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Abstract—Remote photoplethysmography (rPPG) has been widely applied to measure heart rate from face videos. To increase the
generalizability of the algorithms, domain generalization (DG) attracted increasing attention in rPPG. However, when rPPG is extended
to simultaneously measure more vital signs (e.g., respiration and blood oxygen saturation), achieving generalizability brings new
challenges. Although partial features shared among different physiological signals can benefit multi-task learning, the sparse and
imbalanced target label space brings the seesaw effect over task-specific feature learning. To resolve this problem, we designed an
end-to-end Mixture of Low-rank Experts for multi-task remote Physiological measurement (PhysMLE), which is based on multiple
low-rank experts with a novel router mechanism, thereby enabling the model to adeptly handle both specifications and correlations
within tasks. Additionally, we introduced prior knowledge from physiology among tasks to overcome the imbalance of label space under
real-world multi-task physiological measurement. For fair and comprehensive evaluations, this paper proposed a large-scale multi-task
generalization benchmark, named Multi-Source Synsemantic Domain Generalization (MSSDG) protocol. Extensive experiments with
MSSDG and intra-dataset have shown the effectiveness and efficiency of PhysMLE. In addition, a new dataset was collected and made

publicly available to meet the needs of the MSSDG.

Index Terms—rPPG, multi-task learning, mixture of experts, low-rank adaptation, domain generalization.

1 INTRODUCTION

HYSIOLOGICAL monitoring plays a vital role in as-
P sessing well-being and performance in various sectors,
including healthcare, emotional analysis, and driver moni-
toring systems [1], [2]. Key indicators including heart rate
(HR), heart rate variability (HRV), respiration rate (RR),
and blood oxygen saturation (SpO2) are crucial for assess-
ing well-being and performance of human subjects. Tradi-
tional methods like electrocardiography (ECG) and photo-
plethysmography (PPG) require direct contact of sensors
and skin, causing inconvenience and discomfort for long-
term monitoring [3]. To address this problem, non-contact
video-based physiological measurement techniques have
gained increasing interest. Remote photoplethysmography
(rPPG) is highlighted as a promising approach, which can
be realized through ubiquitous imaging devices like RGB
webcams and smartphone cameras. rPPG methods analyze
subtle facial skin periodic light absorption caused by cardiac
activities [4] to obtain blood volume pulse (BVP) signals,
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which can further be used to extract HR and HRV [5]. Previ-
ous studies have also attempted to estimate RR [6] and SpO2
[7], [8] from RGB facial videos by detecting color changes
and movements associated with the blood flow during
the breathing cycle and the varying absorption of light
by oxygenated and deoxygenated hemoglobin in the blood
vessels of the face, respectively. Recently, advancements in
deep learning (DL) have shown superior performance in
complex scenarios [6], [7], making DL-based methods highly
promising for non-contact physiological measurement.

Conventional methods of remote physiological measure-
ment are typically concentrated on one predictive task (e.g.,
BVP or RR), within a single domain [9], [10]. These methods
are developed by training on datasets gathered from one
specific scenario and are tailored to predict one physiologi-
cal indicator, while it is difficult to meet the needs of applica-
tions in real scenarios [11]. For example, patient monitoring
systems that rely on a single vital sign may lead to "alarm
fatigue” and further make clinical staff desensitized [12]. At
the same time, training separate models for each task incurs
high deployment costs and reduces iterative efficiency [13].
In remote physiological measurement, different targets are
functionally related and there are dependencies between
multiple tasks. For instance, the hemodynamic changes
brought by respiration can influence the blood flow and
blood volume in the peripheral vasculature, leading to vari-
ations in the BVP signal [14]. Some studies tried to develop
one united model to simultaneously estimate multiple vital
signs [15], [16]. However, although these methods utilized
the dependencies between different tasks, they neglected the
multi-source domain generalization (MSDG) [17].

