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Abstract
Gaussian head avatars typically model intrinsic facial appearance

as temporally static, omitting subtle cardiac-induced skin-color

variation. We propose Heartian, a physiology-aware modulation

framework that learns cardiac-cycle-dependent per-frame albedo

modulation of facial skin-region Gaussianswithin a relightable head

avatar to encode remote photoplethysmography (rPPG) signals. Us-

ing synchronized contact PPG supervision, Heartian models the

prescribed cardiac waveform as the sum of two Gaussian functions

and learns per-frame spatial residuals via a lightweight MLP. Across

152 stationary recordings from UBFC-rPPG, PURE, and MMPD,

attribute-space recovery of the supplied signal achieves a pooled

recording-level heart-rate MAE of 0.29 bpm and MAPE of 0.38%.

The signals remain detectable after rendering by benchmark rPPG

methods, with the best tested configuration – a motion-augmented

TS-CAN decoder pretrained on UBFC-rPPG – recovering heart

rate from the rendered MMPD avatars at 0.97 bpm MAE and 1.21%

MAPE. Meanwhile, Heartian maintains reconstruction quality

comparable to the baseline, with negligible average PSNR degrada-

tion of 0.005 dB. Overall, our work embeds recoverable rPPG signals

as controllable material attributes to subject-specific Gaussian head

avatars, while retaining reconstruction quality.
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1 Introduction
Conventional videos of people reveal physiological signals through

subtle, temporal skin-color variation, from which rPPG recovers
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vital signs such as heart rate. Prior works synthesize physiolog-

ical facial appearance in images [McDuff and Nowara 2021] or

videos [Wang et al. 2022], whereas [Lu et al. 2025] uses Gauss-

ian representations to estimate unknown physiology from input

video. However, 3D-consistent physiological appearance modeling

remains underexplored in subject-specific, relightable head avatars.

Volumetric 3D human reconstruction has been significantly ad-

vanced by 3DGS [Kerbl et al. 2023]. The work by [Lu et al. 2025]

has validated the utility of GS in rPPG tasks with dynamic motions,

where explicit 3D representation disentangles the chromatic and

geometric variations beyond purely surface-pixel-level analysis.

Meanwhile, HRAvatar [Zhang et al. 2025] introduces a human head

reconstruction method, leveraging Gaussian primitives upon an en-

hanced FLAME-based face model, supporting real-time relighting.

However, it maintains a pose-independent static appearance, where

per-Gaussian color properties are optimized globally rather than

per frame. Consequently, while frame-wise lighting variations con-

tribute to the final rendered appearance, inter-frame skin chromatic

variations of physiological origin are inherently not captured.

We propose Heartian, a physiology-aware modulation frame-

work that embeds prescribed rPPG signals into relightable Gaussian

head avatars. Building on HRAvatar reconstruction, we optimize

per-frame spatial modulation factors acting on the albedo of fa-

cial skin-region Gaussians. Specifically, the modulation comprises

two components: a fundamental waveform modeled as the sum of

two Gaussian functions, following [Tang et al. 2020], and a light-

weight multilayer perceptron (MLP) that learns per-frame spatial

residuals. The rPPG signal is extracted as the mean green channel

intensity after modulation across the skin-region Gaussians, super-

vised against the ground truth PPG waveform. In summary, our

method enables the recovery of heart rate from embedded signals

with a mean MAE of 0.29 bpm and MAPE of 0.38 % against ground

truth PPG measurements while preserving comparable reconstruc-

tion quality after modulation, with a marginal cost of 0.005 dB,

0.00003, and 0.0003 in average PSNR, SSIM, and LPIPS, respectively.

