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Abstract. Remote photoplethysmography (rPPG) from wearable near-
infrared (NIR) eye-camera videos enables contact-free heart rate (HR)
monitoring. Reliable estimation remains challenging because these inward-
facing videos capture only a small periocular skin region and are strongly
affected by blinks, gaze shifts, and headset motion. Existing methods
mainly rely on global or frame-wise motion cues, leaving spatially vary-
ing temporal corruption insufficiently addressed. We present Bottleneck-
Enhanced Adaptive Temporal (BEAT) Learning, which combines location-
wise temporal refinement with pulse-domain phase-progression supervi-
sion. A lightweight residual depthwise temporal convolutional network
(TCN) refines each bottleneck trajectory before global spatial pooling
while adding only 18,560 parameters. We further introduce Multi-Lag
Pulse-Phase Progression Loss (MPPL), which aligns local phase incre-
ments across multiple lags in a band-limited pulse representation and
downweights unreliable low-amplitude intervals. On egoPPG-DB, BEAT
achieves the best reported performance, with 7.20 BPM MAE, 9.68 BPM
RMSE, 8.65% MAPE, and r = 0.88.

Keywords: Remote photoplethysmography · Heart rate estimation ·
Near-infrared imaging · Wearable eye cameras · Phase supervision

1 Introduction

Remote photoplethysmography (rPPG) estimates cardiac activity from subtle
visual changes caused by blood-volume variation [6, 18]. It enables contact-free
heart rate (HR) and pulse waveform estimation using ordinary video sensors.
Recent CNN- and transformer-based methods have improved rPPG estimation
by learning spatial and temporal patterns from facial videos [28,30,32]. Most of
these methods, however, assume that a broad facial skin region is visible under
a relatively stable viewing condition. Such assumptions do not hold for inward-
facing near-infrared (NIR) eye cameras, which capture only a small periocular
region. This gap motivates rPPG methods designed specifically for restricted
and highly dynamic wearable views.
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Wearable NIR eye cameras provide a practical sensing configuration but in-
troduce several challenges for pulse estimation. The visible periocular region
contains substantially less skin than a frontal facial image. Blinks, gaze shifts,
eyelashes, and local occlusions can produce image changes that are much stronger
than pulse-related variations. Headset motion further introduces blur and frame-
to-frame displacement throughout the recording. These disturbances are not
uniformly distributed across the image because some regions may remain stable
while others are strongly corrupted. Reliable wearable rPPG therefore requires
preserving weak pulse periodicity while handling spatially varying temporal cor-
ruption.

Synchronized inertial measurements provide useful information about head-
set motion. Prior egoPPG research combines NIR eye-camera video with headset
IMU signals to estimate continuous pulse waveforms and HR under wearable con-
ditions [1]. Frame-wise motion conditioning can adapt visual features according
to the motion observed at each time step. However, a single frame-wise coefficient
applies the same modulation to all spatial locations within that frame. Spatial
attention can emphasize informative regions, but the temporal trajectories of
different locations are eventually merged through global spatial pooling. Once
stable and corrupted features are pooled into a shared representation, their dis-
tinct temporal behavior becomes difficult to recover. This observation motivates
refining location-specific temporal features before global spatial pooling.

A second challenge arises from the difference between the model output and
the signal representation used for HR estimation. The model directly predicts
differential PPG, whereas HR is computed from a reconstructed pulse wave-
form [19]. Waveform supervision aligns the temporal shape of the differential
signal. Spectral supervision further encourages the prediction to contain a phys-
iologically valid periodic structure. Nevertheless, these objectives do not directly
constrain how the pulse phase progresses over short time intervals. Signals with
similar magnitude spectra can still have different pulse timing, inter-beat inter-
vals, and accumulated phase drift. This limitation motivates supervision in the
reconstructed pulse domain, where local pulse progression can be measured more
directly.