Limited by the laboratory dataset acquisition process, DL
methods trained on multi-source datasets suffer from severe
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Fig. 1. lllustration of the difference between Multi-source Synsemantic
Domain Generalization (MSSDG) and classic multi-task learning or
multi-source domain generalization.

performance degradation in the unknown target domain
due to variations between different multiple datasets, which
was usually defined as the domain shift [18]. The domain
shift can be caused by different data acquisition equipment,
individual differences, and environmental changes. In re-
cent years, to enhance the generalizability of DL-based re-
mote physiological measurement models in the presence of
domain shift, MSDG methods for rPPG continuously gained
attention in the rPPG field [17], [18]. However, previous
multi-task methods failed to leverage the full potential of
the available data and overlooked the semantic differences
in the feature space under multi-domain settings, which can
result in suboptimal performance [13]. Further, past MSDG
methods focused on aligning the feature semantics under
different domains but ignored target dependencies in the
label space under multi-task settings. Particularly, in the
field of remote physiological measurement, different public
datasets only provided partial vital signs labels (see Table 1).
Thus, we cannot simply and directly reuse MSDG for rPPG
to multi-task settings.

Given this, we raise a new challenge of Multi-Source
Synsemantic Domain Generalization (MSSDG), which ex-
tends beyond the conventional MSDG by incorporating
the complexity encountered in real-world applications (as
shown in Figure 1). Unlike isolated multi-task learning
paradigms or traditional MSDG approaches, MSSDG aims
to address the simultaneous occurrence of multiple tasks
and domains, which represents a more intricate challenge.
We use the term ”synsemantic” to differentiate between
MSSDG and MSDG, highlighting the differences in semantic
information across various domains. For example, in Figure
1(d), domain 1 contains the semantic labels for task 1,
whereas domain 2 includes the semantic labels for both task
1 and task 2. In this scenario, we describe these two domains
as synsemantic with respect to each other. The objective of
MSSDG is to achieve generalization on both task 1 and task
2 based on this relationship. Specifically, MSSDG must rec-
oncile disparities in feature semantics both across different
domains of a singular task and within a single domain of
disparate tasks. Additionally, it must account for the varying
degrees of target sparsity and the interdependencies that are
present among different tasks within the same domain as
well as for the same task across various domains.

To address this challenge, inspired by the standout
performance in multi-task learning of Mixture-of-Experts
(MoE) [19], we propose an end-to-end Mixture of Low-rank
Experts for multi-task remote Physiological measurement

2

(PhysMLE), which fully exploits the dependencies between
tasks via constructing multiple low-rank trainable experts.
Different from classic MoE architecture, the introduced low-
rank expert can significantly reduce the high tuning costs
of MoE, and implement plug-and-play. Besides, the pro-
posed PhysMLE can also address the limitations of previous
Parameter Efficient Fine-Tuning (PEFT) methods (e.g., P-
tuning [20], LoRA [21]) when faced with multi-task setting.
Specifically, PEFT methods need to be fine-tuned for mul-
tiple sets of parameters for each task separately, or one
set of parameters for all tasks. In brief, PhysMLE takes
the primary decoded feature from the original first block
of the substitutable backbone network as input. Then, we
replaced the core feature learning module of the backbone
with our PhysMLE layer, which consists of multiple learn-
able Low-rank Adaptation (LoRA) experts, multiple expert-
specific feature routers, and the original frozen weights.
During training, a regularization based on weight orthog-
onality is proposed to force each expert to learn distinct
information to avoid overlapping of different physiological
features. The expert-specific feature routers are designed
to perform element-wise selection on the generated feature
from each LoRA expert. After processing through multiple-
layer PhysMLE basic blocks, the features are fed to each
task-specific router separately for gating to obtain a sparse
task-specific representation, which is further used for task-
specific head for sign estimation.

