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Abstract

Accurate heart rate estimation from wrist-worn
photoplethysmography (PPG) during sports is
challenging due to motion artifacts and asym-
metric signal quality across wrists. Existing
methods typically rely on single-wrist sensing
and hand-crafted quality measures, overlooking
complementary bilateral information. We pro-
pose an end-to-end bilateral PPG framework that
jointly models both wrists using dual PapaGei
encoders, SQI-conditioned temporal gating, and
cross-wrist self-attention to emphasize cleaner
signals. Evaluated on a bilateral sports dataset
spanning six activities and 30 subjects with ECG
ground truth, the model achieves 2.85 bpm MAE
and r = 0.96, outperforming unilateral baselines.
To improve deployability, we further introduce
a knowledge distillation framework that trans-
fers bilateral motion-compensation priors into a
single-wrist EfficientNet-1D student. The dis-
tilled student achieves 2.79 bpm and 3.72 bpm
MAE on the non-dominant and dominant wrist,
respectively, surpassing corresponding unilateral
baselines while requiring only one sensor at infer-
ence. These results establish bilateral PPG as an
effective training paradigm for robust single-wrist
heart rate estimation under motion.

1. Introduction
Accurate heart rate (HR) monitoring during physical activity
is important for sports performance assessment and cardio-
vascular health. Wrist-worn photoplethysmography (PPG)
is widely used due to its low cost and continuous sensing
capability, but its accuracy degrades under motion, where
movement artifacts overlap with the cardiac signal (Charlton
et al., 2022).
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This challenge is amplified by asymmetry between the dom-
inant and non-dominant wrists. In many sports, the domi-
nant wrist experiences stronger motion artifacts, while the
non-dominant wrist is often more stable. However, signal
quality remains activity- and time-dependent: both wrists
may be corrupted simultaneously, and the cleaner signal can
shift over time due to movement, contact pressure, or sen-
sor placement. This creates complementary, time-varying
information that single-wrist systems cannot exploit. At
the same time, requiring two synchronized sensors is im-
practical for everyday wearable use, motivating a two-stage
strategy: learn from bilateral sensing during training, then
transfer that knowledge to a single-sensor model.

We therefore propose a learnable bilateral PPG framework
for motion-robust HR estimation, followed by a knowl-
edge distillation pipeline for practical deployment. The
bilateral model jointly processes synchronized wrist sig-
nals using (i) dual PapaGei encoders (Pillai et al., 2025),
(ii) SQI-conditioned temporal gating, (iii) cross-wrist self-
attention fusion, and (iv) a regression head. A lightweight
EfficientNet-1D student is then trained to inherit the bilat-
eral model’s motion-compensation priors while using only
one wrist at inference.

Evaluated on a bilateral sports dataset spanning six activ-
ities and 30 subjects with ECG ground truth, the bilateral
model achieves 2.85 bpm MAE and r = 0.96. The distilled
single-wrist student achieves 2.79 bpm and 3.72 bpm MAE
on the non-dominant and dominant wrist, respectively, sub-
stantially outperforming unilateral baselines and showing
that bilateral learning can improve practical single-wrist HR
estimation under motion.

2. Related Work
Bilateral PPG sensing has been studied mainly in clinical
settings, including peripheral arterial disease detection, vas-
cular asymmetry assessment, pulse transit time analysis, and
cuffless blood pressure estimation (Wu et al., 2015; Du &
Stephanus, 2016; Chen et al., 2024; Chan et al., 2019).

Multi-channel and multi-site PPG have also been explored
for robust heart rate estimation. Prior work includes adaptive
motion artifact suppression and frequency tracking for wrist
PPG (Fallet & Vesin, 2017), spectral fusion of concurrent
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PPG channels during exercise (Schäck et al., 2017), and
template-based multi-site fusion that dynamically weights
signals from different body locations (Meier & Holz, 2024).
However, these methods largely rely on hand-crafted quality
metrics or require all sensing sites at inference.

