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Abstract

Cardiovascular drift, the progressive rise in heart rate during sustained exercise
at stable intensity is a sensitive indicator of physiological strain that traditionally
requires continuous chest-strap instrumentation. We show that this latent quantity
can be estimated from video alone, with no physiological sensor required at infer-
ence time. We propose AsymSGAT, a compact (∼24 K parameter) spatio-temporal
graph attention network that predicts cumulative cardiac drift from 3D running
pose under a session-calibrated protocol: one baseline lap of video establishes a
personalised pose reference, after which drift on all subsequent laps is predicted
from kinematics alone; heart-rate measurements inform training supervision but
are absent at deployment. Under 13-fold leave-one-subject-out evaluation (n=39
lap-level samples), AsymSGAT achieves 0.62 bpm MAE and Pearson r=0.95, a
77% reduction over the predict-mean baseline (p<0.001) and a factor of ≥3.7×
improvement over all neural and classical alternatives. Three independent controls
rule out subject memorisation: replacing all inputs with Gaussian noise collapses
MAE to 6.38 bpm; an identity probe recovers subject identity from the learned
representation at only 17.9% versus 69.2% from raw pose; and LOSO structurally
prevents held-out subjects from appearing in training. Face-based remote pho-
toplethysmography is inapplicable here due to facial occlusion throughout the
recordings. These results establish that video-derived running kinematics carry
actionable information about latent cardiovascular state, opening a direction toward
non-contact within-session exercise monitoring.

1 Introduction

Cardiovascular drift (CV drift), the progressive rise in heart rate during sustained submaximal exercise
at nominally stable intensity, is a hallmark of accumulating physiological strain, driven by plasma-
volume reduction, thermoregulatory load, and declining stroke volume [Coyle and Gonzalez-Alonso,
2001]. As a sensitive early indicator of overexertion and heat stress that precedes performance
collapse, exertional heat illness, and, in extreme cases, cardiac events [Périard et al., 2021], real-time
CV drift estimation has clear value for training-load management, fatigue-aware pacing, and safety
monitoring. Yet current approaches require direct physiological instrumentation.

Wearable sensors (chest straps, wrist-worn PPG) yield accurate, continuous measurements but impose
a compliance burden, limit scalability, and are impractical in settings where instrumentation is
infeasible or undesirable [Reiss et al., 2019, Nazaret et al., 2023, Gahtan et al., 2025]. Remote
photoplethysmography (rPPG) offers a non-contact alternative by recovering instantaneous heart rate
from subtle facial skin-colour fluctuations [Chen and McDuff, 2018, Liu et al., 2020], but requires an
unobstructed, near-stationary face at sufficient resolution, conditions that fail systematically under
the vigorous whole-body motion, variable illumination, and facial occlusion characteristic of outdoor
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(a) Video with 3D pose overlay (b) 9-channel input tensor

Figure 1: Inputs to AsymSGAT. For each camera view, a short running clip is converted into a
33-joint 3D pose sequence (a) and then into a 9 × T × J tensor encoding root-centered position,
deviation from baseline, and velocity, with T=90 frames and J=33 joints (b).

running. To our knowledge, no prior feasibility study has demonstrated estimation of cardiovascular
state during vigorous full-body exercise without directly instrumenting the athlete.

We propose to close this gap via a different signal modality: whole-body kinematics. Exercise-
induced fatigue produces well-documented biomechanical adaptations (altered arm swing, reduced
vertical stiffness, changing ground-contact mechanics, and progressive bilateral asymmetry [Clermont
et al., 2019, Zandbergen et al., 2023, Zifchock et al., 2008]) that share a common physiological origin
with CV drift. Advances in markerless pose estimation now make it possible to extract stable 3D
skeleton sequences from ordinary monocular video in real time [Bazarevsky et al., 2020]. Together,
these observations motivate a new sensing paradigm: inferring an internal cardiovascular trajectory
from externally observable body movement, without attaching any device to the athlete.

Approach. Our method operates under a session-calibrated protocol. One baseline lap of video
per session is used to compute a personalised pose reference; drift on all subsequent laps is then
predicted from kinematics alone using two fixed cameras. Ground-truth drift labels are derived from
a chest-strap monitor used only during data collection; no physiological sensor is needed at inference.
Lap index and video-derived speed are the only auxiliary inputs.

Contributions. (1) Task formulation. We introduce session-calibrated cumulative cardiac-drift
estimation from dual-view running video as a continuous regression problem under controlled track
conditions, requiring only a brief baseline observation per session at inference time. (2) Architecture.
We propose AsymSGAT, a compact (∼24 K parameter) spatio-temporal graph attention network
whose spatial backbone uses dynamic multi-head graph attention [Brody et al., 2022] over the anatom-
ical skeleton, learning per-sample edge weights. The model further incorporates FiLM conditioning
on session-level context, temporal attention pooling, and an explicit bilateral-asymmetry descriptor.
A shared-weight backbone processes both camera views; the two scalar predictions are averaged to
produce a single per-lap estimate, exploiting complementary geometric perspectives without doubling
the parameter count. (3) Empirical validation. Under leave-one-subject-out evaluation on 13 runners
(n=39 lap-level samples), AsymSGAT achieves 0.62 bpm MAE (r=0.95, −77% vs. predict-mean,
p<0.001), outperforming all baselines by a factor of ≥3.7×. Three independent controls rule out
subject memorisation: a noise-input collapse (MAE collapses to 6.38 bpm), a penultimate-layer
identity probe, and the structural LOSO guarantee (Section 4.6).

2 Related Work

Heart-rate estimation: from sensors to video. Heart-rate prediction spans a spectrum of sensing
modalities. Wrist-worn PPG with motion-artifact suppression achieves 1.5–2.5 bpm MAE during
controlled exercise [Reiss et al., 2019]; personalised wearable models further improve HR response
prediction [Nazaret et al., 2023]; and recent work coupling physiologically constrained ODEs with
neural Kalman filtering reaches 2.81 bpm at 1 s resolution [Gahtan et al., 2025]. At the non-contact
end, remote photoplethysmography (rPPG) recovers instantaneous heart rate from facial skin-colour
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fluctuations [Chen and McDuff, 2018, Liu et al., 2020, Wang et al., 2017, de Haan and Jeanne, 2013].
Outdoor distance running compounds these difficulties: vigorous whole-body motion induces motion
blur and illumination variation; camera-to-subject distances at typical field positions reduce the face
to a sub-critical pixel footprint; and facial occlusion is common in outdoor athletic settings. Applied
to our footage, POS [Wang et al., 2017] and CHROM [de Haan and Jeanne, 2013] yield 102–106 bpm
MAE, confirming that face-based sensing is not viable in this regime. This motivates estimating a
cumulative cardiovascular quantity from full-body 3D pose, which is accessible regardless of facial
visibility.