Moreover, to cope with domain shift in MSSDG with
unbalanced target task space, we propose the following
solution. In the MSSDG setting, the challenge of gener-
alizability exists not only in the conditional domain shift
[22] due to environmental changes, but also in identifying
the invariance between the inputs and the labeling of the
varying tasks in different domains. In the field of remote
physiological monitoring based on face videos, inspired by
[23], we argue that the physiological signals reflected from
different parts of the face should remain consistent. Also,
the changes in a person’s physiological characteristics over
a short time (5 seconds) should be temporally smooth and
gradual. Therefore, we constrain the aggregated represen-
tation of each layer of the PhysMLE basic block to remain
semantically spatio-temporally consistent through two new
regularizations. Furthermore, to resolve the imbalance of
target tasks in MSSDG, considering the heterogeneous char-
acteristics and correlations among different physiological
signals, we strengthen the learning capacity of PhysMLE
through three regularizations based on prior knowledge
from biomedical fields [8], [24]. We summarize the contri-
butions of this work as follows:

We proposed an end-to-end framework PhysMLE,
which adapts the strengths of MoE and LoRA to
efficiently learn multiple low-rank expert weights to
avoid gradient contradiction in multi-task settings. A
weight orthogonality constraint was used to ensure
that the widest possible gradient space is learned,
and an element-wise router was tailored to a flexible
combination of expert features for maximizing the
use of positive associations between tasks.

To resolve domain shift and unbalanced target task
space under MSSDG, we not only enhance the se-



JOURNAL OF IATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

TABLE 1
Summary of Public Non-synthetic Datasets.

Dataset Date Frames Subject Camera Setting HR BVP SpO2 RR Special Human State Collection Environment
MAHNOB-HCI [25] 2012 _ 27 Allied Vision Stingray F-046C v/ X X V/ Emotion j
PURE [26] 2014 168,120 10 eco274CVGE v v v X _ j
COHFACE [27] 2016 _ 40 Logitech HD C525 X X/ _ j
MMSE-HR [28] 2016 _ 40 Di3D v X X X Emotion j

OBF [29] 2018 _ 100 Blackmagic URFA mini v X X v Atrial fibrillation Laboratory environment
UBFC-rPPG [30] 2019 57,420 Y] Logitech C920 HD Pro v v X X _ j
BUAA [31] 2020 129549 15 Logitech C930EHDpro v/ v/ X X _ i
VIPL-HR [32] 2020 1,834,785 107 Three cameras v v v X _ j
VA4V [33] 2021 799,113 140 Di3D v v X / Emotion j
MMPD [34] 2023 1,188,000 33 Galaxy S22 Ultra v X X X _ j

HCW 2024 1,565,230 41 32 laptop webcams o/ X V' Cognitive workload ~ Real-world workspace

Notes: The datasets we used in this work are bolded in black.

mantic spatio-temporal consistency in each layer of
PhysMLE, but also propose three task-specific priors
to augment the imbalance label space, which is intro-
duced in rPPG modeling for the first time.

As the first study to tackle domain shift in multi-task
remote physiological measurement, we proposed a
new Multi-Source Synsemantic Domain Generaliza-
tion (MSSDG) protocol. Considering the shortcom-
ings of the previously public dataset, we collected
and publicized a new dataset (i.e., High Cognitive
Load Workers (HCW)). Jointly with five previously
public datasets, we built a new large MSSDG bench-
mark. Extensive experiments demonstrated the su-
periority of our method.

2 RELATED WORK
2.1

Since 2008, among the non-contact techniques, remote pho-
toplethysmography (rPPG) has emerged as a particularly
promising approach for physiological measurement [35].
Verkruysse et al. [35] pointed out that the green chan-
nel contains the strongest plethysmography signal because
hemoglobin absorbs green light the most, and the red and
blue channels also contain plethysmography information.
The basic theory is built on optical frameworks such as the
Lambert-Beer law (LBL) and Shafer’s dichromatic reflection
model (DRM) to model how light interacts with the skin
[8]. Based on this, traditional methods rely on statistical
information about heartbeats and often require manual
adjustments to filter out inaccurate data [35], [36], [37].
However, these methods often required manual adjustments
and struggled with variations in skin tones and lighting
conditions. Recently, DL technologies have been developed
to improve accuracy in complex environments. Chen and
McDuff [38] first developed a deep model called DeepPhys
that extracts BVP signals with convolutional neural net-
works (CNN) by measuring the difference between frames.
In recent years, other advanced methods based on different
feature extractors (e.g., 3DCNN [39], Transformer [40]) were
proposed as well.