Meanwhile, embedded rPPG signals are vastly preserved in the

rendered videos, evaluated with the benchmark methods by rPPG-

Toolbox [Liu et al. 2023], exhibiting particularly strong performance

on the MMPD dataset [Tang et al. 2023]. Unlike methods that use

a generalizable 4D Gaussian representation as an intermediate to

disentangle feature variation for rPPG estimation [Lu et al. 2025],

Heartian embeds prescribed rPPG signals via attribute modu-

lation into subject-specific Gaussian head avatars as a renderable

property. Furthermore, while retaining the relighting capability

of HRAvatar, our pipeline enables rPPG avatar synthesis under

novel illumination environments without compromising recover-

able signal quality. Our strategy also enables prescribed waveform

and heart-rate control within physiology-aware Gaussian repre-

sentations, potentially supporting controlled physiological training

https://doi.org/10.1145/3829339.3847838
https://github.com/twitter/twemoji
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3829339.3847838
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augmentation and informing future physiology-aware real-time

avatar models for applications such as telemedicine.
1

2 Methods
Our method embeds synchronized rPPG signals into a relightable

Gaussian head avatar reconstructed from monocular video, build-

ing on HRAvatar [Zhang et al. 2025] as our baseline. Heartian is

an offline, per-recording authoring method rather than a real-time

physiology-inference system. Monocular videos undergo standard

preprocessing and facial tracking to extract per-frame FLAME pa-

rameters, which are subsequently fed into HRAvatar to reconstruct

a high-fidelity, subject-specific, and relightable head avatar repre-

sented as a set of physically parameterized 3D Gaussians G.

PPG Signals Modeling. Cardiac pulsation results in skin color vari-
ations, imperceptible to the naked eye but detectable to cameras.

We identify a dedicated set of Gaussians G𝑠
from G and modulate

them during rendering, embedding the target rPPG signal without

altering the underlying Gaussian parameters. To identify G𝑠
, we

extract a facial skin-region mask from the well-trained G represen-

tation. Each G𝑠
𝑖 is examined by its Euclidean distance to the nearest

vertex on the FLAME mesh. As depicted in Figure 1, a selected G𝑖

is designated as G𝑠
𝑖 if this distance falls below a threshold (e.g.,

0.02) and its normal points in the front-facing direction, excluding

Gaussians on the sides of the head where hair occlusion is likely.

Figure 1: Skin Gaussians G𝑠 (red) overlaid on G (blue).

For each G𝑠
𝑖 , a spatially varied transient offset is applied to the green

channel albedo c on a per-frame basis, while all other attributes

remain unchanged. Specifically, the modulation at frame 𝑡 follows:

cm𝑖 (𝑡) = cbase𝑖 (𝑡) +𝐴 ·𝑚𝑖 (𝑡), (1)

where 𝐴 is a learnable scaling factor and 𝑚𝑖 (𝑡) denotes the per-

frame modulation scalar. The PPG waveform within each cardiac

cycle characteristically exhibits two distinct peaks, a systolic and a

diastolic wave. Their structure can be embedded in phase space by

mapping the temporal signal to a unit circle parameterized by the

cumulative cardiac phase 𝜃 (𝑡) [Tang et al. 2020], as illustrated in

Figure 2. Therefore, we model the𝑚𝑖 (𝑡) comprising the physiologi-

cally motivated fundamental waveform and the learned residual:

𝑚𝑖 (𝑡) =
2∑︁

𝑘=1

𝐴𝑘 exp

(
−𝑑 (𝜃 (𝑡), 𝜇𝑘 )

2

2𝜎2

𝑘

)
︸                              ︷︷                              ︸

fundamental

+ 𝐵 · 𝑓MLP (𝜃 (𝑡), 𝑏 (𝑡), 𝑝𝑖 )︸                  ︷︷                  ︸
residual

, (2)

1
Our approach could be layered atop existing avatar infrastructure, such as telecon-

ferencing pipelines (e.g., Google Beam) or anatomically complete parametric head

models (e.g., GNM) to embed prescribed physiological signals into avatar reconstruc-

tion. Institutions such as Universität Hamburg have explored integrating vital-sign

monitoring into telemedicine workflows, further suggesting that physiology-aware

representations may eventually be incorporated into broader real-time avatar pipelines.