To address these challenges, we present Bottleneck-Enhanced Adaptive Tem-
poral (BEAT) Learning, which combines location-wise temporal refinement with
multi-lag phase-progression supervision. At the feature level, the shared tempo-
ral convolutional network (TCN) adapter refines each bottleneck spatial location
before global spatial pooling. The adapter preserves the original spatial corre-
spondence and does not introduce additional interaction across spatial locations.
At the signal level, the proposed MPPL reconstructs a band-limited pulse rep-
resentation and compares relative phase increments over multiple temporal lags.
Target-envelope confidence reduces the influence of intervals in which analytic
phase estimation is unreliable. Together, the two components address location-
dependent temporal corruption in the feature space and local pulse-timing errors
in the reconstructed signal space.

Our contributions are summarized as follows:
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– We introduce a TCN adapter that independently refines the temporal tra-
jectory of each bottleneck spatial location before global spatial pooling. This
design preserves spatial correspondence while adding only 18,560 parame-
ters.

– We introduce MPPL to align local phase increments over multiple temporal
lags in the reconstructed pulse domain. The proposed objective uses target-
envelope confidence to reduce unstable phase supervision in low-amplitude
intervals.

– BEAT achieves the best reported performance on egoPPG-DB, with an MAE
of 7.20 BPM, an RMSE of 9.68 BPM, a MAPE of 8.65 %, and r = 0.88, ob-
taining better reported values than PulseFormer across all evaluation met-
rics.

2 Related Work

2.1 Motion-Robust Temporal Modeling for Wearable rPPG

Conventional rPPG methods estimate cardiac signals by modeling subtle spa-
tiotemporal variations in facial videos. Early approaches improved robustness
to realistic motion and illumination changes through adaptive filtering, local
patch selection, and dynamic facial-region selection [10, 12, 25]. DeepPhys and
TS-CAN subsequently learned appearance and motion representations using
convolutional attention mechanisms [3, 15]. PhysNet instead estimates continu-
ous pulse waveforms using spatiotemporal convolutions [28]. Transformer-based
methods such as PhysFormer and RhythmFormer model longer-range temporal
dependencies and periodic physiological structure [30,32]. Other studies address
practical deployment issues, including video compression and computational ef-
ficiency [16, 29]. Meta-learning and domain-generalization approaches further
improve adaptation to unseen recording conditions [11,17].

However, these methods are mainly designed for frontal facial videos with
broad skin visibility and relatively stable viewing conditions. Wearable NIR eye
cameras instead capture only a small periocular region and are strongly af-
fected by blinks, gaze shifts, local occlusions, and headset motion. PulseFormer
introduced the egoPPG task and combines NIR eye-camera video with head-
set IMU cues to estimate continuous pulse waveforms and HR under wearable
conditions [1]. Its frame-wise motion conditioning captures global motion con-
text, while spatial attention emphasizes informative image regions. Neverthe-
less, temporal features from different spatial locations are eventually merged
through global spatial pooling. As a result, stable and corrupted spatial trajec-
tories become entangled before their distinct temporal behavior is fully mod-
eled. In contrast, BEAT independently refines each bottleneck spatial trajectory
before global spatial pooling, preserving location-specific temporal information
until spatial aggregation.
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Fig. 1: Overview of the proposed BEAT framework. Given an NIR eye-camera sequence
and synchronized IMU magnitudes, the encoder produces a spatially structured bot-
tleneck representation. The TCN adapter independently refines each spatial trajectory
before global spatial pooling, and the decoder predicts a differential PPG waveform.
During training, MPPL aligns multi-lag phase progression in the reconstructed band-
limited pulse representation.

2.2 Physiological Supervision for rPPG

rPPG models commonly combine time-domain waveform losses with frequency-
domain objectives. Waveform losses preserve temporal correspondence between
the prediction and target, whereas spectral losses encourage physiologically plau-
sible periodicity. However, magnitude-spectrum supervision does not preserve
temporal order and therefore cannot directly constrain local pulse timing. Contrast-
Phys learns physiological representations from spatiotemporal agreement with-
out synchronized contact-sensor labels [23]. Non-contrastive unsupervised learn-
ing instead exploits spectral sparsity and variation across samples to discover
periodic physiological signals [20]. Pseudo-label and self-supervised strategies
further combine signal-processing priors with learned representations to reduce
sensitivity to irrelevant periodic patterns [13]. These approaches primarily con-
strain global periodicity or consistency across complete signal segments.

