — by)),

where 3 controls boundary sharpness. The masks are normalized as 7hy(t) =
my(t)/ 32, m;(t), allowing each frame to contribute probabilistically to multiple
instances.

3.3 Diagnostic Feature Extraction with Adaptive Adjacency

Parkinsonian motor impairment exhibits characteristic spatial patterns across
body regions, yet the standard fixed skeleton topology treats all joint connections
equally. To capture clinically relevant spatial patterns, the diagnostic branch con-
sists of stacked ST-GCN blocks with progressive channel expansion and residual
connections, equipped with an adaptive adjacency mechanism motivated by the
diagnostic significance of lower extremity kinematics [I6/15] and trunk coordi-
nation [6]. The mechanism computes a soft importance mask:

M=c (E + Pmotor) ’ (3)
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where E € RV*V is a learnable matrix initialized to zero, and Ppotor iS an
anatomical prior with higher values for lower limb and trunk joint pairs. Pyotor
provides a soft initialization bias encoding clinical knowledge, while E is free
to override it through training. The effective adjacency matrix is A=A M,
where A is the physical skeleton adjacency matrix and @ denotes element-wise
multiplication.

3.4 Aggregation and Training

With the sequence decomposed into temporal instances, we require a mecha-
nism to aggregate instance-level information into a video-level diagnostic decision
while identifying which instances are most diagnostically relevant. We formulate
classification as a MIL problem [7]. Given diagnostic features and soft instance
masks 7 (t), instance representations are computed via weighted pooling:

S, m(t) - h()
Zt mk(t) +e’

where h(t) is the spatially-averaged feature at frame ¢ and e is a small con-
stant for numerical stability. Each z; undergoes an instance-specific transforma-
tion to obtain Zj, and importance weights are computed via gated attention:
ay = softmaxy(w " (tanh(W;2;) ® 0(Waz))). The video-level representation
r= Zk iz is passed to a classifier.

The training objective combines focal loss with class-dependent weights to
address class imbalance:L = L + AsLsparse + AmLsmooth, Where Lgparse =
% 23:1 5(t) and Lomooth = 7 23;2(5(15) — s(t — 1))? encourage sparse and tem-
porally smooth boundary scores, respectively. Together, these losses concentrate
s(t) at a small number of temporally localized peaks corresponding to frames of
rapid motor state change, thereby enabling motion-salient boundary detection
without frame-level supervision.

Since b1, bo are obtained via a non-differentiable top-2 local maxima opera-
tion, L5 does not back-propagate through boundary positions. The decompo-
sition branch is trained exclusively by Lsparse and Lemooth, While Lejs trains the
diagnostic branch and aggregation module. This decoupling prevents the clas-
sification objective from biasing boundary positions, lending interpretability to
the discovered soft temporal transition candidates.

2k

(4)

4 Experiments

4.1 Dataset and Setup

We evaluate on a clinical dataset from the REMAP study [17], comprising 1,294
turning sequences (521 healthy controls (HC) and 773 PD patients) from 12 HC
and 12 PD participants recorded during daily activities. PD diagnosis followed
the UK Brain Bank Criteria; participants had H&Y 2.3+0.8 (entry criterion < 3)
and MDS-UPDRS III score 36.8 £ 23.0. Videos are processed with a pretrained
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Table 1. Results and ablation study of the proposed framework. All metrics are re-
ported in percentage (%). The best results are highlighted in bold.

Configuration Acc. Sens. Spec. F1 AUC-ROC

ST-GCN baselinef 59.07 £3.96 60.39 £5.02 55.74+5.74 67.88+3.90 61.71 +2.53""

+ Global temporal attention 62.80 +1.88 66.20 +1.84 54.10 +2.32 71.80 +1.59 64.00 + 2.04™™

+ Fixed decomposition 49.45 + 15.27 51.29 =+ 31.41 44.39 + 29.89 54.62 + 21.09 46.14 & 5.19"**
(independent encoder

+ Fixed decomposition 72.8842.76 70.38 £6.26 76.58 £4.98 75.61 4 3.38 82.43 4+ 2.40"
(soft mask

t Weakly-supervised 80.15+2.72 84.524+5.27 75.08+4.46 83.27+2.71 88.36 % 0.60°"

(w/o adaptive adjacency)

+ Weakly-supervised 81.544+1.92 85.86 &+ 3.25 75.19 = 5.96 84.68 = 0.66 91.05 +1.13
decomposition (ours)

**p < 0.01, ***p < 0.001 vs. our model (paired ¢-test across folds).
f Lightweight 2-block encoder used as ablation baseline.