where𝑑 (𝜃, 𝜇) = arctan 2(sin(𝜃−𝜇), cos(𝜃−𝜇)) denotes the shortest
angular distance on the unit circle. The fundamental component

models the characteristic PPG waveform morphology as a sum

of two Gaussian functions in phase space [Tang et al. 2020], with

learnable centers 𝜇𝑘 , widths 𝜎𝑘 , and amplitudes 𝐴𝑘 . 𝜃 (𝑡) is mod-

eled as a learnable initial phase 𝜙0 accumulated with per-frame

increments {𝛿𝑘 }, which are passed through a softplus activation to

ensure positivity, and projected onto the unit circle as:

𝜙 (𝑡) = 𝜙0 +
𝑡∑︁

𝑘=0

𝛿𝑘 ,

𝜃 (𝑡) = arctan 2(sin(𝜙 (𝑡)), cos(𝜙 (𝑡))) .
(3)

The residual term is a lightweight 𝑓MLP conditioned on 𝜃 (𝑡), a beat
index embedding 𝑏 (𝑡), and the normalized spatial position 𝑝𝑖 of

each G𝑠
𝑖 . While 𝜃 (𝑡) encodes the continuous phase position within

a cardiac circle, 𝑏 (𝑡) provides a discrete beat identity that enables

𝑓MLP to capture inter-beat variability. The spatial conditioning on

𝑝𝑖 further allows the modulation to vary across the face, reflecting

the spatially heterogeneous nature of the skin perfusion. Specif-

ically, the phase embeddings follow the Fourier-based positional

embedding approach [Mildenhall et al. 2020] with 10 harmonics:

𝑒𝜙 (𝜃 ) = [sin(𝑘𝜃 ), cos(𝑘𝜃 )]10

𝑘=1
∈ R20 . (4)

𝑏 (𝑡) is encoded via a learnable embedding 𝑒𝑏 (𝑡) ∈ R8
, while 𝑝𝑖

is embedded by a two-layer encoder into 𝑒𝑠 (𝑝𝑖 ) ∈ R8
. The global

features [𝑒𝜙 (𝜃 ), 𝑒𝑏 (𝑡)] are expanded and concatenated with the

per-Gaussian 𝑒𝑠 (𝑝𝑖 ), forming 𝒙 = [𝑒𝜙 (𝜃 ), 𝑒𝑏 (𝑡), 𝑒𝑠 (𝑝𝑖 )] ∈ R36
, pro-

jected to dimension 128, passed through 2 residual blocks with tanh

activations, and linearly projected to a per-Gaussian scalar residual.

Figure 2: A typical PPG waveform with systolic (blue) and
diastolic waves (red) in the time (a) and phase domains (b).

Heart Rate Estimation Protocol. Following the rPPG principle,

heart rate is estimated from the temporal variation of the mean

green albedo 𝑐 across G𝑠
. Unlike RGB-rendered values, which are

susceptible to environmental illumination variations and rendering

noise, albedo provides a more stable and cleaner basis for extract-

ing subtle signals. Functions of rPPG-Toolbox [Liu et al. 2023] are

adapted for signal detrending, bandpass filtering, and frequency

analysis via Fast Fourier Transform (FFT). The raw signal is de-

trended to remove low-frequency drift via a smoothness prior, fol-

lowed by a first-order Butterworth bandpass filter to isolate cardiac

frequencies (𝑓𝐿 = 0.75 Hz, 𝑓𝐻 = 3.0 Hz) using zero-phase forward-

backward filtering to prevent phase distortion. Heart rate is taken

as the dominant spectral peak within the filter range via FFT.

https://dl.acm.org/doi/abs/10.1145/3641517.3664381
https://arxiv.org/pdf/2607.23687
https://www.uni-hamburg.de/en/newsroom/presse/2022/pm20.html
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Optimization. Our training follows a two-stage strategy. In the

first stage, the HRAvatar baseline [Zhang et al. 2025] is trained

to optimize the full Gaussian set G and FLAME parameters under

Lbase, comprising the photometric loss. In the second stage, all

baseline parameters are frozen to preserve well-learned geometry

and static appearance, while only the per-frame-varying Remote

Photoplethysmography (rPPG) signal modulation parameters of G𝑠

are optimized. The rendered images pass through the full Lbase to

ensure the modulated albedo remains visually consistent. In addi-

tion, we incorporate rPPG-specific losses, targeting both frequency

accuracy and waveform fidelity. The phase loss regularizes the car-

diac rhythm by measuring the mean circular distance between 𝜃 (𝑡)
and the beat-aligned reference phase 𝜃gt, constructed by detecting

systolic peaks in the ground truth PPG signal and linearly interpo-

lating between consecutive peaks. This normalization ensures each

cardiac cycle occupies the same phase interval, allowing the global

𝜇𝑘 and 𝜎𝑘 to learn a consistent morphological representation across

the full sequence without drifting with heart rate variability:

Lphase = E
[ (
atan2

(
sin(𝜃 − 𝜃gt), cos(𝜃 − 𝜃gt)

) )
2

]
. (5)

Besides, we apply a weak phase regularization via instantaneous

phase estimates 𝜃POS derived from raw frames using the Plane-

Orthogonal-to-Skin (POS) algorithm [Wang et al. 2016] followed

by a Hilbert transform. Unlike the supervised Lphase enforcing

morphological consistency, POS-generated signals offer stable pe-

riodicity as a soft prior to discourage arbitrary phase drift while

preserving the model’s capacity to learn morphological variation:

Lpos = E
[ (
atan2

(
sin(𝜃 − 𝜃pos), cos(𝜃 − 𝜃pos)

) )
2

]
. (6)

The waveform losses are applied along two separate supervision

paths using the same ground truth PPG signal. The MSE loss Lmse

and Pearson correlation lossLpearson supervise the fundamental sig-

nal directly, encouraging the Gaussian parameters to approximate

the target waveform morphology. The same losses are also applied

to the full modulation signal, providing gradients exclusively to

𝑓MLP for correcting the remaining spatially varying discrepancy:

where 𝑠 denotes the detrended and normalized input signal for each

respective path. To ensure physical plausibility, we additionally

apply constraints on the fundamental waveform parameters follow-

ing [Tang et al. 2020], enforcing 1 ≥ 𝐴1 > 𝐴2 ≥ 0, 2 ≥ 𝜎2 > 𝜎1 ≥ 0,

and 𝜋 ≥ 𝜇2 > 𝜇1 ≥ −𝜋 via quadratic penalty terms:

Lreg = 𝜆AL𝐴 + 𝜆𝜎L𝜎 + 𝜆𝜇L𝜇 . (7)

The total loss in the second stage is:

L = Lbase+𝜆phaLphase+𝜆posLpos+𝜆mLmse+𝜆pLpearson+Lreg, (8)

where 𝜆pha = 𝜆m = 𝜆p = 1, 𝜆A = 𝜆𝜎 = 0.6, 𝜆pos = 0.3 and 𝜆𝜇 = 0.1.

3 Implementation
Our pipeline. We base our pipeline on HRAvatar [Zhang et al.

2025] using PyTorch and optimize with Adam on an RTX 4060 GPU.

Training proceeds in two stages: the first stage follows the same

configuration to generate the baseline avatar, while the second

stage introduces and trains the rPPG modulation parameters for 60

epochs. More details are provided in the supplementary material.

Table 1: Benchmark Evaluation Results. Performance of
benchmark methods on our rendered Heartian videos,
evaluated across datasets. Green highlights indicate metrics
where embedded signals remain recoverable on par with the
original benchmark results on the same selected subsets.

Test Set

UBFC-rPPG PURE MMPD

Method Train Set MAE↓ MAPE↓ MAE↓ MAPE↓ MAE↓ MAPE↓
POS - 1.23 ± 0.77 1.01 ± 0.62 14.23 ± 6.78 29.34 ± 13.98 1.53 ± 0.63 2.66 ± 1.20