Several studies instead address uncertainty in temporal alignment between
facial videos and physiological labels. TALOS compensates for temporal offsets
during training to reduce sensitivity to global label shifts [4]. BYHE uses pe-
riodic self-similarity representations to reduce the need for explicit waveform
alignment [21]. DOHA-HPS similarly transforms physiological signals into tem-
poral self-similarity maps to alleviate phase-delay conflicts across instances and
datasets [22]. Although these approaches reduce the influence of uncertain global
or instance-level delays, they do not directly supervise time-varying local phase
progression. This distinction is important because signals with similar global
alignment or spectral content can still exhibit different local pulse timing and
accumulated phase drift. In contrast, MPPL reconstructs a band-limited pulse
representation and compares relative analytic-phase increments over multiple
short temporal lags. It therefore complements waveform and spectral supervi-
sion by constraining local pulse-phase progression rather than global alignment
or all-pairs temporal similarity.
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3 Method

The overall architecture is illustrated in Figure 1. Given a single-channel NIR
eye-camera sequence and synchronized headset IMU magnitudes, BEAT predicts
a 128-sample differential PPG waveform δ̂. We retain the IMU-conditioned vi-
sual encoder and temporal decoder of PulseFormer [1] and insert the proposed
adapter at the spatially structured bottleneck. The IMU–visual cross-attention
module first generates frame-wise modulation coefficients that condition the vi-
sual features on headset motion. A 3D CNN backbone with spatial attention
modules then emphasizes informative regions and encodes the modulated se-
quence into a compact feature grid while preserving its spatial structure. Before
global spatial pooling, the proposed TCN adapter independently refines the tem-
poral features at each spatial location. The refined representation is subsequently
decoded into the differential PPG waveform δ̂. The proposed MPPL further re-
constructs a band-limited pulse representation and supervises its local phase
progression.

3.1 IMU-Conditioned Visual Feature Extraction

Let X ∈ RB×1×T×H×W denote a single-channel NIR eye-camera sequence and
M ∈ RB×T denote the synchronized IMU magnitudes. Here, B, T , H, and W de-
note the batch size, temporal length, image height, and image width, respectively.
The visual and IMU encoders transform the two modalities into visual tokens
and IMU tokens. We perform cross-attention using IMU tokens as the query and
visual tokens as the key and value. The attended representation is projected into
frame-wise modulation coefficients and applied to the visual stream. We denote
the resulting motion-conditioned visual sequence by X ′.

The modulated sequence is processed by a PulseFormer-derived 3D CNN
backbone equipped with spatial attention modules. The spatial attention mod-
ules reweight spatial responses, while the 3D convolutions capture local spa-
tiotemporal patterns. The encoder ESA reduces the temporal resolution from
128 to 32 and produces

F0 = ESA(X
′) ∈ RB×64×32×3×8. (1)

The bottleneck feature F0 is passed to the proposed TCN adapter before global
spatial pooling.

3.2 Location-Wise Temporal Refinement

The bottleneck representation F0 ∈ RB×64×32×3×8 retains a spatial grid of 3× 8
locations. We fold the spatial dimensions into the batch dimension and treat
each location as an independent temporal sequence:

F0 −→ S0 ∈ R24B×64×32. (2)
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A shared TCN adapter independently refines all 24 spatial trajectories before
global spatial pooling.

The adapter consists of four non-causal residual depthwise temporal convo-
lution blocks:

Zℓ = GN(Sℓ−1),

Uℓ = Dropout [SiLU (Ddℓ
(Zℓ))] ,

Sℓ = Sℓ−1 + γℓ ⊙ Uℓ, ℓ = 1, . . . , 4.