HRNet [26] model for 2D pose estimation, yielding skeleton sequences with 17
keypoints per frame. Only video-level diagnostic labels are available, with no
frame-level temporal annotations. All experiments use subject-level 5-fold cross-
validation. Sequences are temporally resampled to a uniform length of 7' = 100
frames with 6-channel joint features. The decomposition branch uses K = 3
instances (8 = 5) and a lightweight encoder with 2 ST-GCN blocks (d = 64),
while the diagnostic branch uses 6 ST-GCN blocks with channels up to 128.
The two branches adopt separate encoders to avoid biasing boundary detection
toward diagnostic cues. We employ an anatomical prior Ppotor that assigns 1.0
to lower-limb joint pairs, 0.5 to lower-limb—trunk connections, and 0 elsewhere.
We use AdamW with learning rate 3 x 10, weight decay 0.01, focal loss with
v = 2.0, boundary regularization loss weights Ay = 0.05 and \,, = 0.1, and train
for a maximum of 200 epochs.

4.2 Results and Ablation Study

Table [1] reports the full model performance and ablation study of progressively
adding modules to a baseline ST-GCN. The baseline achieves only 59.07% accu-
racy with global pooling, and global temporal attention yields marginal improve-
ment to 62.80%. Fixed decomposition(soft mask) improves accuracy by 13.81%
and AUC-ROC by 20.72%, confirming temporal structure as the key factor, while
fixed decomposition(independent encoder) yields substantially degraded perfor-
mance as separate encoders produce incomparable instance representations that
cannot be effectively aggregated. Replacing fixed decomposition with weakly-
supervised decomposition further improves accuracy by 7.27% and AUC-ROC
by 5.93%, confirming that motion transition-driven boundaries provide more
discriminative temporal partitioning than fixed segmentation. Adding adaptive
adjacency yields a further 2.69% gain in AUC-ROC, bringing the full model to
91.05%, confirming that learnable skeleton topology better captures the spatially
heterogeneous nature of Parkinsonian motor impairment.
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Table 2. Comparison of instance aggregation strategies. All metrics are reported in
percentage (%). The best results are highlighted in bold.

Aggregation Strategy Acc. Sens. Spec. F1 AUC-ROC
Mean pooling 80.31 +2.74 83.28 £3.02 75.95+ 10.06 83.48 +1.67 87.89+1.34""
Max pooling 80.82 +1.47 85.00 £3.21 74.68 £1.79 84.03+1.54 88.12+0.82""

sk ok

Attention pooling 79.08 £0.88 84.31 £2.64 71.39+4.05 82.73+0.83 87.19 £0.97
Gated attention 81.54+1.9285.86+3.25 75.19+5.96 84.68+0.66 91.05+1.13

**p < 0.01, " p < 0.001 vs. our model (paired t-test across folds).

Table 3. Comparison with existing skeleton-based methods. All metrics are reported
in percentage (%). The best results are highlighted in bold.

Method Acc. Sens. Spec. F1 AUC-ROC
ST-GCN [27] 61.28 4+ 2.57 93.81 +12.07 13.08 + 24.23 74.16 + 1.44 69.94 +2.03"""
AGCN [24] 64.30 + 1.71 82.49 +16.77 37.15 £ 27.04 72.74 +4.68 74.62+2.61"""

2s-AGCN [24] 63.06 £ 6.22 79.59 + 27.48 38.58 + 31.13 68.97 + 15.05 74.87 + 2.74™"
WM-STGCN [30] 62.27 +5.12 81.03 & 10.68 42.55 & 22.16 75.62 & 2.87 75.15+2.26"
SkateFormer [3] 71.4941.20 74.48+4.52 67.09+£6.75 75.61 +1.45 78.97 + 1.53""
MS-TCN++ [9] 77.7443.58 83.28+1.50 62.28 £7.94 82.56 £2.45 85.6542.26"
Ours 81.54 +1.92 85.86 = 3.25 75.19 + 5.96 84.68 + 0.66 91.05+1.13

***p < 0.001 vs. our model (paired ¢-test across folds).

We further compare instance aggregation strategies while keeping the tempo-
ral decomposition branch constant, as shown in Table[2} Gated attention achieves
the best AUC-ROC of 91.05%, confirming that the learned gating mechanism
effectively identifies the most diagnostically relevant temporal instances.