Knowledge distillation (Hinton et al., 2015) is widely used
to compress large models for efficient deployment. We ex-
tend this idea to bilateral sensing, where a teacher model
learns from complementary dual-sensor inputs during train-
ing, and a single-sensor student inherits these motion-
compensation priors at inference. Unlike standard com-
pression, the student must approximate decisions learned
from richer multi-site inputs using only one sensor.

3. Method
Motivated by the complementary and time-varying signal
quality across wrists under motion, we propose a bilateral
PPG framework that jointly models synchronized signals
and leverages this supervision to train a robust single-wrist
estimator via knowledge distillation. The following sec-
tions describe the dataset, preprocessing pipeline, model
architecture, and training procedure.

3.1. Dataset

First, we utilize the PPG Sports dataset (Anonymous, 2026),
a bilateral PPG dataset with ECG ground truth for motion-
robust heart rate estimation under realistic sports conditions.
The dataset provides PPG signals from both wrists of 30
healthy participants across six activities: stationary, walk-
ing, running, badminton, table tennis, and basketball, each
performed for 8 minutes in indoor and outdoor settings,
yielding approximately 48 hours of data. It captures key
real-world challenges, including non-periodic motion, high-
intensity wrist dynamics, and bilateral asymmetry between
dominant and non-dominant wrists.

3.2. Signal Preprocessing

All PPG signals are processed using a unified pipeline prior
to segmentation to ensure consistency across recordings.
Specifically, signals are first resampled to 125 Hz, then
clipped at 5σ to suppress transient outliers. A fourth-order
Butterworth bandpass filter ([0.5, 8.0]Hz) is subsequently
applied to isolate the physiological frequency range, fol-
lowed by second-order polynomial detrending to remove
slow baseline drift. Each segment is finally min–max nor-
malized to [0, 1]. Ground-truth heart rate labels are derived
from the corresponding chest ECG signals. These are pro-
cessed using a bandpass filter ([0.1, 30.0]Hz), after which
R-peaks are detected using NeuroKit2 (Makowski et al.,
2021) to compute heart rate. Here, the signals are segmented
into 10-second windows with an 8-second step. Finally, to

ensure subject-independent evaluation and prevent data leak-
age, the dataset is split by subject into training (S01–S21),
validation (S22–S25), and test (S26–S30) sets.

3.3. Signal Quality Index Features

Despite the availability of bilateral signals, the quality of
each wrist remains highly variable under intense motion.
To account for this time-varying reliability, we also prepare
Signal Quality Index (SQI) features that guide the model
to emphasize cleaner regions while suppressing degraded
ones (Schmith et al., 2023). For each PPG segment, SQI
features are computed over 1.5-second sub-windows with
a 0.5-second stride. We extract two complementary mea-
sures: (i) Skewness, which captures waveform asymmetry
and distortion, and (ii) PSD ratio, defined as the fraction
of spectral power within the cardiac band [0.66, 3.4]Hz rel-
ative to total power estimated via Welch’s method. These
form a temporal quality matrix S ∈ RTwin×2.

Among common SQI candidates, skewness and PSD ratio
have shown strong performance for assessing PPG qual-
ity (Elgendi, 2016; Beh et al., 2023). Based on prior litera-
ture and SHAP analysis, these two features were selected
as the most informative inputs to the gating module (see
Appendix 5) (Lundberg & Lee, 2017).

3.4. Bilateral Teacher Architecture

With the dataset prepared and preprocessed, we propose
a bilateral architecture that jointly processes synchronized
PPG signals from the dominant and non-dominant wrists
(Figure 1). The design is motivated by the observation that
motion artifacts affect the two wrists asymmetrically, cre-
ating complementary signal quality over time. To leverage
this, the model first extracts wrist-specific representations,
then suppresses low-quality segments, and finally fuses the
two streams to produce a robust heart rate estimate.

Figure 1. Overview of the proposed bilateral PPG-based heart rate
estimation framework.
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3.4.1. DUAL ENCODER BACKBONE

Each wrist signal x ∈ R1×T is independently encoded
using a PapaGei backbone (Pillai et al., 2025), where T
denotes the number of data points in a 10-second segment.
The two encoders share the same architecture but maintain
separate weights, enabling wrist-specific specialization. We
adopt the PapaGei-S variant due to its strong empirical
performance and its morphology-aware pretraining, which
captures physiologically relevant waveform characteristics.