Besides HR, RR is also a critical vital sign that is critical
for health monitoring. Some early studies remotely mea-
sured RR by detecting respiratory motion through pixel

Camera-based Physiological Measurement

movements [41] or pixel intensity variations [42]. Some
rPPG-based studies adopted traditional methods [43] or DL
[15], [16] to measure RR. At the same time, existing rPPG
works also estimated the frequency domain attributes of
predicted BVP signals for RR estimation [29], [40], [44].
However, existing methods are still troubled by motion arti-
facts and when the respiration is non-periodic [10], there are
errors in estimated BVP, making it challenging for indirect
RR inferencing.

Another vital sign, SpO2, has traditionally been mea-
sured by analyzing direct current (DC) and alternating
current (AC) components at wavelengths of 520 nm and
660 nm, with specialized cameras sensitive to specific wave-
lengths of light that differentiate oxygenated and deoxy-
genated hemoglobin [45]. However, recent efforts aim to
estimate SpO2 using readily available RGB cameras by
analyzing subtle changes in facial skin color [8], [46]. Emerg-
ing DL-based approaches demonstrate promising results
in contactless SpO2 estimation [47], [48], although further
development is required to achieve clinical-grade accuracy
and robustness.

2.2 Remote Multi-task Physiological Measurement

The complex multi-task issue was often handled by de-
composing them into multiple simple and mutually inde-
pendent single tasks. However, training models for each
task separately incur high deployment costs, and such an
approach often ignores the correlation information enriched
among tasks. To address these problems, multi-task learning
that puts related tasks together has been proposed [49].
Multi-task learning was widely used in deep learning [50],
[51], [52], [53]. The MoE model [52] turns the parameters
shared by all samples in each stratum into multiple sets of
parameters to increase model capacity. However, previous
MoE-based methods [54] directly build multiple complete
feature encoders as experts, which introduces more com-
putational parameters. Recently, many works attempted to
adapt LoRA [21] to MoE structure [55], [56]. However, they
focus mainly on LLM fine-tuning rather than multitasking
learning.

In traditional rPPG tasks, the output is usually per-
formed only for a single task (i.e., HR or BVP) [9], [10]. Due
to different vital signs measured by rPPG are often corre-
lated, recently, MTTS-CAN [15] performed cardiovascular
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and respiratory measurements in real-time, and BigSmall
[16] outputs facial movements, respiratory and HR char-
acteristics simultaneously. However, these studies ignored
SpO2, which also correlates with HR, RR [57]. Furthermore,
previous multi-task TPPG works were usually trained on
a single domain with complete multi-task labels, and since
current publicly available datasets often only provide partial
physiological signal labels (referring to Table 1). Thus, pre-
vious MoE or LoRA alone may not resolve the multi-task
physiological measurement problem.

2.3 Domain Generalization in Remote Photoplethys-
mography

There are also differences between different domains in
rPPG tasks, to address this problem, many DG methods [17],
[18], [58] have been applied to rPPG tasks. The main goal
of the DG technique is to generalize the model trained in
source domain data to the unseen target domain. The main-
stream methods can be divided into three categories: data
manipulation, representation learning, and meta-learning.
Data manipulation is mainly done through data augmenta-
tion methods to increase the number of samples or using
data generation methods to produce different samples [59].
Representation learning [60], [61] adapts models to differ-
ent domains by learning domain-invariant features. Finally,
meta-learning approaches [62], [63] induces domain shifts in
virtual data during training, allowing the model to handle
unknown domains better.

