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Abstract

The success of large language models (LLMs) in cognitive
tasks prompts the question of whether their next-token pre-
diction (NTP) paradigm can be adapted to model physio-
logical signals from wearable devices. A key target for this
adaptation is photoplethysmography (PPG), the most preva-
lent sensing modality in consumer wearables for non-invasive
monitoring of diverse physiological conditions. Unlike in
NLP, where NTP aligns with generative objectives, physio-
logical signal analysis involves fundamentally different tasks,
such as continuous parameter estimation (regression) and dis-
crete state recognition (classification). This disparity creates
a semantic mismatch between the pre-training paradigm and
the downstream tasks. To bridge this gap, we propose PPGPT,
the first foundation model that reformulates NTP into next-
feature token prediction (NFTP), learning hierarchical fea-
ture transition probabilities to unify pre-training and down-
stream objectives. PPGPT features a novel dual-stream en-
coder that generates feature tokens by jointly modeling tem-
poral dynamics and local-global morphological patterns. The
model is developed using a two-stage training framework: it
is first pre-trained on a large-scale mixed dataset of 1.6 bil-
lion data points and then validated on our newly released
BioMTL benchmark, which includes data from 172 subjects
over 285 days across seven different tasks. Extensive experi-
ments show that PPGPT significantly outperforms competing
methods, achieving a 16.5% improvement in F1-score and a
25.9% reduction in Mean Absolute Error (MAE). Further-
more, the model demonstrates robust few-shot learning ca-
pabilities.

Code — https://github.com/PPGPT/AAAI2026.git

Introduction
The proliferation of wearable devices has established multi-
parameter physiological monitoring via photoplethysmogra-
phy (PPG) as a key area in non-invasive health sensing (Kim
et al. 2025; Shah et al. 2025). A PPG signal comprises a pul-
satile AC component, which carries information on cardio-
vascular blood flow dynamics (Ray et al. 2021), and a non-
pulsatile DC component, which reflects basal blood volume,
sympathetic nervous activity, and thermoregulation (Kim
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et al. 2025). Consequently, PPG allows for the estimation of
diverse physiological parameters, such as heart rate (Ribeiro
et al. 2023), blood glucose (Chen et al. 2024b), blood pres-
sure (Wang et al. 2024), emotional states (Choi et al. 2023),
mental stress (Feli et al. 2023), and sleep stages (Cajal et al.
2023). This capability supports a wide range of applications,
from chronic disease management to affective computing.
Nevertheless, existing methods that rely on handcrafted fea-
tures or task-specific supervised models demonstrate poor
adaptability, facing challenges in multi-task generalization,
domain transfer, and data-scarce scenarios (Fig. 1 (i)).

In stark contrast, large language models (LLMs) are
emerging as general-purpose cognitive systems (Yin et al.
2024), achieving unprecedented generalization in domains
such as natural language processing, image generation, and
protein structure prediction (Awais et al. 2025; Jumper et al.
2021). This revolutionary success is driven by their next-
token prediction (NTP) mechanism (Fig. 1 (ii)–(iii)(a)). The
power of this approach stems from the alignment between
the pretraining proxy task and final downstream generation
tasks, which facilitates effective representation alignment
and semantic compression. However, this principle of task-
aligned pretraining remains largely unexplored in physiolog-
ical signal modeling. This gap prompts our central research
question: Can the NTP paradigm be adapted to wearable
physiological signals to construct effective and generaliz-
able foundation models?

A primary challenge stems from a fundamental mis-
match in task objectives. The next-token prediction (NTP)
paradigm is inherently generative, designed to predict sub-
sequent content. In contrast, the core tasks for wearable
physiological signals are typically discriminative, framed
as classification or regression problems that infer physiolog-
ical states or parameters from temporal features (Ray et al.
2021). This disparity between the generative nature of NTP
and the discriminative target tasks in physiological modeling
creates a significant barrier to the paradigm’s direct transfer
and application.