TS-CAN

UBFC-rPPG - - 10.01 ± 4.52 17.89 ± 8.68 2.59 ± 0.52 3.89 ± 0.94

PURE 9.22 ± 7.47 7.41 ± 5.56 - - 2.51 ± 0.57 3.87 ± 1.03

TS-CAN (MA) UBFC-rPPG - - 4.74 ± 4.22 5.23 ± 4.67 0.97 ± 0.27 1.21 ± 0.31

PhysFormer

UBFC-rPPG - - 17.40 ± 6.55 34.29 ± 13.78 8.69 ± 1.31 13.96 ± 2.21

PURE 5.53 ± 4.44 4.37 ± 3.32 - - 3.12 ± 1.08 5.27 ± 1.95

FactorizePhys

UBFC-rPPG - - 14.58 ± 6.82 29.95 ± 14.13 2.88 ± 0.98 4.83 ± 1.70

PURE 6.41 ± 5.09 5.05 ± 3.80 - - 1.38 ± 0.50 2.40 ± 0.99

Ours vs Baseline
POS - - 21.97 - 18.88 - 10.72 - 13.78 - 12.72 - 17.78

TS-CAN PURE - 26.98 - 24.72 - - - 12.87 - 16.28

TS-CAN (MA) UBFC-rPPG - - - 15.73 - 25.01 - 13.31 - 17.28

MAE = Mean Absolute Error in HR estimation (Beats/Min), MAPE = Mean Percentage Error (%).

Dataset. We evaluate on three datasets: UBFC-rPPG [Bobbia et al.

2019], PURE [Stricker et al. 2014], and MMPD [Tang et al. 2023].

For PURE and UBFC-rPPG, we select 10 subjects from each, all

recorded under stationary motion. For MMPD, the full 33 subjects

are utilized, spanning Fitzpatrick skin types 3 to 6, consistent with

stationary motion and retaining all four lighting conditions, yield-

ing 132 videos from this dataset and 152 videos in total. All monocu-

lar videos are extracted into frames, cropped to a face-centered 512

× 512 px region, and foreground-matted across the full sequences.

4 Evaluation and Discussion
Evaluation. We evaluate our method by reorganizing the ren-

dered avatar videos according to the requirements of each bench-

mark, and subsequently testing them through rPPG-Toolbox [Liu

et al. 2023]. Our evaluation includes both the traditional unsuper-

vised learning method POS [Wang et al. 2016] and three cutting-

edge pre-trained supervised neural networks - TS-CAN [Liu et al.

2020], PhysFormer [Yu et al. 2022], and FactorizePhys [Joshi et al.

2024] - to assess the fidelity and recoverability of the prescribed

rPPG signals embedded per recording. Since Gaussian-based avatar

reconstructions inherently exhibit subtle frame-level jittering, we

further evaluate Heartian with a motion-augmented variant of

TS-CAN [Paruchuri et al. 2024] to investigate this impact. Table 1

shows Heartian preserves consistently recoverable rPPG sig-

nals after rendering across three datasets. Our method achieves

particularly strong performance on MMPD [Tang et al. 2023], sta-

bly remaining recoverable by off-the-shelf rPPG estimators. In

contrast, the best-performing method varies across the other two

datasets, revealing gaps across datasets and benchmark methods.

Notably, PURE [Stricker et al. 2014] is more sensitive to mesh jitter-

ing, whose performance is substantially improved with motion-

augmented TS-CAN [Paruchuri et al. 2024], among others. Be-

sides, PhysFormer [Yu et al. 2022] exhibits the largest deviation

among supervised methods, as its transformer-based architecture

generalizes less robustly across datasets with differing acquisition

conditions [Liu et al. 2023]. We further composite the rendered

avatar videos onto dynamic real backgrounds, showing no con-

sistent degradation and confirming the robustness of our method
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beyond mere background removal. A cross-subject experiment on

three subjects additionally demonstrates the controllability of our

strategy, with the prescribed heart rates explicitly recovered. Be-

yond rPPG signals, we also assess the reconstruction quality of our

modulated Heartian. A small number of videos exhibit visual arti-

facts due to initial transient spikes in the ground truth signal during

data acquisition, which introduce large modulation magnitude, and

lighting variation within a single recording, which heightens the

inconsistent bases for albedo modulation strategy. However, these

artifacts can be eliminated by adjusting the modulation scaling

factor accordingly. Our method maintains reconstruction quality

comparable to the baseline after albedo modulation with an average

of 35.38 PSNR, 0.9697 SSIM, and 0.0374 LPIPS. Extensive results and

visualizations are provided in the supplementary material.