(3)

Here, GN denotes group normalization [26]. And Ddℓ
denotes a depthwise tem-

poral convolution with kernel size 3 and dilation dℓ, γℓ is a learnable channel-
wise layer-scale parameter, and ⊙ denotes element-wise multiplication. We use
dℓ ∈ {1, 2, 4, 8}, giving the temporal receptive field

R = 1 +

4∑
ℓ=1

2dℓ = 31. (4)

After the final TCN block, we apply a pointwise gated linear unit (GLU) [5]
to adaptively modulate the refined channels at each temporal position:

(V,G) = split [Φin (GN(S4))] ,

Q = GLUpt(S4) = Φglu [V ⊙ sigmoid(G)] ,

S = S0 + Φout(Q).

(5)

Here, split divides the projected channels into the feature and gate tensors V
and G, respectively. The operators Φin, Φglu, and Φout are pointwise linear pro-
jections applied independently at each temporal position. The output projection
is initialized to zero, making the adapter an identity mapping at initialization.
Finally, S is restored to F ∈ RB×64×32×3×8 according to the original spatial
ordering.

3.3 Loss Function

Let δ̂, δ ∈ RB×T denote the predicted and target differential PPG waveforms.
For notational convenience, we define δpred = δ̂, δgt = δ. The complete objective
is

Ltotal = Lwave + λspecLspec + λMPPLLMPPL. (6)

We set λspec = 0.1 whenever Lspec is enabled. The waveform and spectral terms
establish waveform correspondence and physiological periodicity, while MPPL
supervises local pulse-phase progression.

Waveform Loss. Following PulseFormer [1], we use the same batch-global z-
normalized MSE waveform loss, with the standard-deviation denominator lower-
bounded by ε0 for numerical stability. The waveform loss preserves temporal
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correspondence between the predicted and target differential PPG waveforms.
For u ∈ {pred, gt}, we define the batch-global normalization

NBT (δ
u) =

δu − µBT (δ
u)

max (σBT (δu), ε0)
, (7)

where µBT (δ
u) and σBT (δ

u) denote the mean and standard deviation over all
batch and temporal elements, respectively, and ε0 > 0 is a small constant.

The waveform loss is

Lwave =
1

BT

∥∥NBT (δ
pred)−NBT (δ

gt)
∥∥2
F
. (8)

Physiological Spectral Loss. The spectral loss encourages the predicted
waveform to preserve physiologically plausible periodicity. For each sample b
and u, we define the one-sided power spectrum

Pu
b (n) =

∣∣FTt

[(
δub − δ̄ub

)
⊙ h

]
n

∣∣2 , (9)

where δ̄ub is the temporal mean, h ∈ RT is a Hann window [8], and FTt denotes
the temporal Fourier transform.

We consider the physiological frequency-bin set

Ωf =

{
n

∣∣∣∣ fmin ≤ nfs
T

≤ fmax

}
, (10)

where fs is the sampling frequency and fmin = 0.7Hz and fmax = 2.8Hz. Within
this range, the normalized spectral distribution is

πu
b (n) =

Pu
b (n) + ε0∑

m∈Ωf

(Pu
b (m) + ε0)

, n ∈ Ωf . (11)

The physiological spectral loss is

Lspec =
1

B

B∑
b=1

JS
(
πpred
b , πgt

b

)
, (12)

where JS denotes the Jensen–Shannon divergence [14]. This objective aligns the
relative spectral-energy distribution within the physiological frequency range.

Multi-Lag Pulse-Phase Progression Loss. Magnitude-spectrum supervi-
sion does not preserve temporal order and therefore does not directly constrain
local pulse timing. We introduce MPPL, which constrains local pulse timing by
aligning relative analytic-phase increments over multiple short temporal lags in
a reconstructed, band-limited pulse representation.
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For u ∈ {pred, gt}, we reconstruct a pulse representation by taking the nega-
tive cumulative sum of δu, removing its linear trend, and applying a fourth-order
zero-phase Butterworth band-pass filter [2] with cutoff frequencies of 0.7 and
2.8Hz, yielding yu ∈ RB×T . The corresponding analytic signal is

