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Abstract

Prompt-based prediction pipelines suggest that
large language models (LLMs) perform poorly
on time-series classification, raising doubts
about whether they encode meaningful tem-
poral structure. We show that this conclusion
reflects limitations of prompt-based genera-
tion rather than the model’s representational
capacity by directly comparing prompt out-
puts with linear probes over the same inter-
nal representations while controlling for im-
portant confounding factors. While prompting
performs near chance, linear probes improve
average F1 from 0.15–0.26 to 0.61–0.67, of-
ten matching or exceeding specialized state-of-
the-art (SoTA) time-series models. Layer-wise
analyses further show that class-discriminative
time-series information emerges in early trans-
former layers and is amplified with multimodal
inputs and the presence of pretrained weights.
Together, these results demonstrate a system-
atic mismatch between what LLMs internally
represent and what prompt-based prediction
pipelines reveal, leading current prompt-based
prediction pipelines to underestimate the de-
gree to which these models function as useful
time-series feature extractors.1

1 Introduction

Time series analysis focuses on patterns in ordered
sequences of events and is central to domains such
as healthcare (Ayala Solares et al., 2020; Rajko-
mar et al., 2018; Choi et al., 2016), finance (Fama,
1970; Sirignano and Cont, 2019), and climate sci-
ence (Reichstein et al., 2019). Time series classifi-
cation plays a key role in these areas by assigning
each sequence of values to a label based on its
temporal structure and dynamics.

LLMs demonstrate broad generalization across
natural language tasks which has motivated efforts
to extend LLMs to non-linguistic data (Fons et al.,

1https://github.com/danschumac1/
PromptingUnderestimates
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2024; Mai et al., 2024). However, there has been
substantial disagreement about the usefulness of
language models for time series tasks.

Zeng et al. (2023) argue that transformers fail
to adequately preserve the ordering information in-
herent in time series data. They show that many re-
ported gains stem from the use of direct multi-step
forecasting paradigms and support this claim using
a simple one-layer linear model. Building on this
critique, Tan et al. (2024) focus specifically on lan-
guage models. They find that removing the LLM
component or replacing it with a simpler alterna-
tive either does not affect performance or actually
improves it. In parallel, Merrill et al. (2024) intro-
duce a benchmark designed to evaluate time series
reasoning across multiple subtasks. They find that
language models perform nearly randomly. De-
spite these criticisms, these works converge on the
view that further research is warranted: Zeng et al.
(2023) encourage continued investigation in non-
forecasting time series domains, Tan et al. (2024)
argue that LLMs may be more appropriate for mul-
timodal settings, and Merrill et al. (2024) empha-
size the need to develop language models that are
capable of robust temporal reasoning.

Other work highlights the potential of LLM-
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based approaches for time series. Jin et al. (2024b)
position the field as evolving from task-specific to
task-agnostic to domain-agnostic approaches and
argue that LLMs represent the next step toward
universal task solvers. Furthermore, they take the
position and that current limitations reflect the in-
fancy of LLMs rather than a fundamental inability.
Motivated by this view, a growing body of work
has explored LLMs for time series forecasting, clas-
sification, and analysis (Jin et al., 2024a; Gruver
et al., 2023; Morales-García et al., 2025; Zhou et al.,
2023). However, these methods all rely on major
confounding factors.

As the critics above emphasize, strong end-to-
end performance in these settings does not neces-
sarily imply that LLMs encode useful temporal rep-
resentations. Prior work on LLMs for time-series
analysis has not directly assessed their intrinsic rep-
resentational capacity for classification. Instead,
performance is often conflated with three different
confounding factors (CF) that obscure the utility
of the LLM. CF1: results can depend heavily on
prompt engineering choices, making it difficult to
distinguish whether strong performance reflects in-
formation encoded in the model’s representations
or artifacts of the prompting strategy. CF2: many
approaches rely on task-specific fine-tuning, which
alters the original pretrained model and prevents
evaluation of its native capabilities. CF3: LLMs are
often augmented with additional learned compo-
nents, making it difficult to attribute improvements
to the model itself. Consequently, existing eval-
uations treat LLMs as components of end-to-end
systems, offering limited insight into the usefulness
of the model in isolation.

In this paper, we evaluate prompting and hidden
representation probing side by side to assess an
LLM’s observed ability for time series classifica-
tion versus its underlying potential (see Figure 1).
To eliminate CF1, we use the same prompt for
both generation and representation extraction. To
eliminate CF2, we don’t fine tune and operate ex-
clusively on out-of-the-box (OOTB) models. To
eliminate CF3, we do not introduce auxiliary com-
ponents such as specialized time-series embedders.

To summarize, this work makes four primary
contributions. (1) To the best of our knowledge,
we are the first to explicitly disentangle prompt-
level performance from representational capacity in
time series classification. (2) We show that simple
classifiers over hidden representations consistently
outperform prompt-based methods and even some

SoTA pipelines. (3) We examine multiple input
modalities to determine which are most effective.
(4) Layer-wise analysis shows that temporal struc-
ture emerges early, while pretrained weights drive
gains in deeper layers.