Video-based physiology and skeleton modelling. A growing body of work demonstrates that
observable body motion encodes latent internal states. Peng et al. [2022] regress instantaneous caloric
expenditure from video; Schneider et al. [2024] learn a mapping from pose to OpenSim-derived
muscle activations; gait-video models estimate clinical scalars such as cerebellar ataxia severity
[Eguchi et al., 2025]. We extend this programme from the musculoskeletal to the cardiovascular do-
main, and from instantaneous predictions to cumulative quantities that require integrating progressive,
subtle kinematic changes over minutes of exercise. On the architectural side, spatio-temporal graph
convolutional networks provide a natural inductive bias for skeleton-based action understanding [Yan
et al., 2018], with subsequent advances in adaptive topology [Chen et al., 2021] and multi-stream
fusion [Shi et al., 2019]. Graph Attention Networks [Veličković et al., 2018] replace fixed normalised
adjacency with learned per-edge attention weights; GATv2 [Brody et al., 2022] addresses a theoretical
expressiveness limitation of the original formulation by applying the non-linearity before the attention
projection, making the attention function strictly more expressive. Feature-wise Linear Modulation
(FiLM) conditions graph and visual networks on auxiliary context [Brockschmidt, 2020, Perez et al.,
2018]. Action recognition is a coarse categorisation task in which sequences from the same class are
near-identical; physiological regression demands the opposite sensitivity — detecting small within-
class kinematic variations while being robust to large between-subject differences. This motivates our
architectural choices: an anatomically structured graph topology with dynamic graph attention over
edges, FiLM conditioning on session-level baseline pose, and an explicit bilateral-asymmetry branch.

Running fatigue and cardiac drift. Sustained running induces systematic biomechanical adap-
tations: altered stride dynamics, reduced vertical stiffness, increased ground-contact time, and pro-
gressive bilateral asymmetry [Clermont et al., 2019, Zandbergen et al., 2023, Zifchock et al., 2008].
Wearable-IMU studies have established categorical fatigue-classification baselines [Strohrmann et al.,
2012, Marotta et al., 2021, Chang et al., 2023, Dimmick et al., 2023]. The only prior machine-learning
work targeting cardiovascular drift directly is Barsumyan et al. [2025], which applies a Variational
Gaussian Process to binary classification (responder vs. non-responder) from sensor-derived heart
rate; all existing drift-correction models assume a contact HR sensor at inference [Papini et al.,
2024, Nazaret et al., 2023]. The present work is, to our knowledge, the first feasibility study demon-
strating that continuous cumulative cardiac drift can be estimated from running video without any
physiological sensor at inference.

Small-sample methodology in biomedical ML. Record-wise cross-validation inflates accuracy
when multiple observations per subject are pooled [Saeb et al., 2017]; subject-wise (LOSO) evaluation
is the methodologically sound alternative. Best-practice guidance [Schaefer et al., 2020] codifies
subject-blocked evaluation and compact models with strong domain priors. Our design follows these
standards: 13-fold LOSO, subject-blocked bootstrap CIs, permutation test, and Wilcoxon tests on
per-subject MAEs.

3 Method

We formulate cardiac drift estimation as a regression problem over short pose clips and address it with
a compact spatio-temporal graph attention network that encodes physiological priors. This section
describes the prediction target, dataset, input representation, and model architecture.

Prediction target. For lap i ≥ 2 in a running session, cumulative cardiac drift is defined as

yi = ∆HR(i) = HR(i)−HR(1), (1)
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Figure 2: Spatio-temporal pose graph. Consecutive frames are linked by temporal edges (dashed
grey). Left-side joints (blue) and right-side joints (red) share standard anatomical edges; the focus
frame (Gt) additionally shows the four cross-body bilateral edges as directed arrows. The root joint
(left hip, ♢, orange) anchors the skeleton.

where HR(i) is the mean heart rate during lap i from a chest-strap sensor used only at training time.
No physiological measurement is required at inference. Targets range up to 16 bpm (mean 7.4, std
3.8).

Data collection. Thirteen adult runners completed a repeated-lap protocol on a flat outdoor 400 m
track at self-selected pace. Each session was recorded simultaneously from two stationary cameras
positioned at distinct points on the circuit, at 30 fps. Heart rate was recorded continuously (Garmin
HRM-Pro, 1 Hz); lap-average HR is computed over ∼120 samples per lap. Participants wore
metabolic masks, resulting in partial facial occlusion. Monocular 3D pose was extracted from each
camera with BlazePose (33 keypoints) [Bazarevsky et al., 2020] with hip-relative root subtraction.
Each runner completed four laps; lap 1 defines the within-session baseline. The dataset comprises
n=39 samples: 13 subjects × 3 laps (laps 2–4), each with two camera views.

Input representation. Each pose clip spans T=90 frames (≈3 s at 30 fps) with J=33 joints, root-
centred at the hip. We construct a 9-channel spatio-temporal tensor Xi ∈ R9×T×J by concatenating
three feature groups: root-centred 3D coordinates (channels 1–3), frame-wise deviation from the
session’s baseline mean pose (channels 4–6), and frame-to-frame velocity (channels 7–9). Channels
4–6 require the first-lap pose from the same session, instantiating the session-calibrated protocol. A
scalar conditioning vector ai = [ℓi, vi, v

base
i ] ∈ R3 encodes normalised lap index and video-derived

speed estimates; this vector is injected exclusively via FiLM modulation described below. Two such
tensors (X(1)

i ,X
(2)
i ) are constructed, one per camera view, and provided jointly as input.

Spatial graph structure. The 33-joint skeleton is represented as a graph G = (V,E) using the
anatomical connectivity of the BlazePose skeleton, augmented with four cross-body edges between
contralateral joint pairs (elbows, wrists, knees, ankles). These cross-body connections provide a
structural prior for bilateral coordination, encouraging the network to compare left- and right-side
activations during spatial message passing (Figure 2). The union of all edges, including self-loops,
defines the attention topology: only connected joints exchange information.