ζu = CLc [y
u + iHilb(yu)] ∈ CB×Tv , (13)

where i2 = −1, Hilb denotes the Hilbert transform [7], and CLc
removes Lc

samples from each temporal boundary, giving Tv = T − 2Lc.
For each sample b, we define the target-derived reference scale βb and, for

t = 1, . . . , Tv, the stabilized analytic-phase phasor φu
b,t as

βb =

√√√√ 1

Tv

Tv∑
τ=1

∣∣∣ζgtb,τ ∣∣∣2 + ε0,

φu
b,t =

ζub,t√∣∣∣ζub,t∣∣∣2 + ε0β2
b

, u ∈ {pred, gt}.
(14)

We use the lag set K = {1, 2, 4} and the valid index set Iκ = {κ+1, . . . , Tv}.
Here, |K| and |Iκ| denote the corresponding set cardinalities. For u ∈ {pred, gt},
κ ∈ K, and t ∈ Iκ, the relative phase-progression phasor is

ω
u,(κ)
b,t =

φu
b,t

(
φu
b,t−κ

)∗

√∣∣∣φu
b,t

(
φu
b,t−κ

)∗∣∣∣2 + ε0

, (15)

where (·)∗ denotes complex conjugation.
Because analytic phase is less reliable at weak target envelopes, we define the

target-derived confidence

χ
(κ)
b,t =

√√√√∣∣∣ζgtb,t∣∣∣ ∣∣∣ζgtb,t−κ

∣∣∣
β2
b

+ ε0,

α
(κ)
b,t = min

2,
χ
(κ)
b,t

1

|Iκ|
∑
τ∈Iκ

χ
(κ)
b,τ + ε0

 .

(16)

The normalized confidence α(κ)
b,t is clipped at 2 to limit the influence of individual

intervals.
The confidence-weighted MPPL objective is

LMPPL =
1

B|K|

B∑
b=1

∑
κ∈K

∑
t∈Iκ

α
(κ)
b,t

1

2

∣∣∣ωpred,(κ)
b,t − ω

gt,(κ)
b,t

∣∣∣2∑
t∈Iκ

α
(κ)
b,t + ε0

. (17)
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By comparing relative rather than absolute phase, MPPL is invariant to a con-
stant global phase offset and a global polarity reversal, while penalizing discrep-
ancies in local phase progression. The loss weight and numerical constants are
specified in the experimental setup.

4 Experiments

4.1 Experimental Setup

Dataset. We use egoPPG-DB, which contains more than 13 hours of synchro-
nized NIR eye-camera videos and physiological signals collected from 25 partici-
pants during daily activities [1]. We use the video, office, kitchen, dancing, bike,
and walking activities. The model takes single-channel NIR eye-camera clips and
synchronized headset IMU magnitudes as input. Each clip has a spatial resolu-
tion of 48 × 128. Frame differencing followed by standardization is applied to
the video input. Each clip contains T = 128 frames sampled at the native 30Hz
without input-frame subsampling, corresponding to approximately 4.27 seconds.

Settings. We train the model for 100 epochs with a batch size of 4 using
Adam and OneCycleLR, with a maximum learning rate of 9 × 10−4, on a sin-
gle NVIDIA B200 GPU. We use participant-disjoint five-fold cross-validation
and repeat each fold with three random seeds. All reported learning-based re-
sults, including the ablations, are averaged over the resulting 15 runs. We addi-
tionally reproduce PulseFormer using its original architecture and batch-global
z-normalized MSE waveform objective under the same participant splits, prepro-
cessing, and HR evaluation protocol as BEAT. For MPPL, we use K = {1, 2, 4},
Lc = 27, ε0 = 10−8. The confidence weights are clipped to [0, 2] and we set
λMPPL = 0.5.

Evaluation Metrics. We evaluate HR estimation using mean absolute er-
ror (MAE), root mean squared error (RMSE), mean absolute percentage error
(MAPE), and Pearson correlation coefficient (r). MAE and RMSE are reported
in BPM, while MAPE is reported in percentage. Lower MAE, RMSE, and MAPE
and higher r indicate better performance. For computational efficiency, we re-
port parameters, multiply–accumulate operations (MACs), latency, and kFPS.
One multiplication followed by one accumulation is counted as one MAC for a
single clip. Latency denotes the time required for one forward pass on one clip.
kFPS denotes video-frame throughput in thousands of frames per second.