Taken together, these contributions suggest that
LLMs already encode useful time-series structure,
but prompt-based pipelines fail to access it.

2 Related Work

Probing and Hidden Representations in LLMs.
Early work on layer-wise relevance propagation
introduced methods for attributing model predic-
tions to intermediate representations (Bach et al.,
2015) which later extended to more complex ar-
chitectures (Binder et al., 2016; Arras et al., 2017).
Building on this work, probing methods emerged
to explicitly measure what information these repre-
sentations encode by testing their linear separabil-
ity with lightweight classifiers (Alain and Bengio,
2018). In recent years, probing methods have in-
creasingly been used to extract features for a wide
range of downstream applications. Zhu et al. (2025)
and Wang et al. (2025) show that hidden states can
be leveraged to estimate the difficulty an LLM is
anticipated to have on a query prior to generation.
More broadly, prior work has demonstrated that
hidden representations encode rich and actionable
signals that can be exploited across diverse settings,
including alignment (Kong et al., 2024; Li et al.,
2023; Zhang et al., 2025), safety (Wang et al., 2024;
Lu et al., 2025), interpretability (Ghandeharioun
et al., 2024; Jacobi and Niv, 2025), and robustness
(Lad et al., 2024; Yan et al., 2024).

The most closely related works are Roschmann
et al. (2025) and Auer et al. (2025), which both ex-
amine OOTB representations for time-series clas-
sification. Roschmann et al. (2025) show that pre-
trained vision transformers can produce representa-
tions competitive with time-series-specific mod-
els. In contrast, we extend this insight to text
and multimodal LLMs. Auer et al. (2025) instead
repurposes forecasting models for representation
learning. However, neither work directly compares
probing-based classification with prompt-based
generation. Nor do they focus on LLMs and vLLMs.

Time-Series Research. Time series research spans
a wide range of objectives, with forecasting and
imputation forming the historical foundation of the
field. Classical statistical methods, such as ARIMA
and Kalman filters, model linear temporal depen-
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dencies (Box and Jenkins, 1990; Hamilton, 1994;
Hyndman and Athanasopoulos, 2018), while neu-
ral architectures, including LSTMs, convolutional
networks, and transformers, enable richer nonlinear
and long-range temporal modeling (Hochreiter and
Schmidhuber, 1997; Bai et al., 2018; Zhou et al.,
2021; Wu et al., 2021; Lim et al., 2021).

Building on this progression, recent work ex-
plores how large language models can be adapted
for time series analysis. Existing approaches
largely follow a small number of recurring pat-
terns (Zhang et al., 2024): direct prompting that
treats time series as text, often with modified nu-
merical tokenization (Gruver et al., 2023; Xue and
Salim, 2024; Liu et al., 2023; Xie et al., 2023);
discretization or quantization schemes that map
signals to token sequences (Chung et al., 2023;
Duan et al., 2023; Yang et al., 2024; Rubenstein
et al., 2023; Yu et al., 2023); and architectures that
introduce dedicated time-series encoders aligned
with language model representations (King et al.,
2023; Sun et al., 2024; Zhou et al., 2026; Qiu
et al., 2023; Zhou et al., 2023; Chang et al., 2025;
Jin et al., 2024a). Related work also explores vi-
sual time-series representations processed by vi-
sion–language models or uses LLMs as controllers
for external analysis tools (Girdhar et al., 2023; Su
et al., 2023; Moon et al., 2023; Zhang et al., 2023).

In contrast, we do not propose a new end-to-
end system or optimize for task performance. In-
stead, we use probing as a diagnostic tool to isolate
the representational capacity of OOTB LLMs and
vLLMs for time-series classification.

3 Preliminaries and Problem Setup

This section introduces the problem definition, the
modalities used to encode time series data, and the
prediction paradigms evaluated in our study.

3.1 Problem Definition

Each time-series dataset is represented as a tensor
X ∈ RN×V×T , where N denotes the number of
sequences, V the number of variables or channels,
and T the temporal length of each sequence. Time
series classification is defined as follows: given
a dataset {(Xi, yi)}Ni=1, the objective is to predict
class labels yj ∈ {1, . . . , C} for each observation
by identifying temporal patterns that distinguish
between classes.

3.2 Time Series Modalities
We consider how LLMs and vLLMs perform
with three different modalities of time series data.
These modalities are used consistently across both
prompting and probing methods and are described
below:

Text Modality: Digit-Based Tokenization (d).
Directly serializing numerical values can lead to
unstable tokenization due to byte-pair encoding
(BPE), which may fragment or merge digits unpre-
dictably. To mitigate this issue, we adopt a digit-
based preprocessing strategy from Gruver et al.
(2023). Each numerical value is converted into
a digit-space format with fixed precision, where
commas separate time steps and decimal points are
removed. For example, the time series [1.0, 20,
0.33] is transformed into "1 0 0 , 2 0 0 0
, 0 3 3". This design choice ensures that any
observed performance differences are not driven
by tokenization artifacts, allowing a more faithful
assessment of representational capacity2

Visual Modality (v). Each time series is also ren-
dered as an image, using either line plots or spec-
trograms, depending on the dataset. Plots include
appropriate titles, axis labels, and legends for mul-
tivariate data. These visualizations provide an al-
ternative modality that leverages the strengths of
vLLMs for pattern recognition. Additional details
can be found in Appendix D.1.