Graph attention backbone. AsymSGAT processes Xi through five spatio-temporal blocks of
channel widths [8, 16, 16, 24, 24] with four attention heads, totalling 23,912 parameters. The spatial
aggregation in each block is a GATv2 graph attention layer [Brody et al., 2022]: for each directed
edge (j → i) in the graph, the attention coefficient is

ehij =
(
ah

)⊤
LeakyReLU

(
Wh

l hi +Wh
r hj

)
, (2)

where ah, Wh
l , Wh

r are per-head learnable parameters. Attention weights are softmax-normalised
over each node’s neighbourhood; edges outside the anatomical topology receive −∞ so the edge
set is anatomically constrained. This is strictly more expressive than the original GAT [Veličković
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et al., 2018]. Following spatial attention, each block applies temporal convolution (kernel 9), batch
normalisation, ReLU, dropout, and a residual connection; stride 2 at blocks 3 and 5 reduces the
sequence from 90 to 23 frames.

FiLM conditioning. Feature-wise Linear Modulation [Perez et al., 2018] is applied at the two
strided blocks:

FiLM(h,ai) = h⊙
(
1 + γ(ai)

)
+ β(ai), (3)

where γ and β are zero-initialised linear projections. This injects session-level context into intermedi-
ate activations while preserving the pose stream as the primary information pathway.

Temporal attention pooling. The temporal dimension is aggregated via learned attention weights,

αt =
exp(w⊤tanh(Wht))∑
τ exp(w

⊤tanh(Whτ ))
, zatt =

∑
t αtht, (4)

allowing the model to weight gait-cycle phases selectively rather than pooling uniformly.

Bilateral asymmetry descriptor. Fatigue-induced increases in bilateral asymmetry [Zifchock et al.,
2008] motivate an explicit descriptor zasym = h̄L − h̄R ∈ R24, computed from mean left- and
right-side joint activations after the final block. This complements the cross-body graph edges: those
edges provide structural pathways for bilateral information exchange during attention, while zasym
exposes the resulting left-right divergence directly to the regression head. The regressor operates
on z = [zatt; zasym; ai] ∈ R51 via FC(51→24) → ReLU → FC(24→1), with a zero-initialised
auxiliary shortcut w⊤

auxai added to the scalar output (see Appendix D for a schematic).

Dual-view fusion. The same set of weights processes both camera views. Given two pose sequences
X

(1)
i and X

(2)
i from distinct viewpoints, the final prediction is

ŷi =
1
2

[
fθ

(
X

(1)
i ,ai

)
+ fθ

(
X

(2)
i ,ai

)]
, (5)

where fθ denotes the full AsymSGAT forward pass. Weight sharing enforces view-agnostic represen-
tations while exploiting the complementary geometric perspectives of the two cameras at inference.
The total parameter count remains 23,912, since no additional weights are introduced by the dual-view
fusion.

Training. Models are trained with Huber loss (δ=1.5) and AdamW (lr=2×10−3, weight decay
2×10−3) with cosine annealing over 300 epochs, batch size 4, and early stopping (patience 40).
Each batch consists of dual-view pose pairs; both views are augmented independently. Dropout
rates are 0.15 in the graph blocks and 0.5 in the regression head. Training augmentations comprise
temporal crop (80–100%), additive Gaussian pose noise (σ=0.01), left-right skeletal flip, and scale
jitter (0.95–1.05×). Per-fold predictions are the mean across 5 independent random seeds.

4 Experiments

4.1 Evaluation Protocol

All experiments use leave-one-subject-out (LOSO) cross-validation across all 13 subjects, with input
features z-normalised per channel using training-fold statistics. MAE and Pearson r are reported
on pooled held-out predictions with subject-blocked bootstrap 95% confidence intervals (subjects
resampled, not laps) and per-fold dispersion statistics. Statistical significance is assessed via a
subject-level permutation test (10,000 shuffles) and Wilcoxon signed-rank tests on per-subject MAEs.
Following best practice for small-sample evaluation [Schaefer et al., 2020], each fold is trained with 5
independent random seeds and per-fold predictions are averaged across seeds to reduce initialisation
variance. Appendix C.3 confirms that the per-seed variation is substantially smaller than the across-
subject variation, so subject heterogeneity — not initialisation sensitivity — is the dominant source
of uncertainty in the reported results.
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Table 1: Method comparison under 13-fold LOSO (n=39). ∆MAE is relative to predict-mean.
Subject-blocked bootstrap 95% CIs are reported for AsymSGAT; the CI upper bound (0.96 bpm)
lies below all baseline point estimates. Wilcoxon signed-rank tests on per-subject MAEs confirm
significant advantage over Ridge (W=0, p=1.2×10−4) and predict-mean (W=0, p=1.2×10−4).

Method Input MAE r ∆MAE

AsymSGAT pose×2+aux 0.62 [0.33, 0.96] 0.95 [0.92, 0.98] −77%

Ridge biomech+aux 2.30 0.53 −13%
RF biomech+aux 2.33 0.49 −12%
Per-lap-mean — 2.35 0.44 −11%
Linear aux only 2.55 0.22 −4%
Predict-mean — 2.65 — —

Dataset structure. The dataset comprises n=39 samples: 13 subjects × 3 laps (laps 2–4). Each
sample corresponds to one lap and provides two synchronised camera views from distinct circuit
positions as input. LOSO is performed at the subject level, withholding both camera views of all laps
of a held-out subject from training jointly.

4.2 Baselines

We compare against classical baselines of increasing complexity:

• Predict-mean: per-fold constant prediction equal to the training-set mean drift.
• Linear (metadata): linear regression on auxiliary features only (no pose).
• Ridge: ridge regression on 20 hand-crafted biomechanical descriptors averaged across both

views, concatenated with auxiliary features.
• Random Forest: 100-tree ensemble (depth 5) on the same combined feature set.

Face-based rPPG methods (POS [Wang et al., 2017], CHROM [de Haan and Jeanne, 2013]) were
also applied to the same footage; as facial regions are occluded throughout the recordings they are
inapplicable to this setting and are not included in the quantitative comparison.

Experimental protocol. Since no prior method addresses this task, all baselines are trained on our
data under the same LOSO protocol. Feature-based baselines use biomechanical descriptors averaged
across both camera views, concatenated with auxiliary features. Hyperparameters for AsymSGAT
were selected by a 30-configuration random search using subject-blocked inner validation within a
single designated training pool. The selected configuration was then frozen and applied uniformly
across all 13 LOSO folds; no held-out subject’s labels were seen during HP selection, so the reported
13-fold headline contains no hyperparameter-selection contamination. A reproducibility package
containing source code, trained checkpoints, and the per-fold evaluation pipeline will accompany the
camera-ready version.