Separately, extensive research has applied self-supervised
learning (SSL) to physiological signal modeling, utilizing
strategies from contrastive to generative learning (Zhang
et al. 2024a; Abbaspourazad et al. 2024; Chen et al. 2024c;
Saha et al. 2025; Ding et al. 2024; Zhang et al. 2024b; Jiang,
Zhao, and Lu 2024; Luo et al. 2024; Pillai et al. 2025). To

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

28573



Transfer Transfer

Input time series History window

(iv) Generation-Based Pretraining

(v) Contrast-Based Pretraining

A
ugm

entation

a

A
ugm

entation

b

Transform
er 

E
ncoder

Transform
er 

E
ncoder

Transform
er D

ecoder

Tokenizer

Gap

SleepGlucoseBlood 
pressure Stress

. . .

Augmented window

(i) End-to-End Single Physiological 
Parameter/State Prediction Method

Projection layer
Historical window 
(Generative-based)
Augmented window 
(Contrastive-based)

Task-specific block

(ii) Two Different Autoregressive Generative Models

(iii) Two Different Chain-of-Thought Reasoning

Autoregressive Transformer 
(GPT, LLaMa, DeepSeek, etc.)

. . .

. . .
An apple a day keeps . 
𝒓𝒓1 𝒓𝒓2 𝒓𝒓3 𝒓𝒓4 𝒓𝒓5 𝒓𝒓𝐿𝐿

Autoregressive Transformer 
(Our PPGPT)

. . .

. . .

. . .𝒛𝒛1 𝒛𝒛2 𝒛𝒛3 𝒛𝒛4 𝒛𝒛5 𝒛𝒛𝐿𝐿

R
eason

Prompts

Pretrained LLM

(a) LLMs

Input

Output

Step 1
… Step 2

Step 𝑇𝑇
(b) Our PPGPT

Pretrained PPGPT

Latent  
Prompts

Input
…

Feature 𝐾𝐾

Input time series

Augmented windowInput time series

No Gap

(b) NFP: Next-Feature Prediction

(a) NTP: Next-Token Prediction

Forecasted
future w

indow

Representation 
Subspace

Gap

Feature

OR

Output

Feature 1
Feature 2

Figure 1: Conceptual comparison of pretraining paradigms for physiological signals. Prior methods suffer from a fundamental
misalignment, as their pretraining proxy tasks are disconnected from the physiological semantics of downstream applications.
In contrast, our PPGPT framework, using Next-Feature Token Prediction (NFTP), directly bridges this gap by learning phys-
iologically meaningful feature transitions. This aligns the pretraining objective with downstream tasks, creating a unified and
effective model. A detailed explanation of this paradigm is provided in the Introduction.

learn latent representations, these methods employ struc-
tural proxy tasks, such as signal reconstruction or segment
contrast (Fig. 1 (iv)–(v)). However, a critical flaw in this ap-
proach is that these proxy tasks are defined by signal struc-
ture, not semantic content. This creates a fundamental mis-
alignment with the objectives of downstream applications, a
problem further detailed in Appendix A.

This leads to a central research question: How can we
design an “NTP-like” task for physiological signals that
preserves the powerful “proxy-as-target” alignment of lan-
guage models, while adapting it for the non-sequential, dis-
criminative tasks for which autoregressive prediction is ill-
suited?

To address these challenges, we introduce PPGPT, a
foundational model for physiological time series pretrained
on 1.6 billion data points from large-scale PPG signals.
Our framework redefines pretraining by learning feature
transition probabilities, a paradigm designed for the com-
plex, non-autoregressive nature of physiological monitoring
(Fig. 1 (ii)–(iii)(b)). This work makes five key contributions:

• We construct and release BioMTL, the first multi-task
benchmark for PPG-based physiological monitoring. It
contains 285 days of longitudinal data from 172 subjects,
with labels for seven tasks, including cuffless blood pres-
sure, fingertip glucose, and mental stress.