4.3 Comparison with Existing Methods

We compare with established skeleton-based methods under an identical training
protocol, as reported in Table[3] Our method outperforms all compared methods
across all metrics, with 81.54% accuracy and 91.05% AUC-ROC. MS-TCN++,
which explicitly models temporal structure, achieves 85.65% AUC-ROC yet still
falls 5.40% short of ours, underscoring the added value of weakly-supervised
phase discovery and learnable skeleton topology. The compared methods exhibit
severe sensitivity-specificity imbalance due to global temporal pooling, while our
framework achieves balanced classification with 85.86% sensitivity and 75.19%
specificity by focusing on specific temporal phases where Parkinsonian impair-
ment manifests most distinctively, demonstrating its clinical value for PD screen-
ing.

4.4 Clinical Interpretability Analysis

Fig. 2| shows the interpretable outputs of the proposed framework. The adaptive
adjacency mechanism converges to edge importance patterns consistent with



8 J. Zhang et al.

Lower Limbs 0.673+0.005

o8

Head-Neck 0.567+0.043

0.6

- os  UpperLimbs 0.500+0.027
oz Trunk 0.245+0.190
Initial Epoch Final Epoch o0 0.0 0.2 0.4 0.6 0.8
(a) (b)
1ol fPDT bi b 08
o = PD 0.51
s HC +0.11
0.6 0.39 .
+0.12 +0.13
0.26
044 +0.1 0.23 0.25
+0.05+0.04
0.2
20 40 60 80 al az a3
(c) (d)

Fig. 2. Interpretability analysis of the proposed framework. (a) Skeleton edge impor-
tance at initial and final training epochs. (b) Learned edge group importance at the
final epoch. (c¢) Soft phase masks for a representative PD patient (top) and healthy
control (bottom); blue, red, and green curves denote Early-Turn (k = 1), Mid-Turn
(k = 2), and Late-Turn (k = 3), respectively; dashed lines mark detected boundaries
b1, b2. (d) Mean phase attention weights for PD and HC over the test set.

clinical knowledge (Fig. 2(a)—(b)), assigning the highest importance to lower limb
connections while giving comparatively lower importance to trunk connections.
Although axial rigidity and reduced trunk rotation are key symptoms of PD
during turning, axial rigidity severely constrains trunk dynamics in PD patients,
yielding limited discriminative contrast relative to healthy controls. In contrast,
lower extremity kinematics exhibit more pronounced inter group differences,
consistent with established evidence that these features are primary biomarkers
of Parkinsonian gait impairment [I6/15].

The temporal decomposition branch identifies soft temporal transition can-
didates that differ systematically between groups (Fig. 2(c)). In the PD ex-
ample, the two boundaries are detected early and in close proximity, allowing
the Late-Turn phase to dominate the sequence. In the HC example, boundaries
are later and more widely spaced, yielding a balanced three-phase structure.
The instance-level attention weights (Fig. 2(d)) reveal that PD patients exhibit
higher attention on the late temporal instance with a3 = 0.51 compared to HC
with a3 = 0.36, indicating that the Late-Turn phase is particularly discrimi-
native for PD, consistent with observations of prolonged postural adjustment
after turning [22J18]. The labels “Early-Turn,” “Mid-Turn,” and “Late-Turn” are
temporal-ordering names for the discovered soft instances, not validated frame-
level biomechanical phase annotations; direct phase-level validation remains fu-
ture work.
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5 Conclusion

We propose a weakly-supervised temporal decomposition framework for skeleton-
based Parkinsonian turning assessment. The dual-branch architecture integrates
soft temporal decomposition with instance-level attention aggregation, enabling
the discovery of discriminative temporal patterns from video-level diagnostic la-
bels alone. Evaluated on clinical turning sequences, the framework achieves an
AUC-ROC of 91.05% while providing clinically interpretable outputs consistent
with established understanding of PD motor symptoms. While the current eval-
uation is limited to a single clinical dataset due to patient privacy constraints
on data sharing, multi-site validation is identified as a priority for future work,
alongside severity grading and 3D pose estimation.
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