4.3 Main Results

AsymSGAT achieves 0.62 bpm MAE and r = 0.95, reducing error by 77% over predict-mean (W=0,
p=1.2×10−4). The CI upper bound (0.96 bpm) lies below every baseline point estimate, establishing
statistically consistent outperformance. The strongest classical baselines, Ridge (2.30 bpm) and
Random Forest (2.33 bpm), are 3.7× AsymSGAT’s error despite having access to 20 hand-crafted
biomechanical features; the session-progress baselines (per-lap-mean: 2.35, Linear: 2.55 bpm) are all
far from AsymSGAT. This confirms that neither hand-crafted features, ensemble capacity, nor explicit
session-progress modelling substitutes for an appropriate structural inductive bias over 3D pose.

Session-progress confounders. Two natural shortcut hypotheses must be ruled out. First: does
the model simply learn that ∆HR increases with lap number? The Per-lap-mean baseline directly
encodes this structure — using training-set mean drift per lap position — and achieves 2.35 bpm
(3.8× AsymSGAT’s error). The Linear (metadata) baseline, which receives lap index and speed in
a learned linear fit, achieves 2.55 bpm. Neither approaches AsymSGAT, and the pose-only model
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Table 2: Architecture ablation under LOSO. ∆MAE values are relative to the full model. Components
are ordered by individual impact.

Configuration MAE r ∆MAE

AsymSGAT (full) 0.62 0.95 -

− FiLM conditioning 0.82 0.91 +32%
− Temporal attention 1.08 0.86 +74%
− Asymmetry branch 1.22 0.80 +97%
Vanilla SGAT (all removed) 2.42 0.41 +290%

(1.05 bpm, Table 3) already outperforms both without any session-progress signal. Second: what does
each auxiliary input add beyond pose? The input ablation (Table 3) shows that adding video-derived
speed reduces MAE from 1.05 to 0.86 bpm, confirming that speed carries non-redundant information
beyond the velocity channels of the pose tensor. Adding lap index via FiLM drives a further reduction
to 0.62 bpm. Together, these results confirm that lap-averaged pose kinematics carry drift information
substantially beyond what session structure alone can predict, and that both speed and lap index
provide complementary context.
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Figure 3: Predicted vs. actual ∆HR under LOSO (n=39, MAE=0.62 bpm, r=0.95). Each colour
corresponds to one held-out subject.

4.4 Per-Subject Analysis

Ten of 13 subjects achieve sub-1 bpm MAE and 7 of 13 are below 0.5 bpm. The three subjects with
elevated MAE (S2, S6, S11) exhibit the widest absolute drift ranges (>10 bpm), placing their test
targets beyond the tail of the training distribution. A Wilcoxon signed-rank test confirms significant
outperformance over both predict-mean and Ridge (W=0, p=1.2×10−4); the median absolute error
is 0.40 bpm and Lin’s concordance is ρc = 0.94 (vs. 0.44 for Ridge). Per-subject breakdown and drift
trajectories are in Appendix A.

4.5 Ablation Study

Component ablation. Table 2 quantifies the contribution of each architectural component by
removing one element at a time under LOSO. Removing the asymmetry branch has the largest
individual impact, increasing MAE by +97% and reducing r from 0.95 to 0.80, indicating that
the explicit bilateral difference signal is not redundantly captured elsewhere in the architecture.
Removing temporal attention increases MAE by +74%, and removing FiLM conditioning by +32%,
consistent with the introspection result that drift-aligned feature geometry emerges primarily at the
FiLM-gated stages (Appendix B.2). Strikingly, the fully reduced vanilla SGAT raises error by +290%,
far exceeding the sum of individual component penalties, indicating strong synergistic interactions
between the three additions.
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Table 3: Input ablation under 5-seed LOSO. Each row isolates the contribution of a specific input
component.

Input MAE r

Pose×2 + aux (full) 0.62 0.95
Pose×2 + speed only (no lap index) 0.86 0.91
Pose×2 only (no aux) 1.05 0.86
Zero pose + aux 2.61 0.18
Gaussian noise (all inputs) 6.38 0.04

Table 4: Deep learning baselines (dual-view, 5-seed LOSO). All models receive the same pose-plus-
auxiliary input as AsymSGAT; architecture baselines are parameter-matched (∼16–26 K). †Auxiliary
features only.

Method Params MAE r

AsymSGAT 23.9K 0.62 0.95

CTR-GCN 16.1K 2.32 0.55
Vanilla ST-GCN 20.4K 2.44 0.47
Transformer 25.8K 2.48 0.45
1D-CNN 22.9K 2.51 0.39
LSTM 22.6K 2.54 0.35

Aux-only MLP† 0.7K 2.55 0.22

Input ablation. Table 3 isolates the contributions of pose and auxiliary features. A pose-only
model achieves MAE = 1.05 bpm (r=0.86), well below predict-mean (2.65 bpm), establishing that
pose alone carries strong predictive information about cardiovascular state. Adding video-derived
speed (but not lap index) reduces MAE to 0.86 bpm, confirming that speed provides non-redundant
context beyond the velocity channels already present in the pose tensor. The full model (0.62 bpm)
achieves a further improvement when lap index is included via FiLM conditioning. Zeroing pose and
keeping only auxiliary features (2.61 bpm) performs worse than the pose-only model, confirming that
auxiliary scalars alone cannot substitute for kinematics. Replacing all inputs with Gaussian noise
confirms that the model has no memorised fallback (6.38 bpm, r=0.04).

All three input modalities contribute non-redundantly: speed alone adds 0.19 bpm improvement over
pose-only; lap index via FiLM adds a further 0.24 bpm. Per-lap MAE decreases monotonically across
laps 2–4 (0.69, 0.63, 0.55 bpm), consistent with an accumulating drift signal.

Deep learning baselines. Table 4 reports five parameter-matched neural architectures under the
same protocol. CTR-GCN (2.32 bpm) performs comparably to Ridge on hand-crafted features
(2.30 bpm); sequence models (Transformer–LSTM, 2.48–2.54 bpm) cluster near the auxiliary-only
ceiling. AsymSGAT’s 3.7× advantage over the nearest neural alternative arises from its task-specific
design, not its parameter count.