Discussion. Since rPPG estimation relies on subtle skin color

variations, signals are sensitive to degradation during video com-

pression or transmission. Our approach of embedding rPPG signals

directly into the Gaussian albedo offers attribute-level signal preser-

vation. Table 2 shows the metrics of rPPG signals extracted from our

modulated Heartian compared with the static HRAvatar baseline,

whose extracted albedo is consistently a flat line, demonstrating its

lack of inter-frame variation and thus heart rate information. Com-

pared with results derived from the rendered videos in Table 1, the

extracted signals show stronger fidelity, suggesting that rPPG infor-

mation is numerically preserved within the avatar representation

when it attenuates through rendering or post-processing.

Table 2: Attribute-level Evaluation. rPPG signal metrics ex-
tracted from the Gaussian albedo of baseline and Heartian.

Baseline Ours

Dataset MAE MAPE SNR MAE↓ MAPE↓ SNR↑
UBFC-rPPG 59.00 53.81 -21.52 0.00 0.00 1.45

PURE 21.53 25.37 -7.13 0.17 0.27 3.47

MMPD 39.11 34.81 -11.47 0.33 0.42 4.04

Lighting condition and skin tone have been challenging factors

for rPPG signal estimation. However, benefiting from our attribute-

level embedding strategy, well-learned signals remain largely em-

bedded and recoverable across predefined external conditions in

MMPD [Tang et al. 2023], as shown in Table 3. Benchmark methods

also demonstrate the same domain gaps in this comparison. The

signals persist across skin tone 6 – typically the most challenging

skin tone – as well as incandescent and natural lighting. Few biased

cases predominantly occur for olive and mixed yellow-brown tones

(i.e., skin tone 4 and 5). Since our direct modulation operates merely

on the green channel, skin tones and lighting conditions that reduce

green reflectance and thus the amplitude of the modulation base

inherently weaken the modulation effects in our strategy. Hence, a

similar effect is observed under warm and vibrant LED-high light-

ing. Furthermore, we conduct an ablation study on relighting effects

by applying generated, evenly distributed white, cool, and warm

lighting, as well as a real-world environment map captured in a

hospital. Metrics remain largely consistent with those under origi-

nal lighting with a mean ΔMAE of +0.20 bpm, demonstrating the

robustness of our method under the tested relit conditions. More

details and future directions are in the supplementary material.

Table 3: Lights and skin tones comparison within
MMPD [Tang et al. 2023], tested with models pretrained on
UBFC-rPPG [Bobbia et al. 2019].

POS TS-CAN (MA) FactorizePhys

MAE ↓ MAPE ↓ MAE ↓ MAPE↓ MAE ↓ MAPE↓
Skin tone

3 1.01 ± 0.82 1.80 ± 1.52 1.04 ± 0.44 1.35 ± 0.52 2.89 ± 1.48 4.66 ± 2.38

4 1.91 ± 1.44 2.33 ± 1.82 2.17 ± 1.11 2.35 ± 1.11 2.89 ± 1.88 3.61 ± 2.41

5 3.80 ± 2.34 7.44 ± 4.76 0.62 ± 0.34 0.87 ± 0.45 4.90 ± 2.89 9.50 ± 5.81

6 0.47 ± 0.21 0.53 ± 0.25 0.10 ± 0.10 0.12 ± 0.11 0.10 ± 0.07 0.12 ± 0.09

Light
LED-low 1.41 ± 0.94 2.42 ± 1.84 0.63 ± 0.24 0.81 ± 0.32 4.34 ± 2.69 6.91 ± 4.31

LED-high 3.40 ± 2.16 6.52 ± 4.24 0.37 ± 0.14 0.54 ± 0.21 3.30 ± 2.01 6.26 ± 3.97

Incandescent 0.42 ± 0.26 0.58 ± 0.38 0.98 ± 0.31 1.34 ± 0.41 2.26 ± 1.51 3.75 ± 2.66

Nature 0.90 ± 0.76 1.12 ± 0.96 1.89 ± 1.01 2.13 ± 1.12 1.65 ± 1.36 2.41 ± 2.06
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