HR Computation. We concatenate the predicted and target differential
PPG clips in participant-specific temporal order and divide each sequence into
60-second windows. For u ∈ {pred, gt}, let xu ∈ RNw denote a differential PPG
waveform within one window, where Nw = 60fs = 1800 at fs = 30Hz. We recon-
struct and band-limit xu using the same temporal integration, linear detrending,
and Butterworth filtering operations defined above.
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Table 1: Comparison with existing rPPG methods on egoPPG-DB. Published base-
line results are taken from egoPPG [1]. PulseFormer (our reproduction) denotes our
reimplementation evaluated under the protocol described in Section 4.1. Results for
our PulseFormer reproduction and BEAT are averaged over five participant-disjoint
folds and three random seeds per fold. Lower MAE, RMSE, and MAPE and higher r
indicate better performance.

Model MAE ↓ RMSE ↓ MAPE (%) ↓ r ↑

Yue et al. [31] 29.63 32.99 37.86 0.10
DeepPhys [3] 28.26 31.97 36.68 0.08
TS-CAN [15] 26.32 32.39 29.13 0.11
ContrastPhys+ [24] 19.12 24.13 22.57 0.21
RhythmMamba [33] 15.05 19.78 17.46 -0.16
Signal processing (eyes) [1] 14.60 18.18 18.37 0.20
PhysMamba [27] 13.94 16.86 17.76 0.61
RhythmFormer [32] 13.13 17.43 14.73 0.51
Signal processing (skin) [1] 12.40 15.54 15.29 0.50
PhysNet [28] 12.09 15.43 15.14 0.66
PhysFormer [30] 10.71 13.97 12.69 0.72
FactorizePhys [9] 10.07 13.43 12.36 0.67
PulseFormer [1] 7.67 10.69 9.45 0.85
PulseFormer (our reproduction) 9.12 12.15 11.19 0.79

BEAT 7.20 9.68 8.65 0.88

Let νu1 < · · · < νuJu
denote the sample indices of the Ju detected pulse peaks.

For Ju ≥ 2, the heart rate is computed from the mean inter-peak interval as

HRu = 60fs

 1

Ju − 1

Ju−1∑
j=1

(
νuj+1 − νuj

)−1

. (18)

The same evaluation procedure is applied independently to the prediction and
target. Unlike MPPL, HR evaluation operates on 60-second windows and does
not remove boundary samples.

4.2 Main Results

Table 1 compares BEAT with existing rPPG methods on egoPPG-DB. BEAT
achieves the best results across all metrics, with an MAE of 7.20 BPM, an
RMSE of 9.68 BPM, a MAPE of 8.65 %, and r = 0.88. Our PulseFormer repro-
duction obtains an MAE of 9.12 BPM, compared with the 7.67 BPM reported
in egoPPG [1]. We report the published result as the literature benchmark and
include our reproduction for transparency. Relative to the PulseFormer result re-
ported in egoPPG [1], BEAT achieves a 0.47 BPM lower MAE, a 1.01 BPM lower
RMSE, and a 0.80 percentage-point lower MAPE. The correlation is also higher,
at 0.88 compared with 0.85. The lower errors and higher correlation indicate
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Table 2: Computational comparison between our PulseFormer implementation and
BEAT on an NVIDIA B200 GPU. All measurements use FP32 inference, a batch size
of 4, and 128-frame clips. Parameters and MACs quantify model complexity, while
latency and kFPS report inference efficiency. Latency is reported as the median over
seven runs.

Model T Params (M) MACs (G) Latency (ms) kFPS

PulseFormer 128 12.08 49.69 4.01 31.94
BEAT 128 12.10 49.70 4.61 27.77

Table 3: Individual and combined effects of the TCN adapter and MPPL. All config-
urations use Lwave + 0.1Lspec; 0.5LMPPL is added only where indicated. The first row
retains the PulseFormer architecture under this common waveform–spectral objective.
The joint configuration yields the best HR estimation performance across all metrics.