3.4.2. SQI-CONDITIONED TEMPORAL GATING

Given the encoder outputs, we next incorporate signal qual-
ity information to suppress unreliable regions. For each
wrist, the SQI feature matrix S ∈ RTwin×2, where Twin
is the number of subwindows, which is processed by a
lightweight transformation network to produce a temporal
gate h ∈ RTres×1, where Tres denotes the temporal resolution
of the final backbone layer. The network maps SQI features
to scalar quality scores, which are interpolated to match
the encoder resolution, smoothed via a 1D convolution, and
normalized with a softmax over time.

The gated embedding is computed as:

ei =
(
hi ⊙ Zi

)
.mean(−1), i ∈ {dom, non-dom}, (1)

where Zi denotes the encoder features. This step enables
quality-aware temporal aggregation by down-weighting
artifact-corrupted segments.

3.4.3. CROSS-WRIST ATTENTION FUSION

Finally, the two gated embeddings are fused to exploit their
complementarity. We form a two-token sequence from edom
and enon-dom and process it using a Transformer encoder with
multi-head self-attention. This allows the model to capture
interactions between the two streams and dynamically em-
phasize the more reliable signal. The fused representation
is obtained via average pooling and passed through a linear
layer to predict the heart rate.

The model is trained end-to-end using the Huber loss to
improve robustness to outliers caused by motion artifacts.
We use the Adam optimizer with a learning rate of 10−3

and weight decay of 10−4, and apply cosine annealing over
200 epochs with a batch size of 32. All activities are jointly
used during training, and the best model is selected based
on validation performance to ensure optimal generalization
and avoid overfitting.

3.5. Knowledge Distillation to Single-Wrist Student

While the bilateral teacher achieves strong accuracy, deploy-
ing two synchronized wrist sensors is impractical for general
consumer use. We address this through a knowledge distil-
lation framework that transfers the bilateral model’s learned

motion-compensation priors into a lightweight single-wrist
student, enabling accurate HR estimation with standard
single-sensor hardware.

3.5.1. STUDENT ARCHITECTURE

The student architecture is an EfficientNet-1D (Tan & Le,
2019) model comprising a 7-stage MBConv backbone with
depthwise-separable convolutions, Squeeze-and-Excitation
(SE) channel attention, and a linear HR regression head.
This architecture is selected for its compound scaling of
depth, width, and resolution, which together deliver strong
representational capacity at low computational cost. At
∼4.8M parameters, which is 64% smaller than the bilateral
teacher (∼13.7M), the EfficientNet-1D student achieves
faster inference and lower memory footprint, with further
quantization or pruning needed for full on-device wear-
able deployment. The MBConv blocks use stochastic depth
regularization to mitigate small-dataset overfitting. The
backbone outputs a feature map (B, 512). A hint projector
(512 → 512) is appended during training to align student
embeddings with the teacher’s representation space; it is
discarded at inference.

3.5.2. FOUR-COMPONENT KD LOSS

The student is trained to simultaneously match the bilateral
teacher’s behaviour at four levels:

L = λhard LHuber(ŷs, y) + λresp Lresp(ŷs, ŷt)

+ λhint Lhint(es, et) + λKL LKL(ps∥pt)
(2)

where ŷs and ŷt are student and teacher HR predictions, y
is the ECG ground truth, es and et are the projected stu-
dent and teacher embeddings, and ps, pt are soft Gaussian
HR distributions centred on ŷs and ŷt respectively (tem-
perature τ = 4.0). The loss weights are empirically set
to λhard = λresp = 0.35, λhint = 0.20, λKL = 0.10. Im-
portantly, the hard loss grounds predictions on ECG labels
and the response loss aligns the student’s output with the
teacher’s bilateral-informed estimates. The hint loss aligns
internal representations, transferring the teacher’s motion-
compensation features, and the KL loss enforces distribu-
tional consistency beyond point-estimate matching. Here,
the teacher is frozen, and the student is optimized using
AdamW (LR 3× 10−4, weight decay 10−4).