4.6 Robustness and Generalisation

Anti-memorisation controls. Three independent analyses establish that predictions are driven by
pose-encoded kinematic features rather than subject-specific memorisation.

Structural guarantee. Under LOSO, each test subject is absent from all training folds by construction.

Noise-input control. Replacing all inputs with Gaussian noise collapses MAE to 6.38 bpm (r=0.04),
substantially exceeding predict-mean (2.65 bpm) and every classical baseline (Table 3). A model
relying on memorised outputs would produce near-constant predictions consistent with the training-set
mean, yielding MAE close to predict-mean; the observed collapse is inconsistent with this hypothesis.

Identity probe. A logistic classifier trained on penultimate-layer representations recovers subject
identity at 17.9% (vs. 69.2% from raw pose statistics; chance: 7.7%), indicating that the learned
representation suppresses the biometric information present in the raw input.
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Hyperparameter sensitivity. Across 21 non-optimal configurations (learning rate, channel widths,
attention heads, dropout), all MAEs remain substantially below the strongest baselines (2.30 bpm); the
across-configuration std is much smaller than the across-fold std (0.57 bpm). Subject heterogeneity,
not initialisation or hyperparameter sensitivity, dominates the headline uncertainty (Appendix C.4).

5 Discussion

Inductive bias is essential. Graph structure alone is insufficient: CTR-GCN and Vanilla ST-GCN
reach 2.32–2.44 bpm despite comparable parameter budgets (Table 4). The full task-specific design is
needed. Per-component ablation (Table 2): removing the asymmetry branch costs +97%, temporal
attention +74%, FiLM +32%; vanilla SGAT loses +290%, far exceeding the sum of individual
penalties and indicating strong synergistic interactions. Agreement with the chest-strap reference
is strong: Lin’s concordance ρc = 0.94; Bland-Altman bias −0.08 bpm, limits [−2.04,+1.89], no
proportional bias.

Kinematic monitoring vs. face-based sensing. Face-based rPPG is structurally inapplicable to
this setting: facial regions are partially occluded throughout the recordings, and outdoor running
compounds this with motion-induced blur, variable illumination, and a small face footprint at typical
camera distances. Full-body pose, by contrast, is available at any camera distance, unaffected by
facial occlusion, and geometrically stable under vigorous locomotion. These results demonstrate that
whole-body kinematic signals carry sufficient information to recover a latent cardiovascular quantity
that was previously inaccessible without contact instrumentation.

Contextualising accuracy. The 0.62 bpm cumulative-drift MAE targets a different quantity than
instantaneous-HR benchmarks [Nazaret et al., 2023, Gahtan et al., 2025]; the comparison is contextual
rather than competitive. Spearman ρ=0.97 confirms that rank ordering of physiological strain is
well-preserved, which is the operationally relevant property for training-load management.

Limitations. (1) 39 lap-level samples from 13 subjects; bootstrap CIs ([0.33, 0.96] bpm) reflect
this, and generalisation requires validation on larger, more diverse cohorts. Elevated MAE for S2,
S6, S11 is consistent with extrapolation beyond the training drift range. (2) Structured 4-lap track
protocol; applicability to unstructured routes remains an open question. (3) Single outdoor track,
homogeneous cohort (age 22–43 yr); generalisation to diverse populations, surfaces, and conditions
has not been characterised. (4) Two fixed cameras required at inference; single-camera performance
is expected to be lower. (5) One baseline lap required before predictions begin. (6) Lap-averaged HR
from chest-strap; sensor noise is sub-dominant relative to physiological variability.

Broader impact and future work. Non-contact physiological monitoring raises concerns regarding
surveillance without informed consent; clinical deployment from a 13-subject study would be
premature. Future work should pursue larger cohorts, single-camera deployment, unstructured
protocols, and complementary signals such as respiratory rate. To support independent replication,
source code, trained model checkpoints, and the LOSO evaluation pipeline will be released alongside
the camera-ready version of this paper.

6 Conclusion

We have presented AsymSGAT, a compact spatio-temporal graph attention network that estimates
cumulative cardiac drift from running video under a session-calibrated, dual-view protocol. No physi-
ological sensor is required at inference; a single baseline lap personalises the pose deviation features
after which drift is predicted from kinematics alone. Under 13-fold LOSO (n=39), AsymSGAT
achieves 0.62 bpm MAE (r=0.95, −77% vs. predict-mean, p<0.001), outperforming all neural and
classical baselines by ≥3.7×. Three independent controls confirm the result is not driven by subject
memorisation. These results establish that video-derived running kinematics carry actionable infor-
mation about latent cardiovascular state, motivating further investigation of pose-based physiological
monitoring.
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A Per-Subject Results

B Model Introspection

The main paper shows that ASYMSGAT predicts cumulative cardiac drift accurately under leave-
one-subject-out evaluation. This appendix examines what the trained model uses to achieve that
performance. Specifically, we analyze (i) mean attention weights over skeleton edges, (ii) the depth
at which drift-aligned feature geometry emerges, (iii) the response of the FiLM layers to the auxiliary
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Table 5: Per-subject LOSO results for AsymSGAT. The final row reports pooled MAE and pooled
Pearson r across all 39 predictions. Per-subject r is based on n=3 laps; interpret with caution.

Subject MAE (bpm) r

S1 0.43 0.90
S2 1.41 0.95
S3 0.39 0.91
S4 0.09 0.99
S5 0.20 0.99
S6 1.73 0.95
S7 1.06 0.75
S8 0.43 1.00
S9 0.03 1.00
S10 0.22 1.00
S11 1.55 0.99
S12 0.23 0.97
S13 0.40 1.00

Pooled (n=39) 0.62 0.95
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Figure 4: Per-subject drift trajectories under LOSO. Each panel shows predicted (dashed) vs. actual
(solid) ∆HR across laps 2–4 for one held-out subject. Subjects are ordered by increasing MAE.

inputs, (iv) temporal-attention profiles, (v) joint-level input sensitivity, and (vi) the spectral structure
of the effective attention graph. All analyses are post hoc and are derived from the trained LOSO
checkpoints; no models are retrained.

B.1 Cross-body edges attract selective attention

ASYMSGAT augments the anatomical 33-joint pose skeleton with four cross-body bilateral edges:
elbows (13, 14), wrists (15, 16), knees (25, 26), and ankles (27, 28). Attention weights αij are
learned dynamically per sample rather than fixed. We examine which edges receive consistently
high mean attention by averaging αij across all held-out predictions, attention heads, time steps, and
LOSO folds. Figure 5 shows the resulting mean attention skeleton.