TCN adapter MPPL MAE RMSE MAPE (%) r

8.83 12.63 11.65 0.83
✓ 7.84 10.62 9.41 0.87

✓ 7.82 11.07 9.96 0.86
✓ ✓ 7.20 9.68 8.65 0.88

better absolute HR accuracy and agreement with the reference HR values. The
substantially larger errors of methods designed mainly for frontal facial videos
further show the difficulty of recovering pulse cues from the restricted periocular
region.

4.3 Efficiency Analysis

Table 2 compares the computational efficiency of BEAT and our PulseFormer
implementation under the same hardware and input settings. BEAT uses 12.10M
parameters and 49.70G MACs, compared with 12.08M parameters and 49.69G
MACs for PulseFormer. The proposed adapter therefore changes both the pa-
rameter count and MACs by less than 0.2 %. The measured latency increases
from 4.01 to 4.61 ms per clip, while frame throughput decreases from 31.94 to
27.77 kFPS. The practical runtime difference is larger than the difference in
nominal MACs. Nevertheless, BEAT processes a 128-frame clip in 4.61 ms while
preserving nearly unchanged model complexity.

4.4 Ablation Studies

Adapter and MPPL. Table 3 evaluates the individual and combined effects of
the TCN adapter and MPPL. The configuration without either proposed com-
ponent retains the PulseFormer architecture and uses Lwave+0.1Lspec, obtaining
an MAE of 8.83 and a correlation of 0.83. Using only the adapter reduces the
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Table 4: Ablation of temporal dilation schedules and their corresponding receptive
fields. The receptive field is computed for four non-causal residual depthwise TCN
blocks with a kernel size of 3. The [1, 2, 4, 8] schedule provides the best overall error
performance. All other model and loss settings are fixed, and only the dilation schedule
is varied.

Dilations
Receptive

field MAE RMSE MAPE (%) r

[1, 1, 1, 1] 9 9.45 12.03 12.17 0.88
[1, 2, 2, 2] 15 8.59 11.66 10.57 0.86
[1, 2, 4, 4] 23 8.80 11.73 11.33 0.87
[1, 2, 4, 8] 31 7.20 9.68 8.65 0.88

Table 5: Individual and combined effects of the waveform, spectral, and MPPL terms.
All configurations use the final TCN architecture and vary only the indicated loss
terms. Combining all three objectives achieves the best performance across all metrics.

Waveform Loss Spectral Loss MPPL MAE RMSE MAPE (%) r

✓ 8.64 11.77 9.64 0.82
✓ ✓ 7.84 10.62 9.41 0.87
✓ ✓ 9.05 12.25 10.72 0.83
✓ ✓ ✓ 7.20 9.68 8.65 0.88

MAE to 7.84 and improves the correlation to 0.87. Using only MPPL gives a
similar MAE of 7.82 and a correlation of 0.86. The adapter gives better RMSE
and correlation, whereas MPPL gives a slightly lower MAE. Their combination
achieves the best result across all metrics, with an MAE of 7.20, an RMSE of
9.68, a MAPE of 8.65 %, and a correlation of 0.88. These results indicate that
bottleneck temporal refinement and multi-lag phase-progression supervision pro-
vide complementary improvements.

Dilation Schedule. Table 4 evaluates different dilation schedules and tem-
poral receptive fields. Increasing the receptive field from 9 to 15 reduces the
MAE from 9.45 to 8.59, but the receptive field of 23 slightly degrades the er-
ror metrics. This non-monotonic trend indicates that performance depends on
both receptive-field size and the distribution of dilation factors. The exponential
schedule [1, 2, 4, 8] achieves the lowest MAE, RMSE, and MAPE of 7.20, 9.68,
and 8.65%, respectively. Its receptive field of 31 provides broad temporal context
while progressively covering short- and long-range patterns. We therefore adopt
[1, 2, 4, 8] as the final dilation schedule.