Multimodal Modality (dv). Finally, we evaluate
a multimodal representation that combines digit-
based text and images as a single multimodal input.

3.3 Classification Methods
We study two complementary approaches to time
series classification: direct prompt-based classifi-
cation (PBC) and representation probing (RP). Fig-
ure 2 provides an overview of the representations
and prediction pipelines evaluated in this work.

Prompt-Based Classification (PBC). For a given
test time series Xj , we construct a prompt pj =
τ + q +m, where τ denotes the task description,
q is a multiple-choice question with answer op-
tions corresponding to all class labels {1, . . . , C},
and m ∈ {d, v, dv} specifies the input modality.
A model f (either an LLM or vLLM) then pro-
duces a predicted label yj ∈ {1, . . . , C} via text

2We experimented with raw numeric serialization (e.g.,
“1.22, 4.01, . . . ”), but found that digit-based tokenization per-
formed slightly better.
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Figure 2: Overview of prompting vs. probing paradigms. Raw time series are transformed into digit-based text
representations and visualizations which are incorporated into prompts for direct prediction or probing.

generation. Formally, yj = f(pj), where pj =
ϕ(Xj , τ, q,m).

As for our prompting strategy, we use zero shot
prompting for two reasons. First, it is the best per-
forming. We test in context examples as well as
chain-of-thought prompting and found that zero
shot performed best ( Appendix A.2 for full result
tables). Second, it allows us to keep the prompts
as simple as possible which further alleviates CF1
(prompt engineering choices). Please see the Ap-
pendix D for a listing of all prompts.

Representation Probing (RP). Using the same
prompt pj , we evaluate whether class-relevant in-
formation is encoded in the OOTB model’s in-
ternal representations by extracting hidden states
rather than using generated outputs. For each layer
ℓ ∈ {1, . . . , L}, we obtain a final-token embedding
h
(ℓ)
j ∈ RD. We then train a supervised linear clas-

sifier on these frozen embeddings using the labeled
training split of each dataset. Probes are trained
using up to 1,000 training samples, a maximum
of 1,000 iterations, and 5-fold cross-validation to
select the regularization parameter C. Formally,
embeddings are given by h(ℓ)j = ψℓ(f, pj), and pre-

dictions are computed as ŷ(ℓ)j = gℓ(h
(ℓ)
j ), where

gℓ is trained on {(h(ℓ)i , yi)}Ntrain
i=1 and evaluated on

{h(ℓ)j }Ntest
j=1 .

To ensure a fair comparison with prompting, all
reported classification results use only the final-
layer representation h

(L)
j , which corresponds to

the representation directly used during generation.
This avoids aggregating across layers, which can
introduce information unavailable at inference time
(e.g., mean pooling Auer et al., 2025) and en-
sures a one-to-one correspondence between prob-
ing and prompting. Embeddings from all layers

are retained only for diagnostic analysis (Section 4,
Layer Analysis).

3.4 Contextualizing Probes

The probe may perform well for many reasons.
For instance, it could perform well because of be-
ing “trained.” Moreover, good performance may
bring additional questions; for instance, does the
LLM training process add anything beyond the
base transformer architecture’s basic “representa-
tional capacity.” To address these questions, follow-
ing Belinkov (2022), we treat probing as a method
for assessing representational content and adopt
several controls to address known limitations of
probing-based analyses. (Belinkov, 2022; Conneau
et al., 2018).

(1) We restrict all probes to simple linear clas-
sifiers trained on frozen representations. (2) We
evaluate performance across layers and datasets,
focusing on consistent trends rather than isolated
improvements. (3) Except for layer-wise analy-
sis, all reported results use final-layer representa-
tions, ensuring alignment with the representations
used during prompting. (4) We contextualize probe
performance using established baselines (Conneau
et al., 2018), including: (i) heuristic baselines based
on labels alone ; (ii) a digit-based classifier (DBC),
which operates directly on raw numerical inputs
to estimate signal prior to model encoding; and
(iii) probes on randomly initialized (RI) models
to establish a lower bound on representation qual-
ity. As an upper-bound reference, we compare
against (iv) SoTA and non-neural time-series mod-
els. (5) We additionally include non-parametric
classifiers, specifically a kNN with cosine similar-
ity that operate on embeddings without supervised
training. Lastly, (6) we introduce training exam-
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Method CTU EMG HAD HAR RWC TEE Avg

Attend .848 .985 .732 .933 .726 .524 .791
TS2Vec .631 .933 .667 .865 .672 .794 .761
Moment .660 1.00 .671 .878 .778 .564 .758
OneFitsAll .587 .296 .681 .885 .790 .475 .615
InstructTime .627 .167 .278 .527 .434 .235 .378

Minirocket .743 1.00 .699 .933 .652 .711 .790
Rocket .752 1.00 .595 .832 .623 .716 .753
DTW .699 1.00 .558 .878 .602* .609 .724
Shapelet .752 1.00 .635 .884 .524* .481 .713