3.6. Baselines

We compare the proposed bilateral model against twelve
unilateral baselines built on two backbone architectures, Pa-
paGei (Pillai et al., 2025), and PulsePPG (Saha et al., 2025),
under two training regimes. In the frozen setting, pretrained
backbone weights are fixed and only a linear regression
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Table 1. Performance comparison across models and activities
(MAE ↓). Abbreviations: Frz = Frozen, FT = Fine-Tuned (Non-
Frozen), ND = Non-dominant, Dom = Dominant.

Model Stat. Walk Run Badmin. T.Tennis Basket. Comb.

Papagei-s (Frz, ND) 9.27 19.93 40.62 16.35 18.66 7.11 18.66
Papagei-s (Frz, Dom) 10.69 13.88 38.26 20.75 20.41 7.52 18.59
Papagei-s (FT, ND) 2.04 2.89 1.67 7.93 2.97 2.38 3.32
Papagei-s (FT, Dom) 2.62 3.98 5.05 10.65 5.63 6.81 5.86
Papagei-p (Frz, ND) 20.83 15.36 33.81 18.33 14.50 12.13 19.16
Papagei-p (Frz, Dom) 20.22 13.63 35.80 15.96 13.05 12.72 18.56
Papagei-p (FT, ND) 2.05 3.91 2.41 8.46 3.90 2.70 3.91
Papagei-p (FT, Dom) 1.89 4.50 4.80 10.33 5.67 6.32 5.60
PulsePPG (Frz, ND) 4.48 8.55 4.09 14.42 13.69 7.78 8.84
PulsePPG (Frz, Dom) 5.12 10.50 11.51 12.57 9.20 7.13 9.34
PulsePPG (FT, ND) 1.85 4.87 2.12 7.98 2.97 2.12 3.65
PulsePPG (FT, Dom) 1.88 2.78 6.43 9.20 5.93 5.73 5.32
ResNet18 (ND) 1.61 9.76 2.29 8.90 6.35 4.41 5.57
Efficientnet (ND) 1.52 4.08 1.77 8.19 1.90 2.85 3.39

Ours 1.26 2.76 1.23 7.99 1.86 2.02 2.85

head is trained. In the non-frozen setting, the full network
is fine-tuned end-to-end. All unilateral baselines use either
the dominant or non-dominant wrist alone. We additionally
include ResNet18 (He et al., 2016) and EfficientNet (Tan
& Le, 2019) baselines evaluated on the non-dominant wrist.
All models use identical data splits, loss functions, and opti-
mization settings.

4. Results
4.1. Comparison with Baselines

We begin by comparing the proposed method with a range
of unilateral baselines. Table 1 reports MAE for all models
across six activities and the combined test set. The bilateral
model achieves the lowest combined MAE of 2.85 bpm with
Pearson r = 0.96, outperforming all unilateral baselines
across both backbone families and both training regimes.
These findings suggest that bilateral modeling effectively
captures complementary information and mitigates time-
varying signal corruption that cannot be addressed by select-
ing a single wrist alone.

4.2. Ablation Study

To better understand the contribution of each component,
we perform an ablation study on the combined test set and
report the results in Table 2. For fair comparison, single-
wrist variants use the same self-attention module as the
bilateral model, isolating the effect of input modality. Re-
moving SQI gating increases MAE from 2.85 to 3.20 bpm,
confirming the benefit of signal quality conditioning. Using
only the dominant or non-dominant wrist yields 3.35 bpm
and 6.25 bpm MAE, respectively. Removing self-attention
increases MAE to 3.52 bpm, worse than both single-wrist
variants, showing that dual inputs alone are insufficient with-
out structured cross-stream fusion. Overall, bilateral fusion,
self-attention, and SQI gating provide complementary gains
in robustness and accuracy in our framework.

Table 2. Ablation study on the combined test set (MAE ↓).