Loss Composition. Table 5 analyzes the relationship among the waveform,
spectral, and MPPL terms. Adding the spectral loss to the waveform loss re-
duces MAE from 8.64 to 7.84 and increases the correlation from 0.82 to 0.87.
This improvement shows that spectral supervision helps establish more reliable
physiological periodicity. In contrast, combining MPPL only with the waveform
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Table 6: Controlled comparison of location-wise and spatially pooled temporal refine-
ment at the bottleneck. Both variants operate at T = 32 and use the same TCN archi-
tecture, dilation schedule, parameter count, and training objective. The pooled control
broadcasts a residual correction derived from spatially averaged features, whereas ours
independently refines the 24 spatial trajectories using shared parameters.

Temporal refinement MAE RMSE MAPE (%) r

Spatially pooled control 7.86 10.76 9.50 0.86
Location-wise (ours) 7.20 9.68 8.65 0.88

loss increases MAE to 9.05, although the correlation slightly improves to 0.83.
This result suggests that multi-lag phase-progression supervision alone is insuf-
ficient when the prediction lacks stable physiological periodicity. When MPPL
is combined with both waveform and spectral supervision, the model achieves
the best result across all metrics. Compared with the waveform–spectral set-
ting, MPPL further reduces MAE from 7.84 to 7.20 and RMSE from 10.62 to
9.68, while increasing the correlation from 0.87 to 0.88. The results support a
connected objective in which waveform supervision aligns the basic signal, spec-
tral supervision stabilizes its periodicity, and MPPL refines local analytic-phase
progression.

Location-Wise Refinement. Table 6 more directly tests whether the adapter
gain arises from temporal processing alone or from preserving location-specific
temporal trajectories. Both variants operate on the same B×64×32×3×8 bot-
tleneck representation and use identical 64-channel, four-block depthwise TCN
parameterization with a kernel size of 3, dilations [1, 2, 4, 8], a receptive field
of 31, and 18,560 parameters. They also use the same total parameter count,
training objective, and 100-epoch training schedule.

The spatially pooled control first averages the 3× 8 spatial grid, applies the
TCN to the resulting B×64×32 temporal sequence, and broadcasts the resulting
residual correction to all spatial locations. In contrast, the location-wise variant
applies the shared TCN independently to each of the 24 spatial trajectories.
Location-wise refinement reduces MAE from 7.86 to 7.20 BPM, RMSE from
10.76 to 9.68 BPM, and MAPE from 9.50 % to 8.65 %, while increasing the
correlation from 0.86 to 0.88. These correspond to relative reductions of 8.42%,
10.00%, and 8.96% in MAE, RMSE, and MAPE, respectively. Because the two
variants are matched in bottleneck resolution, temporal configuration, parameter
count, and training objective, these results support preserving location-specific
temporal trajectories during temporal refinement rather than deriving a single
correction from their spatial mean.

5 Conclusion

We presented BEAT, a framework for HR estimation from NIR videos cap-
tured by wearable eye cameras. BEAT combines a TCN adapter that refines
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each bottleneck spatial location before global spatial pooling with MPPL, which
supervises analytic phase progression over multiple temporal lags in the recon-
structed pulse domain. The adapter preserves and refines location-specific tem-
poral features, while MPPL complements waveform and spectral supervision
by constraining local pulse timing through multi-lag phase progression. Experi-
ments on egoPPG-DB show that BEAT achieves improved HR estimation accu-
racy with only a small increase in parameters and MACs. A matched bottleneck
control further shows that location-wise temporal refinement outperforms a spa-
tially pooled correction under the same temporal configuration and parameter
count. The remaining ablations show that the adapter and MPPL work best
together and that MPPL is most effective after spectral supervision establishes
stable physiological periodicity.

We evaluate participant-disjoint, fixed-length clips from egoPPG-DB. The
current model uses both past and future frames within each clip. In addition,
MPPL requires a stable band-limited pulse representation. Its benefit may there-
fore diminish under very low pulse amplitudes or severe motion corruption. Fu-
ture work will evaluate the method across different wearable eye-camera settings
and investigate causal temporal modeling for online HR estimation.
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