R-Maj .333 .167 .015 .048 .434 .036 .195
R-Prior .439 .265 .088 .166 .504 .072 .282
R-Uniform .442 .333 .084 .164 .463 .141 .296
DBC .487 .463 .134 .488 .497 .399 .411
RI-Llama RP .573 .933 .369 .592 .597 .436 .583

Llama RP .640 1.00 .406 .723 .672 .223 .611
Llama PBC .356 .175 .033 .111 .190 .036 .150

Mistral RP .684 .933 .438 .730 .645 .462 .649
Mistral PBC .548 .393 .021 .127 .190 .288 .261

Qwen RP .676 1.00 .374 .737 .656 .592 .672
Qwen PBC .324 .413 .016 .174 .222 .304 .242

Table 1: F1 scores across all datasets. Prompt (PBC)
and Probe (RP) results pertain only to the dv modality.
∗For RWC, DTW and Shapelet were evaluated on se-
quences downsampled from 4,000 to 720 time steps due
to computational constraints.

ples to prompting through LoRA fine-tuning and
few-shot prompting.3

4 Experiments

We first compare RP and PBC against established
baselines, then examine the effects of modality and
layer depth. We next test whether the observed gap
can be explained by supervision, model architec-
ture, uncertainty, or prompting choices. We eval-
uate PBC and RP on three different vLLMs (spe-
cific models listed in Appendix B.2) six time-series
classification datasets and compare them against
a range of heuristic, random, and SoTA baselines.
See Appendix B.3 for dataset descriptions, and Ta-
ble 16, statistics of the datasets.

Overall Performance. Table 1 summarizes perfor-
mance across PBC and RP relative to heuristic and
SoTA baselines. We highlight our findings below.

RP substantially outperforms PBC. Across all
models and datasets, RP consistently yields sig-
nificantly higher performance than PBC. Llama’s
average F1 improves from .150 with PBC to .611
with RP, Mistral from .261 to .649, and Qwen from
.242 to .672. This gap especially pronounced on
EMG, where RP improves F1 up to 1.00, while

3Appendix B.1 includes details of all of these baselines,
SoTA and non-neural methods, and the kNN model.

PBC remains near chance. These results indicate
that vLLMs encode strong time-series representa-
tions, but PBC fails to reliably access them.

Probing results are competitive with, and in
some cases exceed, strong baselines. Qwen (.672)
and Mistral (.649) outperform OneFitsAll (.615),
while Llama (.611) remains competitive. Even
the strongest prompt-based method, InstructTime
(.378), performs worse than the simple Digit-Based
Classifier (.411) and falls substantially behind
all RP approaches. On individual datasets, RP
achieves state-of-the-art performance in several
cases. On EMG, Llama and Qwen both achieve
perfect F1, exceeding Attend (.985) and TS2Vec
(.933) while matching Moment. On CTU, Mistral
(.684) and Qwen (.676) outperform TS2Vec, Mo-
ment, OneFitsAll, and InstructTime. These results
highlight the effectiveness of vLLMs as time-series
feature extractors.4 In Appendix A.7, we further
show through a cross-dataset transferability analy-
sis that these representations capture generalizable
features beyond a single dataset.

Purpose-built time-series methods remain
strongest overall. While RP is competitve with sev-
eral existing baselines, purpose-built time-series
methods still achieve the strongest average per-
formance. Attend (.791), MiniROCKET (.790),
TS2Vec (.761), Moment (.758), ROCKET (.753),
DTW (.724), and Shapelet (.713) all outperform
the best average RP result, Qwen (.672). Our re-
sults do not suggest that general-purpose vLLMs
outperform dedicated time-series models overall.
Rather, they show that pretrained vLLMs can pro-
vide useful time-series features despite the absence
of time-series-specific architectures or pre-training
objectives.

Modalities. Probing and prompting benefit from
visual information. As shown in Table 2, both RP
and PBC improve with the inclusion of v, though
RP remains substantially stronger. For RP, Llama
performs best with v (.678), while Mistral (.631)
and Qwen (.672) perform best with dv. PBC also
benefits from visual input, particularly for Mistral
and Qwen: Mistral improves from .272 (d) to .354
(v), and Qwen from .259 (d) to .326 (v). The gains
from v is most pronounced on EMG, where it sub-
stantially improves prompting performance. For
example, Mistral achieves .663 with v compared
to .280 with other modalities, and Qwen achieves

4A visualization of a feature space is provided in Figure 6
in Appendix A.8.
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Method CTU EMG HAD HAR RWC TEE Avg
Lla RP d .616 .866 .313 .621 .626 .335 .547
Lla RP v .718 .933 .468 .799 .690 .512 .678
Lla RP dv .654 1.00 .376 .708 .672 .223 .597

Lla PBC d .333 .171 .032 .054 .104 .036 .132
Lla PBC v .333 .159 .024 .077 .190 .036 .132
Lla PBC dv .344 .171 .033 .111 .190 .036 .160