• We propose Next-Feature Token Prediction (NFTP),
which learns transition probabilities between “Feature
Tokens”—our novel, multi-level representation of signal

dynamics and morphology. This directly aligns the pre-
training objective with downstream discriminative tasks.

• Our work presents a new path for large-scale time-series
pretraining that moves beyond conventional point or
patch-level modeling and offers proven scalability.

• We design a dual-stream encoder that captures both tem-
poral dynamics and local-to-global morphological fea-
tures, providing a comprehensive representation of phys-
iological signals.

• On the BioMTL benchmark, PPGPT outperforms all
competing methods across all seven tasks and demon-
strates exceptional few-shot learning capabilities.

Methodology
Overall Framework
We introduce a novel pretraining framework for wearable
biosignals, centered on photoplethysmography (PPG), to ad-
dress the absence of a unified and task-aligned paradigm.
The core of our approach is to transform raw physiological
signals into sequences of feature tokens, thereby enabling
the model to learn the semantic evolution of their underly-
ing multi-level patterns.

Our model processes a multi-source PPG dataset, Draw =

{(xsig
i ,xvis

i )}Ni=1. Each sample consists of a raw PPG time-
series segment, xsig

i ∈ R1×T , and its corresponding Vi-
sionPPG representation, xvis

i ∈ RH×W×3. The VisionPPG
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Figure 2: The three-stage architecture of PPGPT. (1) Tokenization: The HSTF encoder transforms a raw biosignal into a se-
quence of hierarchical feature tokens z(l). (2) Generative Pre-training: A decoder is trained on the NFTP task to predict the next
feature token from the preceding ones, learning the signal’s intrinsic dynamics. (3) Downstream Adaptation: The pretrained
encoder is frozen, and its feature tokens are aggregated to train a lightweight, task-specific head for final predictions.

transforms the signal into an image by encoding its spa-
tiotemporal patterns. Appendix B provides the technical de-
tails for this transformation and for the HSTF architecture
discussed next.

To unify these modalities, we designed the Hierarchi-
cal Spatio-Temporal Fusion Network (HSTF), denoted as
FHSTF. This network maps the input pair (xsig

i ,xvis
i ) to a

sequence of feature tokens Z = z1, . . . , zL, where each to-
ken zl ∈ Rd captures semantics at a distinct hierarchical
level. This sequence Z then serves as the input to our core
prediction model, FPPGPT.

Within each layer l of the HSTF, a Temporal Contextu-
alizer (ϕ(l)temp) extracts features F(l)

PPG from the time-series,

while a Spatial Relation Aggregator (ϕ(l)spat) extracts features

F
(l)
vis from the VisionPPG image. These modality-specific

features are integrated by a Bidirectional Attention Fusion
module (ϕ(l)bi ). The resulting fused output is then projected
through a normalization layer to produce the final token zl,
ensuring a consistent feature dimension across all hierarchi-
cal levels.

Our framework is pretrained in two distinct stages on
a mixed dataset of 1.6 billion time points. The first stage
focuses on the HSTF encoder. To ensure training stabil-
ity, we pretrain it on a high-quality subset, Dhq ⊂ Draw.
This process utilizes two auxiliary objectives: a contrastive
loss (LCL) to maximize inter-subject variance, and a bidi-
rectional jump prediction loss (LBJP) to preserve intra-
subject temporal coherence. In the second stage, the pre-

trained HSTF generates feature tokens, Z , from the entire
raw dataset, Draw. These tokens then serve as input for pre-
training the FPPGPT model via a Next Feature Token Pre-
diction (NFTP) objective.

Following pretraining, the complete model is fine-tuned
end-to-end for various downstream tasks. The entire work-
flow is illustrated in Fig. 2, and details on the dataset con-
struction and filtering criteria are available in Appendix C.