For example, NEST [17] improved the generalization
ability of the model by maximizing the feature space dur-
ing training. However, ignoring instance-specific variations
tends to affect the results of the model when confronted with
specific samples that lack instances during inference. HSRD
[18] was proposed to measure BVP signals by separating
domain-invariant and instance-specific feature space, but it
still relied on explicit domain labels for feature learning.
Since existing DG methods for remote physiological moni-
toring are limited to HR and BVP, when DG is applied to the
multi-task setting, semantic differences in the feature space
and imbalance target tasks might restrict the performance of
previous approaches.

3 METHODOLOGY

This section formally introduces the Mixture of Low-rank
Experts for multi-task remote Physiological measurement
(PhysMLE). We begin with the problem formulation and
challenge of multi-source synsemantic domain general-
ization in Subsection A. Subsequently, the framework of
PhysMLE, including the overall structure of how PhysMLE
can be integrated into a substitutable backbone network, the
internal structure of the PhysMLE layer, and the router is
provided in Subsection B, where we also verify the idea of
learning unique low-rank parameters for each task. We then
elaborate on the regularizations to maintain semantically
spatio-temporally consistent and eliminate the cross-domain
environmental variation in Subsection C. Lastly, subsection
D introduces the optimization and inference processes. Im-
portant notations and descriptions are in Table 2.

4
TABLE 2
A summary of symbols and descriptions
Symbol | Description
L;W;C Length, width, and the number of channels of a STMaps.
B Batch size.
N Number of tasks.
K Number of low-rank experts.
T Number of PhysMLE layers in the backbone network.
M Number of basic blocks in the backbone network.
E Low-rank expert.
G EFRouter.
W;Wa | The frozen and updated weights in the expert.
B; A The low-rank weight matrix in the expert.
din;dout | Input and output dimension of weights.

r The number of ranks.

Hyper-parameter to scale the weights.

Hyper-parameter to enlarge the selected feature.
s Feature encoded by each PhysMLE basic layer.

s Task-agnostic feature outputted by the PhysMLE.

0s0 Task-specific feature after element-wise selection.
Y

8

0

Y Spatial-temporal augmented STMaps and labels.
Estimated label by PhysMLE.

X

tau; T Augmentation ratios for SpO2 prior.
Soft boundary of the difference between estimated RR
and RR extracted from ground-truth BVP.
pi Hyper-parameter for joint training.
I Identity matrix.
Random noise sampled from Gaussian distribution.
L The loss fuction of this work.

3.1 Problem Formulation

Here we define the notations and problem settings of our
study. As shown in Figure 2, suppose we have a batch of B
raw facial videos, which are from multiple datasets. We first
compress videos into the spatial-temporal map (STMap)
format [32]. Then we input STMaps X = ing?zl;Xi 2
RL W C into PhysMLE, which is formulated as T(X; ).
The L; W, C is the length, width, and channel size of STMap,
and is all parameters in the model. There are N = 4
predicted vital signs of the subject in the target domain
Y = t¥hr; Yovp: Yspo: Yrrd in this work, where yn, indicates
HR, Ypvp is the BVP, Ygpo and Yy corresponds to SpO2 and
RR, respectively.

In the field of remote physiological measurement, partic-
ularly in the context of multi-task video-based assessment in
a cross-domain setting, one of the notable challenges stems
from the domain shift. While the generalized principle
of tPPG-based physiological measurements [35] provides
opportunities for leveraging data from diverse contexts, it
introduces a challenge: the differing skin properties, lighting
conditions, camera quality, and environmental factors lead
to changes in color intensity captured by an RGB camera
in different scenarios. Additionally, physiological signals
related to HR, BVP, RR, and SpO2 often exhibit overlapping
frequency components. For instance, HR and BVP share
frequency bands, as both are influenced by cardiac activity.
Thus, the cross-contamination between physiological sig-
nals adds another layer of complexity. Specifically, changes
in one physiological parameter can affect or mask the vari-
ations in another parameter. For example, changes in SpO2
can impact the BVP signal, as oxygenation levels influence
the light absorption properties of tissues [64]. Therefore, the
goal of our model f is to maximize the effective changes
in color intensity while minimizing interference from other
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Fig. 2. The overall architecture of proposed PhysMLE. Our method achieves flexibility over two types of backbone network structures (subfigure
(a)(b)). Briefly, PhysMLE takes STMaps that are compressed from facial videos from multiple domains as input. The core feature learning layers in
each basic block of the backbone are replaced by the PhysMLE layer (subfigure (c)). To adapt different backbone structures, the proposed EFRouter