Mis RP d .682 .712 .386 .735 .628 .265 .579
Mis RP v .696 .796 .352 .684 .664 .439 .596
Mis RP dv .698 .933 .393 .729 .645 .462 .631
Mis PBC d .402 .280 .030 .153 .497 .260 .272
Mis PBC v .445 .663 .055 .225 .460 .302 .354
Mis PBC dv .511 .280 .021 .173 .190 .200 .254

Qwen RP d .672 .933 .361 .764 .647 .419 .633
Qwen RP v .688 .866 .304 .655 .640 .575 .621
Qwen RP dv .676 1.00 .374 .737 .656 .592 .672
Qwen PBC d .393 .372 .039 .146 .432 .159 .259
Qwen PBC v .341 .618 .028 .220 .296 .246 .326
Qwen PBC dv .324 .459 .016 .174 .222 .194 .255

RI-Lla RP d .587 .861 .366 .583 .605 .433 .572
RI-Lla RP v .333 .167 .015 .048 .434 .036 .172
RI-Lla RP dv .573 .933 .369 .592 .597 .436 .583

Table 2: F1 for each dataset split by model, method, and
modality. To save space, we have abbreviated Llama to
‘Lla’ and Mistral to ‘Mis’; ‘RI’ stands for ‘Randomly
Initialized’

.618 with v compared to .372 (d) and .459 (dv).
While v tends to enhance performance, text-only

input (d) is more robust than expected. d per-
forms surprisingly well across models and methods.
For Qwen, RP with d (.633) is close to its best-
performing modality (.672). For Mistral, RP with
d (.579) remains competitive with v (.596). Even
in PBC, d frequently outperforms the combined dv
modality. This suggests that the textual representa-
tion captures meaningful time-series structure.

Accounting for Supervision and Learned Com-
ponents. Because RP and PBC use the same
prompts, prompt engineering choices (CF1) can-
not explain the gap between them. We therefore
focus on whether the RP–PBC gap is explained
by additional supervision (CF2) or learned com-
ponents (CF3). We conduct four complementary
controls: (1) comparing pretrained and randomly
initialized representations, (2) replacing the learned
linear probe with non-parametric kNN, (3) pro-
viding PBC with labeled examples through fine-
tuning and in-context examples, and (4) varying
the amount of labeled data available to RP and
fine-tuned PBC.

Pretrained weights contribute to performance.
Tables 1 and 2 already show that pretrained RP
outperforms randomly initialized RP at the final
layer. We next examine how this difference devel-
ops across layers. In both plots of Figure 3, we
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Figure 3: Layer-wise probe macro F1 for Mistral and
Qwen across modalities.
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Figure 4: Layer-wise macro F1 of probes for Qwen ver-
sus the same model with randomly initialized weights.

see a quick improvement. Qwen encodes useful
information in layers 1 and 2. Mistral is more grad-
ual but encodes around layer 12 for d and dv or
layer 20 for v. When comparing Qwen to its ran-
dom initialization (Figure 4), both models exhibit
a rapid early improvement in F1 score. However,
while the random initialization stagnates at an F1
of approximately .6 across both modalities, the pre-
trained Qwen continues to gain performance. This
suggests that while temporal information emerges
early as a structural property of the architecture,
the pretrained weights are responsible for the sus-
tained refinement and superior performance seen
in higher layers.

As additional evidence, we compare pretrained
and randomly initialized representations across
all models and modalities. Full one-to-one com-
parisons are provided in Appendix A.1, Table 8.
Across these comparisons, pretrained models con-
sistently outperform their randomly initialized
counterparts. Together, these results suggest that
the advantage of RP comes from information en-
coded by pretraining, rather than from the classifier
alone.

The RP–PBC gap persists without a learned clas-
sifier. To further isolate the role of supervision, we
evaluate cosine-distance kNN, a non-parametric
classifier that does not learn additional model pa-
rameters. As shown in Table 3, kNN performance
remains strong (Llama .515, Mistral .493), sub-
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Method EMG HAD HAR RWC TEE Avg

InstructTime .167 .278 .527 .434 .235 .328
Mistral kNN .682 .326 .552 .558 .346 .493
Mistral PBC .393 .035 .162 .383 .288 .252
Llama kNN .776 .345 .561 .597 .295 .515
Llama PBC .156 .032 .091 .161 .036 .095

Table 3: Non-parametric cosine-distance kNN com-
pared to prompting approaches. Results are averaged
across d, v, and dv modalities.

Method Model CTU EMG HAD HAR RWC TEE Avg

kNN OOTB .684 .603 .451 .713 .609 .350 .568
FT .688 1.00 .501 .747 .689 .390 .669

RP OOTB .704 .933 .561 .839 .690 .512 .706
FT .744 1.00 .565 .854 .746 .391 .716

PBC OOTB .333 .118 .032 .103 .190 .036 .135
FT .650 .222 .105 .256 .433 .162 .305

Table 4: Effect of LoRA fine-tuning on kNN, probing,
and prompting performance (v modality).

stantially exceeding prompting performance (.095
and .252, respectively), and even outperforming the
prompt-based SoTA pipeline InstructTime (.328).

Fine-tuning does not close the gap. To assess
whether fine-tuning can reduce the gap between RP
and PBC, we fine-tune Llama and evaluate whether
it improves prompt-based access to information al-
ready present in the model’s representations. We
fine-tune Llama in the vision modality using LoRA
(rank = 16) on each dataset’s training split and re-
evaluate the adapted model using PBC, RP, and
kNN. Results are summarized in Table 4. Fine-
tuning improves kNN from .568 to .669 and PBC
from .135 to .305, while RP improves only mod-
estly from .706 to .716. Despite the substantial im-
provement in PBC, a large RP–PBC gap remains,
indicating that fine-tuning does not resolve the dif-
ference between information accessible in the rep-
resentations and information accessible through
prompting.

Probing is substantially more label efficient than
fine-tuned prompting. We further examine how the
amount of labeled supervision affects RP and fine-
tuned PBC on the HAR dataset using Llama. As
shown in Table 5, RP improves steadily as addi-
tional labeled examples are provided, with mean-
ingful gains even at small label budgets. In con-
trast, fine-tuned PBC shows little improvement at
lower training-set sizes and requires substantially
more labeled examples before performance begins
to increase. With only 50 labeled examples, RP
achieves an F1 of .378, more than twice the perfor-

# Training Examples FT PBC F1 RP F1

50 .049 .378
100 .076 .423
150 .048 .487
200 .187 .519

Table 5: Effect of the number of labeled training ex-
amples on fine-tuned prompt-based classification (FT
PBC) and representation probing (RP) for LLaMA on
HAR.

Dataset Model Modality PBC-F1 RP-F1 95% CI

EMG Lla d .171 .866 [.622, 1.00]
EMG Lla dv .159 1.00 [1.00, 1.00]
EMG Lla v .171 .933 [.733, 1.00]
TEE Lla d .036 .356 [.194, .479]
TEE Lla dv .036 .223 [.107, .312]
TEE Lla v .036 .512 [.333, .651]

EMG Qwen d .372 .611 [.333, .854]
EMG Qwen dv .459 1.000 [1.00, 1.00]
EMG Qwen v .618 .933 [.766, 1.00]
TEE Qwen d .159 .330 [.187, .448]
TEE Qwen dv .194 .466 [.291, .588]
TEE Qwen v .246 .523 [.371, .643]

Table 6: Prompt and probe F1 scores with 95% confi-
dence intervals across datasets, models, and embedding
modalities.

mance of fine-tuned PBC trained on 200 examples
(.187).

In-context examples do not improve PBC. An-
other way of introducing training data to PBC
is through in-context examples. Table 10 in Ap-
pendix A.2 shows that providing two in-context ex-
amples per class does not narrow the probe–prompt
gap. Mistral decreases from .340 to .321, Qwen
from .290 to .280, and Llama from .174 to .163.
These results provide further evidence that access
to labeled examples alone is insufficient to close
the gap with RP.

To summarize, pretrained representations out-
perform random ones, strong performance persists
with a non-parametric classifier, providing PBC
with labeled examples (either through instruction-
tuning or in-context examples) does not close the
gap, and RP remains substantially more label ef-
ficient. Collectively, these results suggest that the
RP–PBC gap cannot be explained solely by the
supervision or the light-weight learned classifier
introduced by probing.

Robustness and Sensitivity Analyses. We next
test whether the RP–PBC gap is robust to dataset
uncertainty, model architecture, and common
prompting strategies.
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Dataset Modality Mean F1 ∆ F1 P@1 ∆P@K

CTU
d .463 .099 .506 .098
v .394 .077 .457 .052
dv .380 .109 .471 .000

EMG
d .202 .228 .343 .057
v .167 .000 .333 .000
dv .197 .236 .333 .000

HAD
d .031 .035 .043 .062
v .049 .019 .163 .077
dv .020 .009 .059 .099

HAR
d .138 .029 .175 .103
v .143 .077 .310 .040
dv .130 .057 .274 .034

TEE
d .027 .081 .140 .057
v .110 .129 .357 .015
dv .102 .136 .400 .035

Avg
d .172 .094 .242 .075
v .173 .060 .324 .034
dv .166 .109 .308 .037

Total Avg – .170 .088 .291 .048

Table 7: Prompt stability. Orange columns reflect sensi-
tivity to prompt wording; blue columns reflect sampling
variability. Larger ∆ and ∆P@K indicate less stable
prompting.

The prompting–probing gap persists under un-
certainty estimates. Because EMG and TEE are
our two smallest datasets, we additionally estimate
uncertainty in RP performance using 1,000 boot-
strap resamples. Table 6 reports 95% confidence
intervals for Llama and Qwen across all modalities.
Across eleven out of twelve, dataset, and modal-
ity combinations, the PBC F1 score falls below the
lower bound of the corresponding probe confidence
interval. Thus, the observed prompting–probing
gap on these small datasets is not driven solely by
variability associated with limited sample size.

Results extend to text-only LLMs. To evaluate
whether our findings depend on multimodal archi-
tectures, we repeat our experiments using text-only
LLMs. Specifically, we evaluate Gemma and GPT-
oss using the dmodality. Table 12 in Appendix A.4
reports the corresponding probe-based and prompt-
based results. In both LLMs, probing substantially
outperforms prompting. Gemma achieves an av-
erage F1 of .596 with probing, compared to .206
with prompting. GPT-oss shows a similar pattern,
achieving .466 with probing and .202 with prompt-
ing. This gap is consistent across all datasets. These
results indicate that the RP–PBC gap is not specific
to visual inputs or vLLMs.

CoT does not have much effect on representation
quality. Returning to Table 10, Llama and Qwen,

d v d+v
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Figure 5: Prompt-based macro F1 distributions by input
modalities , showing a bit more stable performance for
visual-only prompting.
average F1 decreases when using CoT, from .609
to .598 and from .667 to .654, respectively. Mistral
shows a small improvement, increasing from .638
to .648. Overall, these results indicate that CoT
prompting does not reliably enhance the quality of
the extracted representations. Similarly, CoT does
not consistently improve prompting. Llama benefits
from CoT, improving from .174 with direct prompt-
ing to .220 with CoT. However, Mistral performs
worse with CoT (.296) than with direct zero-shot
prompting (.340). Qwen shows no meaningful dif-
ference, with CoT (.289) nearly matching direct
prompting (.290). These results suggest that CoT
benefits are model-dependent and not universal.

Prompt Stability. Motivated by the mixed effects
of CoT, we hypothesize that performance in LLM-
based time-series classification is highly sensitive
to prompt-engineering choices (CF1). We evaluate
this hypothesis in Table 7, and Figure 5.

First, the sensitivity to prompt choice can be
seen in Figure 5, which shows performance ranging
from near 0 macro f1 to above .5. Next, (orange-
shaded columns in Table 7), we assess sensitiv-
ity to prompt wording by using gpt-4.1-mini to
generate ten meaning-preserving variations of the
original prompt. A larger ∆ (max−min macro F1)
indicates more variability in performance across
prompts, and thus higher sensitivity to phrasing.
Across datasets and modalities, we observe an
average ∆ of .088 between the best- and worst-
performing prompt variants, indicating substantial
sensitivity even under minor prompt modifications.
Examples of the prompt-variants can be found in
Figures 14, 15, and 16 and the prompts used to
generate them in Figures 12 and 13.

Second (blue-shaded columns), we evaluate out-
put consistency by prompting the model twenty
times with the same prompt. The resulting P@K
scores (more information found in Appendix B.4)
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measure the probability that at least one of K sam-
pled completions is correct. The corresponding
∆P@K (P@20−P@1) quantifies the benefit of re-
peated sampling. On average, allowing twenty at-
tempts increases accuracy by .048.

Notably, visual-only prompting (v) is the most
stable modality under both criteria. It exhibits the
lowest average prompt-variant sensitivity (∆ =
.060) and the smallest sampling gain (∆P@K =
.034), suggesting more consistent behavior both
across prompt wording and repeated generations.

Together, these results support our claim that
prompt-based prediction pipelines in time se-
ries classification is highly sensitive to prompt-
engineering choices (CF1), and that reported per-
formance may reflect prompt design and sampling
strategy as much as underlying model capability.

5 Implications

Our findings have several important implications
for the evaluation and use of LLMs in time-series
classification. Importantly, we do not claim that
these models perform robust temporal reasoning;
rather, our results show that their hidden represen-
tations encode linearly separable temporal features
useful for classification.

Rethinking evaluation and prompting limita-
tions. First, PBC is not a reliable measure of LLM
capability for time-series classification. Across all
datasets, prompt-based performance substantially
underestimates the information encoded in model
representations. Moreover, prompting is unstable:
performance varies significantly with prompt word-
ing and sampling, indicating sensitivity to factors
unrelated to underlying model capability. Together,
these findings suggest that prior work reporting
poor LLM performance may reflect limitations of
the PBC rather than the underlying model, and that
prompt-based pipelines are inherently unreliable
for evaluating model capability.

Pretrained weights enhance representations.
Tan et al. (2024) report that re-initializing pre-
trained LLM weights does not significantly degrade
performance. In contrast, we find that removing pre-
trained weights consistently degrades performance
in the classification setting. This gap shows that,
independent of their architectures, OOTB models
encode useful time-series representations.

General-purpose models encode time-series
structure across modalities. Prior work has
shown that useful time-series representations can

be obtained from models adapted to this domain,
such as vision transformers with modality trans-
formations (Roschmann et al., 2025) and pre-
trained forecasting models repurposed for classi-
fication (Auer et al., 2025). Our results extend
this line of work by demonstrating that such rep-
resentations are not limited to these settings, but
also emerge in general-purpose models, including
LLMs and vLLMs, without task-specific adapta-
tion. While modality transformations and special-
ized architectures can improve performance, they
are not necessary for models to encode discrimina-
tive temporal structure.

Representation formation and access. Our
layer-wise analysis suggests that temporal struc-
ture emerges early as a property of the architec-
ture, while pretrained weights refine and amplify
this structure in deeper layers. Despite this, final-
layer representations already contain substantial
class-relevant information. Prior work improves
performance through layer aggregation or direct se-
lection (Auer et al., 2025; Roschmann et al., 2025),
but our results show that these optimizations are
not necessary to reveal useful structure. Crucially,
they do not explain why prompt-based methods
underperform, which instead reflects limitations in
how these representations are accessed rather than
how they are formed.