The attention pattern is selective rather than uniform. The proximal cross-body edges (knees, elbows)
consistently receive above-average attention, whereas the distal cross-body edges are attended to
more weakly. This selectivity emerges from the data rather than being hard-coded, confirming that
bilateral coupling at proximal joints is genuinely informative for drift prediction.
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Figure 5: Mean graph attention weights in ASYMSGAT. (a) Pose skeleton with line width
proportional to the mean attention coefficient αij across folds, heads, and time steps. Anatomical
edges are shown in blue; the four added cross-body bilateral edges are shown in red. (b) Mean
attention on each cross-body edge as a function of block depth. The grey band shows the distribution
of remaining anatomical edges at each depth. Proximal cross-body edges consistently attract stronger
attention than distal ones.
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Figure 6: Feature-space evolution through the backbone. PCA projection of globally pooled block
outputs, colored by ∆HR. ρdist denotes the Spearman correlation between pairwise feature distances
and pairwise target distances. Drift-aligned structure becomes stronger in the later FiLM-gated stages.

B.2 Drift-aligned feature geometry emerges at the FiLM-gated stages

To identify where drift becomes decodable in the backbone, we extract the output of each backbone
block, average-pool over time and joints, and project the resulting features to 2D with PCA. As a
layer-invariant quantitative summary, we compute

ρdist = Spearman({∥hi − hj∥2}i<j , {|∆HRi −∆HRj |}i<j) , (6)

the rank correlation between pairwise feature distances and pairwise target distances. Because this
metric is invariant to rotation and scale, it supports comparison across layers of different width.

Two patterns are visible. First, the raw pose already contains a weak but non-zero drift-aligned
signal. Second, this structure weakens in the early backbone blocks and re-emerges in the later
blocks, with the most pronounced increase at the FiLM-gated stages. This behaviour is consistent
with the main-text ablation showing that removing FiLM substantially degrades accuracy: the later
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Figure 7: FiLM conditioning response. (a) Sensitivity of the learned scale parameter γ to each
auxiliary dimension, measured by the mean absolute projection weight. (b) Mean |γ| and |β| as a
function of lap index, with speed fixed at a representative value. The lap-index dimension is the
dominant driver of FiLM modulation, and the magnitude of the learned shift grows with session
progress.
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Figure 8: Learned temporal-attention weights. (a) Mean attention profile across held-out predic-
tions with IQR shading. The dashed line marks the uniform baseline. (b) Mean attention profile split
by drift magnitude. High-drift and low-drift samples exhibit different weighting patterns over time.

FiLM-gated stages appear to be where the representation becomes most aligned with the prediction
target.

B.3 FiLM modulation tracks session progress

The FiLM layers modulate intermediate activations using the auxiliary vector ai = [ℓi/10, vi, v
base
i ].

Figure 7 probes the learned FiLM response by sweeping the auxiliary inputs over their observed
range and extracting the corresponding (γ, β) parameters.

The dominant effect comes from lap index. In panel (a), the lap-index dimension has substantially
larger influence on γ than either speed-related input. Panel (b) shows that the mean shift magnitude
|β| increases with lap index at both FiLM layers. Together, these results indicate that FiLM mainly
acts as a session-progress modulator, with speed contributing a smaller correction.

B.4 Temporal attention is non-uniform and drift-dependent

The temporal attention layer aggregates the post-stride feature sequence using

αt =
exp

(
w⊤ tanh(Wht)

)∑
τ exp(w

⊤ tanh(Whτ ))
.

If attention were uninformative, αt would be close to a uniform distribution over time.
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Figure 9: Per-joint input sensitivity. (a) Top-ranked joints by mean |∆ŷ| under one-joint ablation.
(b) Pose skeleton colored by the same score. (c,d) Sensitivity maps computed separately for low-drift
and high-drift samples. Wrists are relatively more salient at low drift, whereas ankles and feet are
more salient at high drift.

Figure 8 shows that the learned attention is clearly non-uniform. The mean profile contains repeated
peaks above the uniform baseline, indicating that the model emphasizes specific temporal positions
rather than averaging uniformly across the sequence. This is consistent with the main-text result that
removing temporal attention substantially increases MAE.

The attention profile also depends on drift magnitude. High-drift samples show a sharper late-phase
peak, whereas low-drift samples exhibit a flatter distribution. This suggests that the model assigns
greater weight to specific gait-cycle phases when the predicted cardiovascular drift is larger.

B.5 Joint sensitivity highlights distal gait features

To identify which joints contribute most strongly to the prediction, we perform a one-joint-at-a-time
input ablation. For each joint j ∈ {0, . . . , 32}, we zero its 9-channel features in each held-out sample,
run the trained model, and measure the change in predicted ∆HR. The mean absolute change defines
a per-joint sensitivity score.

The most sensitive joints are concentrated at the distal extremities. The highly ranked joints include
ankles, feet, heels, and wrists. These are plausible loci of fatigue-related kinematic change during
running and are also largely bilateral, consistent with the model’s explicit asymmetry prior.

The low-drift and high-drift subsets show a mild shift in emphasis: wrist features are relatively
more important at lower drift, whereas ankle and foot features dominate at higher drift. This pattern
is consistent with the idea that upper-body compensation and lower-limb adaptation contribute
differently across fatigue levels.

B.6 Spectral structure of the effective attention graph

The effective connectivity induced by the learned attention can also be examined in spectral form. Let
Wij = ᾱij denote the mean graph attention weight averaged across all held-out predictions, attention
heads, time steps, and LOSO folds. Because the head-and-face subgraph (joints 0–10) receives little
attention from the body subgraph during running, we compute the normalized Laplacian

L = I−D−1/2WD−1/2

only on the 22-joint body subgraph (joints 11–32), and inspect the lowest non-trivial eigenvectors.
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Figure 10: Spectral structure of the effective attention graph. (a) First non-trivial Laplacian
eigenvector, showing a smooth upper-vs-lower body axis. (b) Second non-trivial eigenvector, showing
a weaker left-vs-right axis. (c) Eigenvalue spectrum of the body subgraph, with the first two non-
trivial modes highlighted.

The dominant non-trivial mode corresponds to an upper-vs-lower body axis: shoulders, arms, and
torso lie on one side, while knees, ankles, and feet lie on the other. The second mode corresponds
to a weaker left-vs-right split. This spectrum reflects the effective connectivity induced by mean
graph attention weights: stronger bilateral attention at proximal joints makes the left-right split less
dominant relative to broader whole-body structure.

B.7 Summary

Taken together, these analyses suggest a consistent interpretation of how ASYMSGAT predicts
cardiac drift from running pose:

• Graph attention is selective over cross-body edges, with strongest emphasis on proximal
bilateral couplings;

• drift-aligned feature geometry emerges primarily in the later, FiLM-gated stages;

• FiLM behaves mainly as a session-progress modulator, with lap index as the dominant
auxiliary signal;

• temporal attention is non-uniform and differs between low-drift and high-drift samples;

• joint sensitivity is concentrated at distal gait-related joints, especially ankles, feet, heels, and
wrists; and

• the effective attention graph exhibits an upper–lower body mode followed by a weaker
bilateral mode, consistent with stronger left–right coupling at proximal joints.

These findings do not by themselves establish causality, but they support the view that ASYMSGAT
relies on structured, biomechanically plausible representations rather than on a single trivial shortcut.

C Robustness Diagnostics

This appendix expands the robustness experiments summarised in Section 4.6 of the main paper and
quantifies multi-seed stability.

C.1 Noise-input control

For each of the 13 LOSO folds, we load the trained ASYMSGAT checkpoint and evaluate the
held-out subject under three regimes: (a) real pose with real auxiliary features, (b) Gaussian-noise
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Table 6: Noise-input control. Replacing pose with Gaussian noise (Variant A) increases pooled
MAE above predict-mean, confirming that auxiliary scalars alone cannot drive accurate predictions.
Zeroing auxiliary scalars additionally (Variant B) collapses MAE to 6.38 bpm, well above predict-
mean (2.65 bpm) and every classical baseline in Table 1, refuting any hypothesis that the model
contains a memorised constant-prediction fallback for held-out subjects.

Input MAE (bpm) r ∆MAE vs predict-mean

Full (real pose×2 + real aux) 0.62 0.95 −77%
Variant A (noise pose + real aux) 2.84 0.10 +7%
Variant B (noise pose + zero aux) 6.38 0.04 +141%
Predict-mean (per-fold) 2.65 — -

pose X̃ ∼ N (0, I) with real auxiliary features, and (c) Gaussian-noise pose with auxiliary features
zeroed. Each noise condition is averaged over 10 independent draws.

Variant A (noise pose, real aux) yields MAE slightly above predict-mean, showing that auxiliary
scalars (lap index, speed) carry weak independent signal through FiLM but cannot substitute for pose.
Variant B (noise pose, zero aux) collapses to 6.38 bpm — more than twice predict-mean and above
every classical baseline — confirming the model has no memorised constant-prediction fallback for
held-out subjects.

C.2 Subject-identity probe

We train a logistic-regression classifier (leave-one-out CV) to predict which of the 13 subjects
produced each sample, from three feature sets.

Table 7: Subject-identity probe. The ASYMSGAT representation suppresses identity information
relative to raw pose statistics, even though raw pose is strongly biometric.

Feature set Dim Identity acc. Chance

Raw pose (mean/std per channel) 594 69.2% 7.7%
ASYMSGAT representation 51 17.9% 7.7%
Aux features only 3 15.6% 7.7%

Pose is strongly biometric (69.2% accuracy, 9× chance), but the ASYMSGAT representation sup-
presses this identity information to near-aux-only level. The structural LOSO guarantee ensures the
held-out subject’s data never enters training; the identity probe provides a complementary empirical
check that the learned representation does not encode subject-specific shortcuts in its penultimate
activations.

C.3 Multi-seed stability

To reduce initialisation variance, each LOSO fold is trained with five independent random seeds
{42, 7, 13, 99, 2024}, following standard practice for small-sample evaluation [Schaefer et al., 2020].
Per-fold predictions are averaged across seeds before computing MAE.

The key question is whether seed choice or subject heterogeneity dominates the reported uncertainty.
The per-fold MAE standard deviation across the 13 held-out subjects is 0.57 bpm. This across-subject
variation is the dominant source of uncertainty in the headline result, not initialisation sensitivity. All
five seeds consistently yield fold-level MAE well below the predict-mean baseline (2.65 bpm) and
the strongest neural and classical baseline (2.30–2.32 bpm) on every LOSO fold, confirming that the
multi-seed protocol reduces variance without introducing any bias into the evaluation.

C.4 Hyperparameter sensitivity

To audit the robustness of the headline 0.62 bpm MAE under different hyperparameter choices, we
evaluate two saved sweeps. The primary sweep explores 14 configurations spanning learning rate
{10−3, 2×10−3}, channel widths from [4, 8, 8, 8, 8] to [8, 16, 16, 24, 24], and attention head counts
{2, 4}.
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Table 8: Hyperparameter sweep statistics. Across two independent sweeps all configurations remain
substantially below the strongest classical baseline (2.33 bpm). The MAE standard deviation across
the 14-configuration grid is small relative to the across-fold std (0.57 bpm), indicating that subject
heterogeneity is the dominant source of headline uncertainty.

Statistic Sweep 1 (n=14) Sweep 2 (n=7)

MAE range (bpm) 0.80–1.15 0.95–1.25
MAE mean (bpm) 0.96 1.08
MAE std (bpm) 0.09 0.11
Within 20% of best 14/14 7/7
Within 10% of best 10/14 5/7

At lr= 10−3, mean MAE is 1.02 bpm; at lr= 2×10−3, 0.91 bpm. Across the channel-width grid,
narrower configurations reach slightly higher MAE but all remain below every classical baseline. The
across-configuration std (0.09 bpm) is approximately 6× smaller than the across-fold std (0.57 bpm),
supporting the claim that the headline is hyperparameter-robust within the searched grid.

D Architecture Schematic

Figure 11 provides a block-diagram view of ASYMSGAT complementing the per-paragraph descrip-
tion in the main paper.

Fusion Module

Pose Input X
RN×9×90×33 BatchNorm

Graph Attention
Backbone (Blocks 0–4)

Temporal Attn
weighted pooling

Bilateral Asym
left-right descriptor
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Figure 11: Architecture of AsymSGAT. The primary pathway processes 3D pose via a five-block
graph attention backbone. Lightweight auxiliary features (lap index and video-derived speed)
modulate intermediate activations through FiLM. The fusion module concatenates temporal attention
pooling with a bilateral asymmetry descriptor for final regression.

NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction precisely state the three contributions (task
formulation, AsymSGAT architecture, empirical validation) and quantitatively report the
headline 0.62 bpm MAE under 13-fold LOSO with 95% CI [0.33, 0.96], matching the body
of the paper.

Guidelines:

• The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.
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• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Section 5 contains an explicit Limitations paragraph enumerating six concrete
constraints: small sample size (n=39, 13 subjects), structured 4-lap track protocol, single
outdoor track and homogeneous cohort, two-camera inference requirement, baseline-lap
requirement, and lap-averaged HR target.
Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [N/A]
Justification: The paper does not present theoretical results requiring formal proofs; the
contribution is empirical and methodological.
Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
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4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Section 3 fully specifies the architecture (channel widths, attention heads,
GATv2, FiLM, temporal attention, bilateral descriptor, dual-view fusion, parameter count),
the input representation (9 channels, T=90, J=33), training protocol (Huber loss, AdamW,
lr, weight decay, cosine annealing, batch size, early stopping, dropout, augmentations), and
the LOSO evaluation procedure with multi-seed averaging.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [No]

Justification: Source code, trained checkpoints, and the per-fold LOSO evaluation pipeline
will be released alongside the camera-ready version (stated in Section 5). The video dataset
cannot be released at submission time due to participant privacy considerations regarding
identifiable running footage; aggregated derived features and per-fold evaluation outputs
will accompany the code release to support reproduction of the reported numbers.

Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.
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• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not
be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?
Answer: [Yes]
Justification: Section 3 (Training paragraph) and Section 4 (Evaluation Protocol, Exper-
imental Protocol) specify the LOSO data splits, optimiser (AdamW, lr 2×10−3, weight
decay 2×10−3), schedule (cosine annealing, 300 epochs), batch size (4), early stopping (pa-
tience 40), dropout rates, augmentation parameters, and hyperparameter selection procedure
(30-configuration random search using subject-blocked inner validation).
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: Subject-blocked bootstrap 95% confidence intervals are reported for the
headline MAE (Table 1). Per-fold dispersion statistics are provided. Statistical significance
is assessed via a subject-level permutation test (10,000 shuffles) and Wilcoxon signed-rank
tests on per-subject MAEs (W=0, p=1.2×10−4 vs. both predict-mean and Ridge). Per-fold
predictions are averaged across 5 independent random seeds.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
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• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

• If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: All experiments were run on NVIDIA RTX 6000 GPUs. A single RTX 6000
is sufficient for any individual training run; we used two GPUs in parallel to dispatch
independent runs (separate LOSO folds and random seeds) concurrently rather than for
distributed training of any single model. Given the compact model size (∼24K parameters)
and small dataset (n=39 lap-level samples with T=90 frames per clip), each LOSO fold
trains in approximately 10 minutes; the headline 13-fold × 5-seed evaluation of AsymSGAT
therefore completes in roughly 11 GPU-hours of wall-clock time on a single RTX 6000. The
cumulative compute for the entire project — including the 30-configuration hyperparameter
random search, the two robustness sweeps reported in Appendix C.4, the five parameter-
matched neural baselines (Table 4), and the architecture and input ablations (Tables 2, 3) —
is on the order of 150 GPU-hours on a single RTX 6000. Memory usage is well below 8 GB
at batch size 4; reproducing the headline result therefore does not require workstation-class
hardware beyond a consumer-tier GPU with 8–12 GB of VRAM.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The work conforms with the NeurIPS Code of Ethics. Human-subject con-
siderations are discussed in the Broader Impact paragraph (Section 5); we explicitly flag
surveillance/consent concerns and state that clinical deployment from a 13-subject study
would be premature.

Guidelines:

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

• If the authors answer [No], they should explain the special circumstances that require a
deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts
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Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: Section 5 (Broader impact and future work) discusses the surveillance-without-
consent risk inherent to non-contact physiological monitoring, cautions against premature
clinical deployment, and outlines positive applications (training-load management, fatigue-
aware pacing, safety monitoring during exercise).
Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?
Answer: [N/A]
Justification: The model is a 24K-parameter regressor trained on a small custom dataset and
does not pose dual-use generative or surveillance risks of the kind requiring formal release
safeguards. The video dataset is not being released; only code and trained checkpoints will
be shared at the camera-ready stage.
Guidelines:

• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
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Answer: [Yes]
Justification: BlazePose [Bazarevsky et al., 2020] is used for 3D pose extraction and is
properly cited; it is part of the MediaPipe [Lugaresi et al., 2019] framework, distributed under
the Apache 2.0 License. All baseline implementations (CTR-GCN, ST-GCN, GAT, GATv2,
etc.) are cited with their original publications. No proprietary or restrictively-licensed code
or data are used.
Guidelines:

• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [N/A]
Justification: No new datasets or models are released at submission time. The trained model
checkpoints and source code will be released at the camera-ready stage with documentation
describing the architecture, training protocol, and evaluation procedure.
Guidelines:

• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [Yes]
Justification: Thirteen adult runners participated voluntarily in the study described in
Section 3. The protocol consisted of four laps at self-selected pace on a flat outdoor 400 m
track while wearing a chest-strap heart-rate monitor and a metabolic mask. Participants
received no monetary or material compensation and provided written informed consent prior
to data collection. No crowdsourcing platform was used; participants were recruited directly
by the research team. Detailed instructions to participants are described in Section 3.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.
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• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [Yes]
Justification: The data collection protocol was reviewed and approved by a Helsinki Com-
mittee (the institutional review board equivalent in the authors’ jurisdiction) at the authors’
institution prior to data collection. All participants were adults who provided written in-
formed consent and were briefed on the protocol prior to participation. Disclosed risks
were limited to those associated with voluntary self-paced running on a flat outdoor 400 m
track while wearing a chest-strap heart-rate monitor and a metabolic mask — exertion
comparable to ordinary recreational training — with no invasive procedures. Institution-
identifying details (institution name and approval number) are omitted at submission to
preserve double-blind anonymity and will be added in the camera-ready version.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
Answer: [N/A]
Justification: LLMs are not used as a component of the core methodology. AsymSGAT is a
graph attention network operating on 3D pose; no language model is involved in training
or inference. Any incidental use of general-purpose LLMs for editing assistance does not
require declaration per the NeurIPS policy.
Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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