Hierarchical Spatio-Temporal Fusion Network
The HSTF encoder, FHSTF, is designed to process an input
pair comprising a time-series signal (xsig

i ) and its visual rep-
resentation (xvis

i ). Its core function is to generate a set of fea-
ture tokens, Z ∈ RB×L×2d, that encapsulates hierarchical,
cross-modal semantics. The architecture operates through
a sequential, multi-layer process. First, a modality-specific
feature extraction module uses convolutional networks to in-
dependently map the temporal and spatial inputs into initial
feature vectors, u(0) and v(0). These initial vectors are then
refined through L hierarchical layers of cross-modal inter-
action. At each layer l, the network fuses the two feature
streams to produce a dedicated feature token, z(l). The final
output, Z , is the complete set of these tokens, representing
the input data at multiple semantic levels.

Temporal Contextualizer The Temporal Contextualizer,
ψ
(l)
temp, decomposes the input temporal feature u(l−1) into

task-relevant and sample-specific components using a dy-
namic gating mechanism. First, a gate vector g(l) is com-
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puted from the input. This gate then partitions the feature
into a task-relevant component, u(l)

task = g(l)⊙u(l−1), and a
sample-specific component, u(l)

sample = (1− g(l))⊙ u(l−1),
where ⊙ denotes element-wise multiplication. Finally, each
component is processed by a separate MLP, and the re-
sults are integrated with the original input via a residual
connection to produce the refined feature vector: u(l) =

u(l−1) +MLPtask(u
(l)
task) +MLPsample(u

(l)
sample).

Spatial Relation Aggregator The Spatial Relation Ag-
gregator, ψ(l)

spat, models intra-sample spatial dependencies
within visual features v(l−1). First, it partitions the features
of each sample into a fixed number of chunks, P , creating
localized spatial patches represented as C(l) ∈ RB×P×d.
Next, a multi-head Graph Attention Network (GAT) oper-
ates on these chunks, constructing an implicit affinity graph
based on cosine similarity and updating the chunk represen-
tations to C′(l) via edge-aware propagation. Finally, to en-
sure dimensional consistency, the updated features are re-
shaped and projected back to the original feature dimension,
yielding the output v(l) = Proj(Reshape(C′(l))) ∈ RB×d.
This mechanism embeds non-local spatial relationships, en-
hancing the model’s topological context awareness.

Bidirectional Attention Fusion The Bidirectional Atten-
tion Fusion mechanism, ψ(l)

attn, jointly refines the unimodal
features u(l) and v(l). The process begins with a bidirec-
tional cross-attention operation, computing attention out-
puts like a

(l)
uv = Attn(Q

(l)
u ,K

(l)
v ,V

(l)
v ). The query, key,

and value matrices are derived from linear projections of
the input features (e.g., Q(l)

u = u(l)Wu
Q). To enhance sta-

bility, these attention outputs are integrated with the orig-
inal features using residual connections followed by layer
normalization, yielding intermediate representations ũ(l) =

LayerNorm(u(l) + a
(l)
uv) and a corresponding ṽ(l). Finally,

these are fed into modality-specific MLPs to produce the
layer’s final outputs, u

(l)
out = MLPu(ũ

(l)) and v
(l)
out =

MLPv(ṽ
(l)).

Unified Representation Generator First, the final layer
features from the dual streams, u(L) and v(L), are concate-
nated into a joint vector z = Concat(u(L),v(L)). This vec-
tor is then mapped to a unified representation p ∈ RB×d by
an MLP-based projection head. To pre-train the feature ex-
tractor, we employ a dual-objective strategy. For each sub-
ject i, we sample two distinct, augmented temporal seg-
ments following (Abbaspourazad et al. 2024) and process
them through our model fHSTF to obtain their embed-
dings, p1 and p2. The first objective is a contrastive loss,
LCL = − log exp(sim(p1,p2)/τ)∑N

j=1 exp(sim(p1,p
−
j )/τ)

, which enforces se-

mantic consistency. Here, sim(·, ·) is the cosine similarity,
τ is a temperature parameter, and p−

j denotes a negative
sample. The second objective, a bidirectional jump predic-
tion loss LBJP = ∥ϕ(p1)− xsig

i,2∥22 + ∥ϕ(p2)− xsig
i,1∥22, pre-

serves temporal dynamics. This task requires a decoder ϕ to
reconstruct a non-consecutive signal segment from an em-

bedding, encouraging the representation to capture slowly-
varying attributes and preventing the model from learning
trivial, identity-based shortcuts.

Generative Pre-training of PPGPT
We introduce Next Feature Token Prediction (NFTP), a
generative pre-training method that adapts autoregressive
principles from language modeling to continuous biosignal
representations. The Hierarchical Spatio-Temporal Fusion
(HSTF) encoder transforms an input signal x into a sequence
of multi-level feature tokens, Z = {z(1), . . . , z(L)}. Each
token z(l) represents the signal at the l-th layer of semantic
abstraction.

The core objective of NFTP is to predict the next fea-
ture token z(l+1) given the sequence of all preceding tokens,
{z(1), . . . , z(l)}. To achieve this, we employ a decoder-only
Transformer, Dθ, which models the conditional probability
of the next token. This decoder, based on the DeepSeekMoE
architecture (Dai et al. 2024), is trained by minimizing the
L2 reconstruction error across all layers:

LNFTP(θ) =
L−1∑
l=1

Ex∼X

∥∥∥Dθ(z
(1:l))− z(l+1)

∥∥∥2
2

where z(1:l) denotes the concatenation of the first l feature
tokens.

Unlike conventional autoregressive models that predict
future time steps, NFTP operates along the axis of seman-
tic depth. It learns to predict a more abstract feature repre-
sentation from a less abstract one. This process effectively
teaches the model the transition dynamics between layers of
abstraction, creating a powerful inductive bias for modeling
how semantic features evolve. This learned dynamic repre-
sentation is highly transferable, enhancing performance on
downstream tasks. A theoretical analysis of NFTP’s proper-
ties is provided in Appendix D.

Downstream Task Adaptation via Head Training
For downstream tasks, we adopt an efficient adaptation strat-
egy: we freeze the pretrained HSTF encoder and train only
a lightweight, task-specific head (Pillai et al. 2025; Ab-
baspourazad et al. 2024; Saha et al. 2025). This head oper-
ates on the hierarchical feature tokens Z = {z(1), . . . , z(L)}
generated by the encoder.

To create a single, powerful representation, we first
aggregate these tokens using a weighted sum: zagg =∑L

l=1 αlz
(l), where the weights αl are learnable parameters

constrained such that
∑
αl = 1 and αl ≥ 0. This aggregated

feature vector, zagg, serves as the input to the task head.
Our primary task-specific head, Hτ , is a Multi-Layer Per-

ceptron (MLP), which takes the aggregated feature vec-
tor zagg as input to produce the final prediction ŷτ =
MLPτ (zagg). In our analysis, we also explore simpler,
non-parametric heads such as k-Nearest Neighbors (KNN)
and Random Forests (RF) to benchmark the quality of the
learned representations.
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Metric Weight (kg) Height (m) Age (years) BMI (kg/m2) HR (bp/m) SBP (mm Hg) DBP (mm Hg) BG (mmol/L)

Mean 66.02 1.71 48.9 22.38 80 119.50 72.39 6.4
Minimum 45 1.55 21 16.84 55 82 34 4.2
Maximum 98 1.87 96 36.73 116 164 105 16.3
Standard Deviation 12.93 0.09 25.5 3.29 13 17.99 10.63 2.1

BMI: Body mass index, SBP: Systolic blood pressure, DBP: Diastolic blood pressure, BG: Blood glucose.

Table 1: Demographic and physiological statistics of the BioMTL dataset.

(b) Few-sample Performance(a) Task-wise Radar Plot

Figure 3: Multi-Task Evaluation Results

Experiments
Experimental Setup
Datasets We evaluate PPGPT on BioMTL, a novel photo-
plethysmography (PPG)-centric, multi-task learning bench-
mark for physiological signals. To foster reproducible re-
search, we have made this dataset and code publicly avail-
able. BioMTL contains 1,808 high-quality samples from
172 subjects, aged 21 to 96, collected over 285 days. The
data were gathered under an open-environment protocol,
capturing natural signal variations and physiological drift.
Each sample consists of a PPG signal synchronized with
annotations for seven physiological tasks. These include
four continuous parameters (cuffless blood pressure, finger-
tip blood glucose, heart rate, and BMI) and three binary
states (mental stress, hypertension (HTN), and type-2 di-
abetes (T2DM)). As detailed in Appendix E, standardized
acquisition procedures and rigorous quality assessments
ensure inter-sample consistency. Tab. 1 summarizes the
demographic and physiological statistics, highlighting the
dataset’s diversity (e.g., BMI: 16.84—36.73 kg/m2; blood
glucose: 4.2—16.3 mmol/L). A comprehensive benchmark
evaluation is provided in Appendix O.

Baselines and Metrics We evaluate PPGPT against sev-
eral baseline models, including general-purpose frameworks
like PaPaGei (Pillai et al. 2025), task-specific architectures
such as ∆BP-Net (Wang et al. 2024), and self-supervised
learning (SSL) strategies like SimCLR (Chen et al. 2020). To
ensure fair comparisons, these SSL methods were adapted to

our backbone architecture, with full details in Appendix F.
We assess performance using MAE, RMSE, and R2 for re-
gression tasks (e.g., SBP, DBP, BG) and the F1-score and
Accuracy for classification tasks (e.g., mental stress, HTN).
The quality of the pre-trained representations is measured
with RankMe (Garrido et al. 2023) and α-ReQ (Agrawal
et al. 2022), as detailed in Appendix G.

Implementation Details The HSTF encoder is first pre-
trained for 50 epochs on Dhq using the LCL loss with a tem-
perature of 0.07, alongside the LBJP loss. Next, the model
undergoes 100 epochs of NFTP pre-training on Draw with a
12-layer Transformer, as detailed in Appendix H. The pro-
cess concludes with 50 epochs of head-only fine-tuning.

Main Results
Multi-Task Performance We benchmarked PPGPT
against eight state-of-the-art baselines on the BioMTL
benchmark, which covers seven physiological tasks. These
include regression for blood pressure, glucose, heart rate,
and BMI, as well as classification for mental stress, hy-
pertension, and type-2 diabetes. The baselines consist of
AHMS-FM (Abbaspourazad et al. 2024), SimCLR (Chen
et al. 2020), BYOL (Grill et al. 2020), SiamQuality (Ding
et al. 2024), GPT-PPG (Chen et al. 2024c), PaPaGei (Pillai
et al. 2025), Normwear (Luo et al. 2024), and MAE (He
et al. 2022). As summarized in Tab. 2, PPGPT achieves
an average F1-score gain of 16.5% and an MAE reduction
of 25.9% across all baseline models. The performance gap
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Pretraining Method Regression (AVG) Classification (AVG) Pretraining

MAE ↓ R2 ↑ F1 ↑ Accuracy ↑ RankMe ↑ α-ReQ ↓
AHMS-FM 5.2683 (-23.8%) 0.4089 (+49.1%) 0.7133 (+14.9%) 0.7856 (+9.9%) 80.6230 (+55.2%) 3.2040 (-29.6%)
SimCLR (our variation) 5.5087 (-27.2%) 0.3571 (+70.7%) 0.7080 (+15.7%) 0.7810 (+10.6%) 28.8100 (+334.3%) 3.0102 (-25.0%)
BYOL (our variation) 5.5186 (-27.3%) 0.3602 (+69.3%) 0.6965 (+17.6%) 0.7696 (+12.2%) 16.2717 (+668.9%) 2.6880 (-16.0%)
SiamQuality 5.4810 (-26.8%) 0.3590 (+69.9%) 0.6826 (+20.0%) 0.7605 (+13.6%) 51.7325 (+141.8%) 2.8255 (-20.1%)
GPT-PPG 5.3744 (-25.3%) 0.3759 (+62.2%) 0.7092 (+15.5%) 0.7828 (+10.3%) 74.5020 (+67.9%) 2.7738 (-18.6%)
MAE (our variation) 5.3867 (-25.5%) 0.3935 (+55.0%) 0.7120 (+15.1%) 0.7815 (+10.5%) 87.7653 (+42.5%) 2.9064 (-22.3%)
NFTP (ours) 4.0123 0.6098 0.8193 0.8636 125.1079 2.2568

Table 2: Summary of the results for regression, classification, and pretraining.

Model Variant α-ReQ↓ RankMe↑
w/o BAF 3.202 62.568
w/o TC 2.940 47.400
w/o SRA 3.277 41.758
Spatial-Only 3.070 33.553
Temporal-Only 2.932 11.513
Full HSTF 2.560 75.428

Table 3: Ablation study of HSTF components. We evalu-
ate the impact of the Temporal Contextualizer (TC), Spatial
Relation Aggregator (SRA), and Bilinear Attention Fusion
(BAF) modules on overall performance.

Pre-training Classification
(AVG F1↑)

Regression
(AVG MAE↓)

(LCL + LBJP)-Only 0.56 7.82
LNFTP 0.81 4.01

Table 4: Results of the ablation study on our pre-training
method.

remains substantial even against the strongest competitor,
AHMS-FM, where PPGPT achieves a 23.8% lower MAE
and a 14.9% higher F1-score. The task-specific radar plots
in Fig. 3(a) further highlight these gains, particularly in
blood pressure estimation, with an R2 improvement from
0.46 to 0.62, and in mental stress classification, with an
F1-score increase from 0.67 to 0.79. This demonstrates
PPGPT’s balanced and robust performance across diverse
physiological tasks and underscores its ability to bridge the
generative–discriminative semantic gap. Extended analyses
are available in Appendix M.

Pretraining Effectiveness To evaluate the quality of the
learned representations, we use the RankMe and α-ReQ
pre-training metrics, with the results summarized in Tab. 3.
PPGPT achieves a RankMe score of 125.1079 and an α-ReQ
of 2.2568. This marks a 42.5% improvement in RankMe
over the top-performing baseline, MAE, and a 16.0% re-
duction in α-ReQ compared to GPT-PPG. These findings
suggest that our proposed Next-Feature Token Prediction
(NFTP) paradigm produces more expressive and compact
representations than alternative strategies based on con-
trastive learning, such as AHMS-FM and SimCLR, or recon-

struction, like MAE and GPT-PPG. Furthermore, the hierar-
chical feature token modeling in NFTP enhances the align-
ment between the proxy task and downstream objectives.
This strong alignment is evidenced by a high linear corre-
lation between pre-training quality and downstream perfor-
mance, yielding a Pearson’s r of 0.89 between the RankMe
and F1-scores. A complete analysis of the pre-training eval-
uation is detailed in Appendix I.

Few-Sample Learning To evaluate robustness in data-
scarce scenarios, we fine-tune the model on BioMTL sub-
sets ranging from 40% down to 5%. We assess generaliza-
tion performance using the average F1-score across classi-
fication tasks and the Mean Absolute Error (MAE) across
regression tasks. As illustrated in Fig. 3(b), PPGPT consis-
tently outperforms the majority of baselines across all data
scales. This robust performance is attributable to its seman-
tically aligned NFTP pre-training and effective cross-modal
feature fusion. These findings confirm PPGPT’s effective-
ness in few-sample settings, highlighting its suitability for
real-world applications with limited labeled data.

Ablation Studies
Architectural Components As detailed in Tab. 3, the
complete HSTF model achieves the best performance,
recording an α-ReQ of 2.560 and a RankMe score of 75.428.
Removing the BAF module causes the most significant per-
formance degradation, increasing the α-ReQ to 3.202 and
reducing the RankMe score to 62.568. This result under-
scores the module’s critical role in integrating temporal and
spatial features. Similarly, excluding either the TC or SRA
module substantially impairs representation quality, caus-
ing RankMe scores to drop to 47.400 and 41.758, respec-
tively. Furthermore, the single-stream variants, namely the
TC-only and SRA-only models, perform poorly and yield
RankMe scores of just 11.513 and 33.553. These find-
ings confirm that all components are integral and collec-
tively demonstrate the synergistic advantage of our dual-
stream design for learning expressive representations. Cru-
cially, optimal performance is achieved only when HSTF
pre-trained representations are subsequently refined by the
PPGPT phase, a finding that validates the NFTP methodol-
ogy. Furthermore, the HSTF encoder’s architectural modu-
larity ensures extensibility, permitting its replacement with
alternative architectures.

Table 4 shows that the performance gain primarily comes
from the NFTP-based feature transfer, not from the struc-
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(a) Classification F1 Score vs. Data Scale (b) Regression R! vs. Data Scale

Figure 4: Performance of PPGPT trained on varying fractions (5%–100%) of the 1.6B-point dataset, showing decreasing R2

and F1-score with smaller data scales, and diminishing returns beyond 80%.

(a) R! Differences (Regression) (b) Accuracy Differences (Classification)

Figure 5: Violin plots showing absolute performance differences across demographic splits for six models: NFTP (ours) and
five baselines (GenSpectro, AHMS-FM, GPT-PPG, SiamQuality, PaPaGei). Comparisons are made across three subgroup pairs:
adult vs. elderly (AvE–EvA), female vs. male (FvM–MvF), and normal vs. abnormal BMI (NvA–AvN). (a) R2 differences for
regression tasks (BG, DBP, SBP); (b) Accuracy differences for classification tasks (HTN, Stress, T2DM).

tured proxy tasks, confirming NFTP’s ability to learn
broadly transferable representations.

Impact of Pretraining Data Scale As shown in Fig. 4,
representation quality scales positively with the pretrain-
ing data volume. PPGPT exhibits notable data efficiency
by maintaining robust performance even when trained on
a moderate 50% data subset, confirming its viability for
resource-constrained settings. Further details are provided
in Appendix N.

Qualitative Analysis of Demographic Robustness
The qualitative analysis in Fig. 5 confirms the demographic
robustness of NFTP-based models. They consistently main-
tain low prediction error variance across subgroups, a stark
contrast to the significant instability observed in baseline
models. This superior robustness underscores NFTP’s gen-
eralizability for physiological modeling in heterogeneous
real-world populations.

Related Work
Monitoring physiological parameters such as blood pres-
sure and stress from wearable signals like PPG is a criti-
cal task, yet models often fail to generalize across diverse
individuals and conditions (Zhang et al. 2024b; Chen et al.

2025). Traditional approaches depend on handcrafted fea-
tures or task-specific architectures, which limits their scala-
bility and adaptability (El-Dahshan et al. 2024; Chen et al.
2024a). While modern self-supervised learning (SSL) meth-
ods improve robustness (Ding et al. 2024; Chen et al. 2024c;
Zhang et al. 2024b), they suffer from a fundamental mis-
alignment: their proxy tasks, like masked reconstruction or
segment contrast, are disconnected from the physiological
semantics needed for downstream applications (Hou et al.
2025; Tian et al. 2025). In contrast, our NFTP paradigm
directly bridges this gap by aligning the pretraining objec-
tive with these semantics, creating a unified and effective
model for diverse physiological monitoring tasks. (More re-
lated work is included in Appendix A)

Conclusion
We introduce PPGPT, a foundation model that utilizes Next-
Feature Token Prediction (NFTP) to unify physiological rep-
resentations. Pretrained on a 1.6-billion-point corpus via a
dual-stream HSTF encoder, PPGPT achieves a 25.9% MAE
reduction and 16.5% F1-score improvement on the BioMTL
benchmark. The model demonstrates robust generalization
in few-shot and diverse demographic scenarios. Further-
more, we release the BioMTL benchmark to facilitate scal-
able research in multi-modal health applications.
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