Model Variant MAE (bpm)

Without SQI 3.20
Non-dominant Only 3.35
Dominant Only 6.25
Without Attention 3.52

Ours 2.85

The single-wrist ablation variants share the bilateral archi-
tecture and training objective, and are therefore not directly
comparable to the independently optimized unilateral base-
lines in Table 1. They are included only to quantify the
marginal benefit of the second wrist input. Accordingly,
the strongest unilateral baselines serve as references for the
knowledge distillation results in Section 4.3.

4.3. Knowledge Distillation Results

Table 3 reports the per-activity and combined MAE for
the distilled single-wrist students evaluated on the PPG
sports dataset. The non-dominant student achieves a com-
bined MAE of 2.79 bpm, outperforming its direct unilateral
baseline of 3.35 bpm (16% improvement) and approach-
ing the bilateral teacher’s 2.85 bpm, despite operating with
only one wrist at inference. The dominant student achieves
3.72 bpm, again substantially better than its unilateral base-
line of 5.86 bpm (35.9% improvement). The dramatic im-
provement on the dominant wrist, where unilateral perfor-
mance was severely degraded, directly demonstrates that bi-
lateral training successfully transfers motion-compensation
knowledge from the cleaner non-dominant stream into the
dominant-wrist student.

Table 3. Knowledge distillation results on the PPG sports test set
(MAE ↓).

Model Stat. Walk Run Badmin. T.Tennis Basket. Comb.

Unilateral ND (baseline) 2.04 2.89 1.67 7.93 2.97 2.38 3.32
Unilateral Dom (baseline) 2.62 3.98 5.05 10.65 5.63 6.81 5.86

KD Student (ND) 1.32 2.75 1.67 8.14 1.39 1.46 2.79
KD Student (Dom) 1.50 1.83 4.03 8.77 2.38 3.83 3.72

5. Conclusion
In this paper, we present a bilateral PPG framework for
motion-robust heart rate estimation. By jointly modeling
signals from both wrists with SQI-conditioned gating and
cross-wrist attention, the model outperforms all unilateral
baselines. We further show that bilateral knowledge can
be distilled into a lightweight single-wrist model, achiev-
ing strong performance while requiring only one sensor at
inference. These results highlight bilateral sensing as an
effective training paradigm for robust single-wrist physio-
logical monitoring.
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Appendix
SHAP Analysis of SQI Gate Sub-Network

To further understand the contribution of different SQI fea-
tures, we analyze the SQI gate using SHAP values. Figure 2
presents the feature importance across both wrists.

Figure 2. SHAP summary plot for the SQI Gate Sub-Network.
Acronyms: PSD (Power Spectral Density), Skew (Skewness), Kurt
(Kurtosis). Suffixes R and L denote the dominant and non-
dominant wrists, respectively.

Correlation and Bland-Altman Analysis

We further assess agreement between predicted and ground-
truth heart rate using correlation and Bland–Altman analy-
ses. Figure 3 summarizes the results across all activities.

(a) Correlation analysis (b) Bland-Altman analysis

Figure 3. (a) Shows the combined predicted versus ground-truth
HR scatter plot for the proposed bilateral Teacher model across
all six activities. The predictions exhibit strong linear alignment
with the ground truth across the full HR range, achieving a com-
bined MAE of 2.85 bpm, Pearson r = 0.959, and R2 = 0.916.,
(b) Shows the Bland-Altman plot. The mean bias is −0.15 bpm,
indicating negligible systematic over- or under-estimation across
the HR range.

Extended Evaluation Across Sensing Environments

We report subject-independent evaluations on two additional
datasets to assess the generalisability of the proposed frame-
work across different sensing environments and device con-
figurations. In each case, the model is trained and evaluated
exclusively within that dataset using held-out test subjects

unseen during training.

WILDPPG

While our primary focus is real bilateral wrist PPG, we fur-
ther evaluate whether the proposed framework generalises
beyond this setting under distribution shifts in sensor place-
ment and environment. To this end, we use WildPPG (Meier
et al., 2024), a large-scale dataset with synchronised PPG
from the wrist, ankle, and head collected under uncon-
strained, free-living conditions, providing a realistic bench-
mark for robustness.