can also be instantiated as two types (subfigure (d)).
signals and domain variations simultaneously.

3.2 PhysMLE

Mixture of Low-rank Expert In this section, we introduce
the concept of Mixture-of-Experts (MoE) [19], proposing a
unified PhysMLE basic block adaptive to the backbone net-
work with an element-wise gate routing strategy. To learn
the underlying relationships between different physiologi-
cal signals, PhysMLE basic blocks are shared for the further
estimation of each task. In a typical MoE structure, multiple
expert blocks are injected into one layer of the model.
Although this method accommodates a greater number of
parameters and overcomes the limitation of a singular set
of parameters across all tasks, the parameter number to
be tuned will increase linearly with the number of tasks.
Recently, LoRA has demonstrated both its effectiveness and
efficiency in fine-tuning, with its integral parameters being
fine-tuned for all tasks.

Thus, as shown in Figure 2(c), the proposed PhysMLE
basic block seamlessly integrates the advantages of both
LoRA and MoE. Firstly, similar to LoRA for large lan-
guage models (LLM) [21], we reformulate the parameter
update with the equation W + W = W + BA, where
W; W 2 RYin dout denpte the frozen weight matrix and
the weight matrix that is updated during fine-tuning, re-
spectively. B 2 RY%n " and A 2 R" %ut are low-rank
trainable matrix withr  djn=doyt. Here, din; dout are input
and output vector dimensions, r is the rank. In practice,
following [21], A and B were initialized as Gaussian random
distributed and all zero respectively, to ensure there is no
initial offset at the beginning of the training and the follow-
ing weight updation is based on the pre-training weights
offset from the training set distribution. Particularly, when
LoRA adapted to convolutional network [65], din; oyt are
replaced by Cin; Cout, which present the number of input

and output channels. In our PhysMLE, we introduce a set
of low-rank experts E; =<:1, each E; consists of a pair of BA,
and both two types of LoORA were implemented for different
backbone networks.

Besides, being different from recent MoE-based LoRA
frameworks [55], [56], [65], PhysMLE introduces an
Element-wise Feature Router (EFRouter) group mechanism
(see Figure 2(d)), which aims to leverage low-level phys-
iological features to dynamically aggregate element-level
feature outputted by each expert. The previous gate mech-
anism in MoE is mostly based on applying the softmax
function over the linearly transformed high-level repre-
sentation of experts [21], [55]. However, given the strong
association between physiological signals and facial low-
level features (e.g., movement [66], expression [67]), the
gate mechanism of previous MoE is difficult to be applied
to remote multitasking physiological measurement. Thus,
inspired by [13], we designed the EFRouter groups fGigl;,
where each G; corresponds to one expert Ej, to adaptively
control the importance of low-level information, and used
the hyperparameter = 2 to further squash and expand
the effective feature elements of the corresponding expert
Ei. Each G; takes the low-level feature S outputted by the
first layer of the backbone network (i.e., Conv1l in ResNet
[68], Patch Projection & Position Embedding layers in ViT
[69]) as the input. The G; consists of two neural layers,
which are with one normalization layer, and one non-linear
activation (ReLU). After passing through the two layers,
Sigmoid function was used to generate gated vectors. In all,
the process of generating the output s of each PhysMLE
layer is customized as follows:






