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Abstract
Despite the remarkable success of semantic token learning in
NLP and vision domains, token-level representation mecha-
nisms face fundamental challenges when extended to contin-
uous time series analysis. We identify a core limitation lies
in the intrinsic absence of semantically meaningful tokeniza-
tion boundaries within time-series, which differs substantially
from discrete text tokens and presents unique complexities
compared to spatially coherent image patches. While exist-
ing works mechanically apply fixed-length partitioning, re-
cent evidence from time series foundation models reveals per-
formance ceilings in prediction tasks under such paradigms.
This paper introduces a novel tokenization framework known
as physics-aware tokenization (PATK), designed to imple-
ment adaptive time-frequency tokenization via distribution-
sensitive sampling strategies. Key innovations include: 1) A
Rate-of-Variation (RoV) distribution is meticulously struc-
tured to encompass multi-scale temporal dynamics in the time
domain, alongside a Spectral Energy Intensity (SEI) distri-
bution devised to reveal global seasonal patterns within the
frequency domain; 2) A physics-aware hidden Markov mod-
eling (PA-HMM) is then established to adaptively breaks
down continuous time-series into distinct tokens with elas-
tic lengths, responding to physics-aware probabilities sam-
pled from RoV and SEI distributions. The proposed PATK
allows steady integration with both conventional Transform-
ers and advanced large-scale time series models (including
LLM-transferred methods and pretrained time series foun-
dation models). Simulations across various datasets demon-
strate that PATK excels in classification and forecasting tasks,
showing notable adaptability to model long-term dependen-
cies, strengthening resilience against disturbances, and ro-
bustness to missing data events.

Code — https://github.com/XYLGroup/PATK

Introduction
Time series analysis is widely applied in fields such as finan-
cial analysis (Hamilton 2020; Sezer, Gudelek, and Ozbayo-
glu 2020; Wu et al. 2021), anomaly detection (Xu et al.

*Huaizhang Liao and Zhixiong Yang are contributed equally to
this work.

†Jingyuan Xia is the corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

2021; Li and Jung 2023), and climate monitoring (Dimri,
Ahmad, and Sharif 2020; Afrifa-Yamoah et al. 2020). The
recent emergence of Transformer-based architectures (Zeng
et al. 2023; Tang and Matteson 2021; Nie et al. 2022) and
large foundation models (Zhou et al. 2023; Liu et al. 2025;
Jin et al. 2023) has catalyzed a paradigm shift in time se-
ries processing, driving unprecedented interest in semantic-
aware representation learning for time series. However, de-
spite the remarkable success of semantic tokenization mech-
anisms in NLP (e.g., BERT’s subword tokenization (Yang
et al. 2020; Lan et al. 2019; Devlin et al. 2018; Liu et al.
1907)) and computer vision (e.g., ViT’s patch embedding
(Jiang, Benge, and King 2022; Li et al. 2019; Arnab et al.
2021; Han et al. 2022)), their direct extension to continu-
ous time-series has revealed fundamental limitations. As ev-
idenced by (Tan et al. 2024) findings, even state-of-the-art
time series foundation models achieve merely marginal per-
formance gains compared to conventional deep learning ap-
proaches in forecasting tasks. This limitation largely stems
from a fundamental representational mismatch: unlike the
discrete tokens with inherent semantic boundaries that un-
derpin the success of LLMs (Yang et al. 2020; Lan et al.
2019; Devlin et al. 2018; Liu et al. 1907), continuous time-
series data lacks explicit, naturally occurring segmentation
points. The intrinsic semantic discontinuity of raw time se-
ries hinders the direct application of tokenization strategies
successful for time series.

The core challenge in adapting large models to time se-
ries stems from a fundamental representational gap: contin-
uous, physically-grounded temporal evolution lacks the ex-
plicit, discrete semantic units inherent to language. Contem-
porary approaches to bridge this gap predominantly adopt
three strategies: 1) mechanical partitioning through fixed
lengths (Nie et al. 2022), 2) hybrid feature engineering com-
bining multiscale temporal patches and frequency compo-
nents (Eldele et al. 2024; Bian et al. 2024), and 3) image
transformation paradigms that convert time series into 2D
representations (Chen et al. 2024; Li, Li, and Yan 2023). Al-
though methods such as NHiTs (Challu et al. 2023) illustrate
that multi-rate signal sampling can effectively capture in-
tricate frequency patterns, and vision-based approaches like
VisionTS (Chen et al. 2024) demonstrate the transferability
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of image patching techniques to time series, these remain
constrained by segmentation or representation schemes not
inherently rooted in the physical dynamics of the data. Cru-
cially, time series fundamentally lack the codebook-based
semantic abstraction that underpins successful tokenization
in language (vocabularies). A critical shortcoming across
these approaches is their tendency to overlook intrinsic
physical awareness, such as localized volatility, global sea-
sonality, and event signatures, that governs time-series evo-
lution. Rigid segmentation or artificial transformation often
fails to adapt to the intrinsic spatio-temporal structures of
the data due to the absence of physics-informed sampling
mechanisms. This persistent limitation underscores the crit-
ical need for a novel physics-aware tokenization strategy
explicitly designed for the unique properties of time series
data.

We introduce the Physics-Aware ToKenization (PATK)
framework to bridge this gap, pioneering two fundamen-
tal innovations: physical distribution-guided semantic ex-
traction and sampling-based elastic tokenization. Initially,
PATK introduces a paradigm shift by leveraging the in-
trinsic physical dynamics to define semantically mean-
ingful token boundaries, specifically, local volatility (gov-
erned by gradient dynamics) and prominent periodic pat-
terns (revealed by spectral energy concentrations). Here,
the Temporal Rate-of-Variation (RoV) distribution charac-
terizes multi-scale volatility through an examination of lo-
cal gradient dynamics, whereas the Spectral Energy Inten-
sity (SEI) distribution isolates key seasonal elements us-
ing frequency-domain energy assessments. These two dis-
tributions serve as physics-informed anchors, where RoV
intensities dictate token granularity in volatile regions and
SEI concentrations prioritize periodic patterns. Second, a
Physics-Aware Hidden Markov Model (PA-HMM) imple-
ments elastic tokenization through two neural-parameterized
mechanisms: lightweight networks dynamically adjust token
lengths based on RoV thresholds, while network-based sam-
plers recalibrate segment initial points priorities by learn-
ing SEI energy intensities. By jointly optimizing the elastic-
length networks (controlling token resolutions) and priority-
weight networks (guiding initial points selection), PATK
achieves physics-aware adaptation. This dynamic mecha-
nism enables cross-domain generalization, automatically re-
configuring tokenization strategies for medical signals, in-
dustrial sensors, and traffic flows. Our main contributions
are fourfold:

• We introduce the first tokenization framework for time
series explicitly grounded in the physics of signal evo-
lution (volatility and periodicity). It achieves elastic,
meaningful, and adaptive tokenization by establishing
physics-anchored partition boundaries that dynamically
align with signal volatility and spectral seasonality.

• We establish dual-domain distribution models: the RoV
quantifies multi-scale volatility via local gradient dynam-
ics, while the SEI profiles frequency-domain energy con-
centrations to capture periodicity. These models jointly
enable semantically meaningful tokenization by physics-
anchored probabilities for adaptive discretization.

• We introduce a PA-HMM that consolidates RoV and
SEI parameters using learnable stochastic processes,
achieved through dual neural strategies concerning token
lengths and initialization points. This amalgamation fa-
cilitates adaptive tokenization by progressively engaging
with time-frequency across features and downstream ob-
jective semantics.

• PATK demonstrates universal compatibility with Trans-
former architectures and large-scale time series mod-
els (including LLM-transferred methods and pretrained
time series foundation models), achieving superior per-
formance across 15+ benchmarks in classification and
forecasting tasks while showing robustness to noise in-
jection, missing data, and long-term dependencies.

Related Work
Pre-trained Time Series Models
Existing approaches to pre-trained time series models can be
categorized into three paradigms: end-to-end deep architec-
tures, time-frequency hybrid methods, and series tokeniza-
tion strategies. We critically analyze their limitations.
End-to-End Deep Architectures. Traditional models (1D-
CNNs(Rizvi 2022; Tang et al. 2020)/RNNs(Hewamalage,
Bergmeir, and Bandara 2021; Ma, Li, and Cottrell
2020)/Transformers(Zeng et al. 2023; Tang and Matteson
2021)) process raw time series via sequential/convolutions
but lack semantic awareness. Autoformer (Wu et al. 2021)
improves this modeling through fixed-scale autocorrelation
yet fails to capture multi-scale dynamics, reflecting broader
limitations in bridging time series with physical semantics.
Time-Frequency Methods. Existing methods (Woo et al.
2022; Zhou et al. 2022; Wang et al. 2024) fuse time-
frequency features for signal enhancement but face criti-
cal limitations: NHiTs (Challu et al. 2023) employs multi-
rate signal decomposition with static temporal windows in-
sensitive to transients/seasonality, while TimeDiT’s (Cao
et al. 2024) spectral energy profiling remains decoupled
from tokenization boundaries—passively informing features
rather than dynamically guiding segmentation. These ap-
proaches underscore the necessity for physics-aware tok-
enization where spectral energy intensity directly governs
adaptive token granularity.
Series Tokenization Strategies. Tokenization methods
adapted from NLP/vision domains impose fixed window-
ing on time series: PatchTST (Nie et al. 2022) and its
variants (Eldele et al. 2024; Bian et al. 2024) employ
non-overlapping segments that suppress transient detection;
Moirai-MoE (Liu et al. 2024) utilizes sparse expert mix-
tures with static patch resolution; TOTEM (Talukder, Yue,
and Gkioxari 2024) relies on predefined codebooks mis-
aligned with temporal dynamics. VisionTS (Chen et al.
2024) applies a time-series-to-image transformation, pro-
cessing converted 2D representations with vision mod-
els. While demonstrating transferability of image patching
techniques, this paradigm distorts temporal causality and
obscures localized physical patterns due to non-invertible
transformations. These limitations stem from rigid protocols
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inherited from discrete modalities, fundamentally conflict-
ing with time series’ continuous physics-driven evolution.

Tokenization in NLP and CV
Tokenization advancements (Devlin et al. 2018; Zhang et al.
2022; Cao et al. 2023) in NLP (BERT (Devlin et al. 2018;
Lan et al. 2019; Liu et al. 1907), GPT (Achiam et al.
2023; Liu et al. 2023), Llama (Touvron et al. 2023a,b))
and vision (ClusterMIM (Du, Wang, and Wang 2023))
have transitioned from static vocabulary-based segmentation
to dynamic semantic clustering, enabling feature learning
through self-supervised token amalgamation. This evolution
liberates frameworks from manual label constraints, balanc-
ing granularity with adaptability, inspiring physics-aware to-
kenization strategies for time series’ continuous dynamics.

Proposed Method
In this section, we demonstrate the overall architecture of
our PATK, which is shown in Figure 1. We introduce in
detail our physical prior distribution in the time-frequency
domain, present the construction of the PA-HMM simula-
tion, and describe the implementations of PATK on the trans-
former structures and large-scale time series models.

Dual-Domain Physical Prior Distribution
A statistical framework is first constructed to establish
physics-aware probability distributions to quantify tempo-
ral volatility and spectral seasonality in time and frequency
domains, respectively. Let X = [x1, . . . ,xL] represent the
input time series, the Rate of Variation (RoV) and Spectral
Energy Index (SEI) distributions are briefly introduced with
workflow as follows.
Rate-of-Variation Distribution. The Rate-of-Variation
(RoV) distribution probabilistically characterizes localized
temporal dynamics by modeling the instantaneous variation
rate of time series through differential operators. Formally,
given a time-series X ∼ P sampled from the unknown dis-
tribution P , we define the RoV distribution PR(X∆|X) as

PR(X∆|X) = R( lim
∆t→0

xl+∆t − xl

∆t
, l), (1)

where R denotes the distribution with the parameters of
variation and the timestamp l, X∆ = [∆x1, ...,∆xL] de-
notes the RoV intensity vector aligned with X’s time-
dimension, and ∆xl is the rate of variation at tth timestamp.
This establishes a probabilistic mapping of temporal volatil-
ity. The resulting distribution provides region-aware varia-
tional weights for adaptive tokenization, where segments are
discretized proportionally to their local RoV intensities.
Spectral Energy Intensity Distribution. The Spectral
Energy Intensity (SEI) distribution characterizes global
seasonal patterns, revealing dominant periodic behaviors
through energy proportion analysis in the frequency do-
main. Let F (ω) denote the frequency series obtained via
the Fourier transform. Then, based on the Parseval theorem
(Kelkar, Grigsby, and Langsner 2007), the SEI distribution
PS(F (ω)|X) can be further defined as

PS(F (ω)|X) = S(∥F (ωk)∥22, k), (2)

where F (ωk) is the k−th frequency component, and ∥ · ∥
is the modulo operation, and S is the distribution with the
parameter of the energy intensity and the index of frequency
component k. The SEI distribution offers frequency-aware
seasonal weights to guide adaptive tokenization, dynami-
cally prioritizing tokens aligned with spectral energy con-
centrations that encapsulate global periodic patterns.

The established RoV and SEI distributions serve as
physics-grounded anchors that explicitly encode multi-scale
temporal volatility and spectral seasonality patterns. These
dual-domain priors first provide explicit physical domain
priors for the subsequent sampling-based tokenization pro-
cess. More descriptions are given in the Supplementary A.1.

The Physics-Aware Sampling
Building upon the foundational statistical distributions, we
propose a physics-aware adaptive sampling mechanism that
synergistically integrates time-frequency domain character-
istics with tokenization operators, which adaptively learns to
select elastic tokens concerning their ability to reveal volatil-
ity and seasonality while maintaining semantic-constrained
sampling prioritization governed by the downstream task
objectives. This process is constructed through a hidden
Markov modeling, named PA-HMM, which is composed
of physics-aware initialization sampling, length adaptation
and token significance re-weighting. The details are demon-
strated as below.
Physics-aware Initialization Sampling. Based on the mod-
eled RoV and SEI distribution in the time and the frequency
domains, the PA-HMM first randomly sample the initializa-
tion point with a moderate length from the time-series. Let
t = 1, · · · , T represent the training iteration with maximum
number T , c = 1, · · · , C represent the sampling index with
maximum sampling times C, and I = {R, S} be the set of
subscripts to simplify the descriptions, the sampling process
is defined as follows:

p(zt,c
d |θt,cd ) ∝ Pd, d ∈ I, (3)

where zt,c
d = [x

θt,c
d

d , ...,x
θt,c

d +h

d ] is the sampled segments
with fixed length h at cth sampling process, the initial posi-
tion θt,cd is sampled from the corresponding physical distri-
bution Pd, and p(zt,c

d |θt,cd ) indicates the sampled slices zt,c
d

are determined by the initial position θt,cd . Here we note that
the probability of sampling the initialization θt,cd is directly
determined by the corresponding probabilities of t-th index
on the distributions PR and PS. Here we note that the initial-
ization probability satisfies:

p(θt,cd ) ∝
l+h∑
i=l

(∆xi)2︸ ︷︷ ︸
temporal volatility

·
∫ ωk+ϵ

ωk−ϵ

|F (ω)|2dω︸ ︷︷ ︸
spectral energy

, (4)

where p(θt,cd ) is the sampling probability, ∆xi = (xi+∆t −
xi)/∆t, ϵ is the bandwidth radius with the center frequency
ωk. This mechanism essentially implements the empirical
principle that both sharp temporal fluctuations and spectrally
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Figure 1: The overall framework of PATK.

prominent components inherently encompass richer seman-
tic content, ensuring physically-grounded semantic fidelity
in time-series tokenization processes.
Length Adaptation Re-weighting. The discretely sampled
segments zt,c

d undergo elastic length reweighting through a
learnable length adaptation operator Hd(·;θt

Hd
) denoted by

p(zt,c
H,d|z

t,c
d ,θt

Hd
) ∝ zt,c

H,d = E(ht,c
d , zt,c

d ), d ∈ I, (5)

where zt,c
H,d = [x

θt,c
d

d , ...,x
θt,c

d +ht,c
d

d ] is the resampled seg-
ment with re-weighted length ht,c

d = hHd(z
t,c
d ;θt

Hd
), E is

the resample operator with linear interpolation. The parame-
terized posterior distribution p(zt,c

H,d|z
t,c
d ,θt

Hd
) explicitly en-

codes the dependency between resampling operations and
network parameters θt

Hd
, which are ultimately optimized

through downstream losses. Specifically, the physics-aware
loss will serve as the critical regularizer, enforcing two es-
sential consistency conditions: i) temporal saliency preser-
vation by penalizing least local volatility intensity, and ii)
spectral fidelity maintenance by preserving dominant fre-
quency energy.
Token Significance Re-weighting. Then, a secondary
weighting operating on the physics-prioritized tokens zt,c

H,d
from the length adaptation stage is employed via a learnable
semantic saliency evaluator Gd(·;θt

Gd
) as follows

p(z̃t,c
d |zt,c

H,d,θ
t
Gd
) ∝ z̃t,c

d = Gd(z
t,c
H,d;θ

t
Gd
)zt,c

H,d, d ∈ I, (6)

where z̃t,c
d denotes the re-weighted token at the c-th sam-

pling index. The parameters θt
Gd

are discriminatively trained

to amplify tokens whose feature representations maximally
reduce the downstream task loss referring to a contrastive
learning loss which will be illustrated soon.

Hidden Markov Modeling
The above three operators with respect to temporal volatil-
ity patterns, spectral dominance characteristics, and task-
specific semantics, are dynamically coupled by a hidden
Markov framework. Within the PA-HMM framework, the
hidden state variables Θt

d = {{θt,cd }Cc=1,θ
t
Hd

,θt
Gd
} aggre-

gate the physics-aware initialization, length adaptation pa-
rameters, and semantic weighting parameters as defined in
Eq. 3 to 6, while the corresponding observed states Z̃t

d =

[z̃t,1
d , ..., z̃t,C

d ], d ∈ I represent the optimized tokens gen-
erated through the coupled time-frequency-semantic opera-
tions. Thus, the probability of the emission process is for-
mulated as

p(Z̃t
d|Θt

d) = p(z̃t,c
d |zt,c

H,d,θ
t
Gd
)︸ ︷︷ ︸

token significance

p(zt,c
H,d|z

t,c
d ,θt

Hd
)︸ ︷︷ ︸

length adaption

p(zt,c
d |θt,cd )︸ ︷︷ ︸

PA sampling

, d ∈ I. (7)

The p(Z̃t
d|Θt

d) indicates that the output of PA-HMM is de-
termined by the hidden states within tokenization process.
Thus, the Markov Chain between the outputs Z̃t

d and Z̃t+1
d

can be further denoted as
p(Θt+1

d |Θt
d, Z̃

t
d) = p(Θt+1

d |Θt
d,Lt

total)p(Lt
total|Z̃t

d), d ∈ I,
(8)
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Scenarios Metrics LaST TST TS2Vec Ti-MAE PatchTST TSLANet ALLMT SimMTM VisionTS PATK
Acc 79.40 80.21 89.40 89.71 78.81 90.11 78.20 95.66 95.71 95.75

Epilepsy Pre 79.20 80.11 90.39 78.36 83.21 93.21 72.39 94.63 94.70 94.88
Re 72.34 80.00 90.21 67.45 80.00 80.21 90.21 91.43 90.66 91.39
F1 76.88 78.51 86.88 68.66 78.51 80.21 91.35 92.92 92.36 92.50

Acc 64.17 72.17 69.01 76.88 67.37 70.51 68.51 78.33 78.23 78.53

Gesture Pre 70.36 70.60 65.42 70.35 67.40 77.31 66.72 78.26 78.47 79.34
Re 66.17 69.17 68.54 76.75 69.17 80.21 68.54 78.33 78.46 78.53
F1 63.76 68.01 65.70 74.29 68.01 80.21 65.70 76.47 77.66 78.51

Acc 76.34 78.34 78.54 89.99 84.84 86.11 90.54 97.56 97.69 98.32

EMG Pre 76.37 77.11 80.40 80.65 76.41 76.41 89.60 93.33 94.26 95.33
Re 73.33 80.30 67.85 85.59 80.30 80.21 89.85 94.04 94.87 95.34
F1 72.75 68.89 67.66 86.83 68.89 80.21 89.66 95.14 93.47 96.34

Acc 64.17 72.17 69.01 76.80 53.17 54.21 54.81 78.33 76.38 79.53

ECG Pre 70.36 70.60 65.42 70.35 31.11 51.51 57.92 78.57 76.24 79.34
Re 66.17 69.17 68.54 76.75 69.17 80.21 68.54 78.33 76.29 78.53
F1 63.76 68.01 65.70 74.29 68.01 80.21 65.70 76.47 76.76 78.51

Acc 40.00 52.33 43.67 60.00 69.82 75.41 48.67 63.11 65.49 79.50

FD-A Pre 36.34 58.02 39.83 59.37 71.22 77.91 23.73 67.82 67.26 78.87
Re 35.59 56.82 38.94 60.72 56.82 80.21 38.94 61.30 60.66 81.40
F1 30.45 55.39 37.29 63.59 55.39 80.21 37.29 63.70 64.16 80.00

Acc 40.21 56.40 47.90 60.38 79.90 87.71 78.93 69.40 70.16 88.45

FD-B Pre 39.89 51.58 43.39 61.59 78.78 87.32 78.39 86.99 74.39 88.99
Re 34.55 54.50 48.42 63.02 78.50 86.21 78.42 76.41 75.83 88.13
F1 36.92 59.34 43.89 64.87 78.34 87.21 78.89 75.11 74.62 88.73

Table 1: The comparison results with different lengths.

where p(Θt+1
d |Θt

d,Lt
total) denotes the parameter update for

the networks, p(Lt
total|Z̃t

d) represents the loss Lt
total calcu-

lation based on the obtained tokens Z̃t
d. Consequently, the

PA-HMM will converge towards the desired distributions of
weights, which correlate with segments that exhibit superior
feature representation ability, pertaining to the semantic to-
kens in sequence.

By encoding these cross-domain interactions within latent
state transitions, this PA-HMM enables reciprocal modula-
tion between time-varying feature sampling and frequency-
selective token prioritization, while adaptively assimilating
downstream semantic objectives into emission probabilities.
This tripartite co-optimization mechanism inherently bal-
ances physical interpretability grounded in time-series vari-
ations with task-driven representational efficacy, creating an
emergent equilibrium where temporal-spectral saliency and
semantic relevance mutually reinforce through Markovian
state evolution.

Moreover, this PA-HMM can be seamlessly incorporated
to mainstream Transformers (Oh, Wang, and Wiens 2018;
Devlin et al. 2018) and large-scale time series models (Zhou
et al. 2023; Liu et al. 2025; Jin et al. 2023; Woo et al. 2024;
Shi et al. 2024), enhancing their capability to capture multi-
scale semantic patterns in time-series.

Pre-training Task of PATK
We introduce a token-based contrastive learning strategy de-
signed for our PA-HMM. In the tth training iteration within
a batch comprising B series, the tokens produced are input
into the feature extractor network F (·;θt

F ) with parameters
θt
F . This network may utilize either a transformer or other

established large-scale models. The process of feature ex-
traction is described as

rt,n = F (Z̃t
R, Z̃

t
S,Θ

t;θt
F ), n = 1, · · · , C ×B, (9)

where Θt = {Θt
R,Θ

t
S} and rt,n denotes the extracted fea-

tures. To simplify the description, let Dt
r = {rt,n}C×B

n=1 de-
note the set of projected embedded features, which are fed to
a contrastive learning phase. In particular, we generate posi-
tive and negative pairs at the token level, where tokens orig-
inating from the same series are identified as positives, and
those from different series are regarded as negatives. Then,
the token contrastive loss Lt

TCL can be formulated as

Lt
TCL = −

∑
rt,n∈Dt

r

1

C − 1∑
rt,i∈P+

r (rt,n)

log
exp(rt,n · rt,i/ρ)∑

rt,a∈Ar(rt,n)

exp(rt,n · rt,a/ρ)
, (10)

where rt,n is the kth anchor, and Ar(r
t,n) = Dt

r/{rt,n}
represents the subset of Dt

r excluding rt,n. rt,i are the pos-
itives. P+

r (rt,n) is the set of all positives. ρ is a scalar tem-
perature parameter, and · denotes the dot product.

Furthermore, the physics-aware loss Lt
PA is formulated as:

Lt
PA = −

C∑
c=1

θt,c
R +ht,c

R∑
i=θt,c

R

(∆zt,c
H,R)

2 ·
∫ θt,c

S +ht,c
S

θt,c
S

|Fzt,c
H,S
(ω)|2dω

 ,

(11)
where

∑θt,c
R +ht,c

R

i=θt,c
R

(∆zt,c
H,R)

2 is the high cumulative for token

zt,c
H,R, and the

∫ θt,c
S +ht,c

S

θt,c
S

|Fzt,c
H,S
(ω)|2dω is concentrated en-
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Dataset Len LaST TST TS2Vec Ti-MAE PatchTST TSLANet ALLMT SimMTM VisionTS PATK
96 0.3845 0.4011 0.4368 0.3997 0.3754 0.3804 0.3831 0.3725 0.3715 0.3792

ETTh1 192 0.3867 0.5312 0.4556 0.4542 0.4032 0.3962 0.3962 0.4149 0.3805 0.3861
336 0.4431 0.4744 0.6897 0.4977 0.4223 0.4193 0.4273 0.4296 0.4155 0.4133
720 0.4872 0.4718 0.4891 0.5151 0.4439 0.4634 0.4478 0.4468 0.4419 0.4402
96 0.3238 0.3386 0.6793 0.3236 0.2934 0.3021 0.3248 0.3227 0.3125 0.3297

ETTm1 192 0.3492 0.3945 0.6731 0.3705 0.3427 0.3342 0.3313 0.3326 0.3335 0.3331
336 0.3921 0.4017 0.7033 0.3977 0.3677 0.3671 0.3654 0.3941 0.3576 0.3501
720 0.4011 0.4346 0.7224 0.4426 0.4144 0.4041 0.4091 0.4111 0.4004 0.3983
96 0.4001 0.4011 0.4368 0.3997 0.3728 0.3742 0.3775 0.3735 0.3715 0.3730

ETTm2 192 0.3978 0.5312 0.4556 0.4542 0.3823 0.3892 0.3847 0.4149 0.3814 0.3761
336 0.4231 0.4744 0.6897 0.4977 0.4248 0.4244 0.4183 0.4293 0.4239 0.4183
720 0.4593 0.4718 0.4891 0.5151 0.4638 0.4631 0.4528 0.4468 0.4525 0.4402
96 0.2024 0.2921 0.4338 0.2167 0.1892 0.1708 0.1794 0.1715 0.1725 0.1692

Weather 192 0.2258 0.4104 0.5086 0.2542 0.2245 0.1992 0.2015 0.1991 0.1994 0.1981
336 0.2542 0.4347 0.5457 0.2907 0.2453 0.2483 0.2454 0.2463 0.2471 0.2443
720 0.3448 0.5392 0.5761 0.3381 0.3192 0.3203 0.3208 0.3182 0.3165 0.3142
96 0.2043 0.2926 0.3223 0.2796 0.1493 0.1472 0.1418 0.1337 0.1382 0.1346

Electricity 192 0.2746 0.2705 0.3431 0.2855 0.1674 0.1454 0.1498 0.1476 0.1461 0.1431
336 0.2894 0.3347 0.3623 0.3017 0.1832 0.1632 0.1679 0.1661 0.1673 0.1601
720 0.2942 0.3446 0.3884 0.3336 0.2143 0.2093 0.2093 0.2031 0.2045 0.1983
96 0.2926 0.3223 0.2802 0.3621 0.3451 0.3346 0.3337 0.2746 0.2725 0.2649

Traffic 192 0.2705 0.3431 0.2933 0.3678 0.2934 0.3523 0.3476 0.2831 0.2625 0.2418
336 0.3347 0.3623 0.3075 0.3971 0.3932 0.3842 0.3661 0.3001 0.2825 0.2761
720 0.3446 0.3884 0.3309 0.4392 0.4331 0.4042 0.4031 0.3283 0.3225 0.3057

Table 2: The forecasting results in MSE metrics.

ergy of token zt,c
H,S. The total loss is formulated as

Lt
total = Lt

TCL + λPALt
PA, (12)

where λPA is weight parameter to balance the concentrations
between physics-significance and task-specific significance.

Simulation and Analysis
Experimental Settings
Datasets. Fifteen time series datasets evaluate the PATK
framework for both classification and forecasting tasks.
Specifically, following the setting in (Dong et al. 2024), the
SleepEEG, Epilepsy, HAR, Gesture, ECG, EMG, FD-A, and
FD-B datasets are utilized for classification tasks. For the
forecasting tasks, the ETT 4 subsets, Weather, Electricity,
and Traffic datasets are applied for forecasting tasks.
Implementation Details. In PATK, PA-HMM uses a one-
layer FCN as the network Hd(·) and Gd(·). The physical
distributions R and S are uniform distribution. The tem-
perature scale ρ is 0.5, and the optimizer in the pre-training
process is applied with Adadelta (Zeiler 2012) with a learn-
ing rate γ = 8 × 10−3. The weight parameter λPA is set
to 1. For classification tasks, all methods follow standard
protocols (Dong et al. 2024; Li et al. 2023): pre-trained on
SleepEEG (178-length), then evaluated on Epilepsy (200),
HAR (206), Gesture (315), EMG/ECG (1,500), and FD-A/B
(5,120) under variable-length (1.5K-5K), noise (10-40dB),
and missing data (10-40%) conditions. Forecasting mod-
els use ETTh2 pre-training with multi-horizon fine-tuning
(96/192/336/720). Hyperparameters (sampling count C, to-
ken length h) are optimized in Supplementary A.4.7; we
adopt C = 30, h = 40 for all experiments.

Comparing Methods. We evaluated nine time series meth-
ods: LaST (Wang et al. 2022) (seasonal-trend decomposi-
tion via FNN), TS2Vec (Yue et al. 2022) (1D-CNN fea-
ture extractors), TST (Zerveas et al. 2021) and Ti-MAE
(Li et al. 2023) (transformer-based reconstruction), PatchT-
ST/TSLANet/ALLMT (Nie et al. 2022; Eldele et al. 2024;
Bian et al. 2024) (tokenization approaches), SimMTM
(Dong et al. 2024) (1D-CNN for classification tasks,
transformer-based structure for forecasting) and VisionTS
(signal-to-image) (Chen et al. 2024), along with three LLM-
transferred models (OFA (Zhou et al. 2023), CALF (Liu
et al. 2025), Time-LLM(Jin et al. 2023)) and two time series
foundation models Time-MoE (Shi et al. 2024) and Moirai
(Woo et al. 2024) to validate PATK’s effectiveness.
Experimental Designs. Our experiments comprise six in-
tegral components, designed to holistically assess perfor-
mance, robustness, and generalizability: (1) Performance
comparison with deep learning methods, (2) Performance
comparison with large-scale model methods, (3) Ablation
studies, (4) Semantic weight effectiveness verification, (5)
Computational complexity analysis, (6) Parameter sensitiv-
ity experiments. Due to page limitations, the main text fo-
cuses on high-impact results from the first three experi-
mental components (1-3), utilizing representative datasets
to highlight key advancements. The complete dataset results
(e.g., full metrics across 15+ benchmarks) and detailed out-
comes for the latter three experiments (4–6) are comprehen-
sively documented in the Supplementary A.4.

Classification Results of Deep-Learning Methods
We benchmark PATK’s robustness against SOTA models
under three challenging conditions: length variations, noise
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Methods OFA CALF Time-LLM Moirai Time-MoE
Ori Ours Ori Ours Ori Ours Ori Ours Ori Ours

Epilepsy 74.13 84.12 75.12 78.34 72.38 80.68 74.53 84.78 73.49 83.26
HAR 62.82 72.31 64.52 68.71 63.29 65.46 65.82 74.32 64.94 73.12

Gesture 48.65 50.21 50.11 52.21 49.28 51.11 50.23 54.83 49.92 53.28
EMG 70.74 86.25 73.12 85.33 72.34 74.56 74.33 85.65 73.37 84.63
ECG 68.45 71.34 65.58 69.34 69.28 70.34 70.43 74.86 69.58 72.86
FD-A 54.98 68.79 59.82 67.45 56.37 66.36 58.78 67.38 57.83 65.23
FD-B 41.43 47.38 42.35 45.38 42.35 44.68 44.45 49.68 43.58 48.92

Table 3: The results of large-scale models on classification tasks.

Methods OFA CALF Time-LLM Moirai Time-MoE
Ori Ours Ori Ours Ori Ours Ori Ours Ori Ours

ETTh1 0.4251 0.4147 0.4311 0.4231 0.4324 0.4275 0.4024 0.3945 0.4012 0.3972
ETTm1 0.3924 0.3837 0.3802 0.3711 0.3627 0.3561 0.4482 0.4345 0.3948 0.3855
ETTm2 0.3785 0.3681 0.3937 0.3831 0.3698 0.3608 0.3124 0.3064 0.3172 0.3028
Weather 0.2583 0.2431 0.2765 0.2684 0.2446 0.2384 0.2434 0.2365 0.2654 0.2558

Electricity 0.2634 0.2539 0.2804 0.2733 0.1646 0.1589 0.2354 0.2265 0.2478 0.2365
Traffic 0.2658 0.2593 0.2672 0.2584 0.4231 0.4170 0.2537 0.2441 0.2531 0.2475

Table 4: The results of large-scale models on classification tasks.

corruption, and missing data. The results of noise corruption
and missing data are given in Supplementary A.4.3-A.4.4.
Comparison results of varying lengths. The analysis of
time series across diverse lengths is indicated in Table 1.
For standard-length series (200, 206, 315), PATK matches
or exceeds SOTA methods in classification accuracy. As
the length of the test series extends to 1500, the bene-
fits of the PATK model become more pronounced. In in-
stances of exceedingly long series (5,120), while conven-
tional approaches experience a notable decline in efficacy
and typically fail in classification, the PATK model main-
tains satisfactory performance and exhibits significant ad-
vantages. These findings underscore the robustness of the
PATK framework to variations in series length, attributed to
its elastic length generalization capabilities.

Forecasting Results of Deep-Learning Methods
Table 2 validates PATK’s universal applicability in fore-
casting tasks. On standard-length sequences, PATK matches
SOTA methods. While the sequence length extends to long-
term lengths, our PATK method demonstrates a substantial
enhancement over the SimMTM approach, achieving im-
provements of 0.0163 on the ETTh1 through multi-scale to-
kenization, outperforming fixed-window approaches.

Results of Large-Scale Time Series Models
We validate PA-HMM’s generalizability by integrating
physics-aware tokens into three SOTA time series founda-
tion models (TSFMs). As shown in Table 3, PA-HMM-
enhanced variants achieve universal classification improve-
ments, notably accuracy gains on Epilepsy and EMG
datasets. Table 4 further demonstrates forecasting enhance-
ments: OFA reduces Electricity MSE by 0.95%, while
CALF and Time-LLM improve Traffic and Weather MSE
by 0.88% and 0.62% respectively, validating physics-driven
tokenization across temporal semantics.

Ablation Studies for PATK

Table 5 shows the results, including the physics-awareness
sampling (PA), length adaptation (LA) re-weighting, the to-
ken significance (TS) re-weighting, and physics-awareness
loss (PAL). Removing PA divides the input time series into
uniform segments, while removing LA and TS directly ap-
plies the feature learning across the original samples. It is
clear that the four parts are crucial for our performance.

Scenarios Epilepsy EMG FD-B
PA LA TS PAL Acc Acc Acc
- - - - 79.13 76.14 55.23
✓ - - - 85.35 80.38 60.03
✓ ✓ - - 91.27 93.35 79.32
✓ ✓ ✓ - 95.25 97.87 83.55
✓ ✓ ✓ ✓ 95.75 98.32 84.45

Table 5: The classification results for ablation studies.

Conclusion

This paper introduces PATK, a physics-aware tokenization
framework that bridges the semantic-physical gap via dual
physics priors: RoV encoding multi-scale temporal volatility
and SEI capturing global periodicity. The PA-HMM compo-
nent dynamically aligns token boundaries with intrinsic sig-
nal dynamics through neural-parameterized elastic segmen-
tation, enabling adaptive responses to localized volatility
and spectral shifts. Evaluated across 15+ benchmarks, PATK
demonstrates universal compatibility and superior perfor-
mance in both transformer and large-scale models on classi-
fication and forecasting tasks, resolving temporal represen-
tation decoupling through physics-grounded tokenization.
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