As WildPPG does not include bilateral wrist measurements,
we approximate bilateral input via cross-location pairing,
where signals from different anatomical sites are fed into
the two encoder branches. Although this deviates from the
original bilateral assumption, it allows us to assess whether
the model can exploit complementary information across
heterogeneous inputs. Table 4 reports the MAE for each
configuration.

Single-location results show that wrist PPG is most af-
fected by noise (8.42 bpm), while ankle (3.48 bpm) and head
(5.44 bpm) provide stronger signals. Cross-location pairs
consistently improve performance (ankle–wrist: 3.32 bpm,
head–wrist: 4.43 bpm, head–ankle: 2.63 bpm), suggesting
that the fusion module captures complementary signal char-
acteristics beyond a fixed bilateral wrist configuration.

Table 4. Evaluation on WildPPG (MAE ↓)

Configuration MAE (bpm)

Ankle Only 3.48
Head Only 5.44
Wrist Only 8.42

Ankle–Wrist Pair 3.32
Head–Wrist Pair 4.43
Head–Ankle Pair 2.63

The Head–Ankle pair achieves the lowest MAE of 2.63 bpm
among all bilateral configurations, indicating that ankle and
head signals provide the most complementary motion arti-
fact profiles across the WildPPG activity spectrum. This
pair is therefore selected as the teacher for knowledge distil-
lation, as it offers the strongest bilateral supervision signal
for training single-location students.

Table 5 reports the KD results on WildPPG. The ankle stu-
dent achieves 3.19 bpm, an 8.3% improvement over its uni-
lateral baseline (3.48 bpm), and the head student achieves
4.38 bpm, a 19.5% improvement over its unilateral baseline
(5.44 bpm), demonstrating that bilateral teacher supervision
effectively transfers complementary priors to single-location
students.
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Table 5. Knowledge distillation results on the WildPPG dataset
(MAE ↓).

Model MAE (bpm)

Unilateral Ankel 3.48
Unilateral Head 5.44

KD: Ankel Student 3.19
KD: Head Student 4.38

GALAXYPPG

To further validate the proposed framework under real bi-
lateral wrist conditions, we evaluate on a semi-naturalistic
settings dataset comprising PPG recordings from both wrists
simultaneously (Park et al., 2025). Unlike WildPPG, this
dataset provides genuine bilateral wrist PPG: the Right wrist
is recorded using a Galaxy Watch and the Left wrist using
an Empatica E4 providing a direct evaluation of the bilateral
assumption under semi-realistic motion conditions.

Table 6 reports the HR estimation MAE for unilateral and
bilateral configurations. The Right wrist (Galaxy) achieves
MAE of 5.24 bpm and the Left wrist (Empatica) achieves
6.56 bpm. The bilateral model achieves MAE of 4.71 bpm,
outperforming both unilateral baselines, confirming that
the SQI-conditioned temporal gating and self-attention fu-
sion effectively exploit complementary signal characteristics
from the two wrists even when recorded by heterogeneous
devices operating at different sampling rates.

Table 6. Evaluation on Galaxy–Empatica bilateral wrist dataset
(MAE ↓)

Configuration MAE (bpm)

Left Wrist (Empatica) 5.24
Right Wrist (Galaxy Watch) 6.56

Bilateral (Ours) 4.71

Table 7 reports the KD results on GalaxyPPG. The right
wrist student achieves 6.36 bpm and the left wrist stu-
dent achieves 5.06 bpm, corresponding to improvements
of 3.05% and 3.44% respectively over their unilateral base-
lines, confirming that bilateral teacher supervision transfers
effectively to single-wrist students even across heteroge-
neous devices operating at different sampling rates.

Table 7. Knowledge distillation results on the GalaxyPPG dataset
(MAE ↓).

Model MAE (bpm)

Unilateral Left (Empatica) 5.24
Unilateral Right (Galaxy Watch) 6.56

KD: Left Student 5.06
KD: Right Student 6.36

The modest gains are primarily attributable to device het-
erogeneity between the Galaxy Watch and Empatica E4 —
differences in sampling rate and optical design reduce bilat-
eral complementarity in the teacher, limiting the knowledge
available for transfer.
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