6 Conclusion

This research rigorously reassesses LLMs’ abil-
ity to represent and classify functional time-series
data. By contrasting direct prompting with linear
probing across diverse architectures and modali-
ties, we identify a persistent gap in representation
performance. Our evidence suggests that although
current prompting interfaces fail to capture tempo-
ral dynamics, the models’ internal hidden states
contain highly discriminative, class-relevant infor-
mation. The results indicate that the perceived lim-
itations of LLMs in time series tasks are primarily
an artifact of the decoding interface rather than a
fundamental deficiency in representational capac-
ity. The emergence of class-discriminative signals
suggests that these models function as effective
general-purpose sequence encoders, often within
the first five transformer layers. Furthermore, the
competitive performance of simple linear probes
against specialized, SoTA time series baselines un-
derscores the quality of pretrained LLMs as robust
feature extractors for non-linguistic modalities.
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Limitations

This paper is primarily diagnostic. We focus on
measuring and explaining the gap between prompt-
level performance and representational capacity,
rather than proposing a new prompting method to
close this gap.

Next, while we address standard probing con-
cerns (see Section 3.4), strong probe performance
should not be interpreted as evidence of high-
level temporal reasoning or semantic understand-
ing. Rather, it is plausible that probes exploit
low-level temporal cues such as amplitude ranges,
monotonic trends, periodicity, or short-range auto-
correlation. These cues are precisely the signals
required for accurate classification in many stan-
dard time-series benchmarks.

Finally, our evaluation is necessarily scoped. We
study six time-series datasets, five LLM/vLLMs,
and a broad set of SoTA and heuristic baselines.
The consistency of the observed trends across these
diverse settings suggests that the underestimation
of representational capacity by PBC is not driven
by any single dataset or model choice.

Building on our diagnostic findings, developing
more robust prompting strategies is an important di-
rection for future work. We take initial steps toward
addressing the prompt–probe gap by examining the
effects of fine-tuning and various prompting tech-
niques. However, our results are not conclusive,
and further work is needed to better understand and
close this performance gap.

Further research should also explore LLMs for
more holistic time-series reasoning. While our cur-
rent focus is primarily on classification, general-
izing these results to additional datasets, diverse
time-series tasks, and new models remains a critical
next step. To that end, we provide an initial fore-
casting analysis in Appendix A.5; however, these

results are preliminary and limited in scope.
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A Additional Experiments and Results

This section provides supplementary experiments
and detailed results to further contextualize our
findings. Specifically, we present: (1) a one-to-
one comparison of probing results between pre-
trained vLLMs and their randomly initialized coun-
terparts; (2) an evaluation of zero-shot, Chain-of-
Thought (CoT), and few-shot prompting/probing;
(3) prompting performance using self consistency;
(4) text-only LLM (gpt-oss & Gemma) results; (5)
an extension of our framework to time-series fore-
casting; (6) a cost analysis (7) an in-domain vs
out-of-domain generalizability experiment; and (8)
a visualization comparing feature separability.

A.1 One-To-One Random Baseline

In the main paper, we utilized a randomly initial-
ized version of Llama as a baseline to control for
supervised training effects. However, to enable
a true apples-to-apples comparison, we expanded
this evaluation across all model architectures. Table
8 details the performance of each pretrained model
alongside its corresponding randomly initialized
baseline. While Mistral exhibits only a marginal
advantage over its random twin (0.594 to 0.602),
primarily due to an atypical performance dip on the
EMG dataset (.814 vs. .954), a more substantial
gap is evident for Llama (0.443 to 0.607) and Qwen
(0.592 to 0.642). Because pretrained representa-
tions consistently outperform randomly initialized
one, this is initial evidence that supervision alone
does not explain RP’s performance.

We further test if there is high variance depend-
ing on the random initialization. To do this we
made three separate random initializations of each

Model CTU EMG HAD HAR RWC TEE Avg

Llama .663 .933 .386 .709 .662 .357 .607
RI-Llama .498 .653 .250 .408 .545 .302 .443

Mistral .692 .814 .377 .716 .645 .389 .602
RI-Mistral .615 .954 .364 .647 .660 .323 .594

Qwen .679 .933 .346 .719 .647 .529 .642
RI-Qwen .645 .933 .355 .627 .649 .341 .592

Table 8: Comparison of probe F1 between all pre-
trained and randomly initialized models averaged over
all modalities.

Dataset Model Mean StdDev Range 95%CI
CTU (n=250) Llama .575 .057 .128 .044

Qwen .651 .080 .176 .061

EMG (n=47) Llama .748 .312 .667 .240
Qwen .948 .029 .067 .023

TEE (n=73) Llama .399 .196 .429 .150
Qwen .323 .087 .238 .067

Table 9: Probing stability of random models. Mean,
Standard Deviation, Range and 95% Confidence Inter-
vals of three different initialized models.

model. Table 9 reports the resulting mean, stan-
dard deviation, range, and 95% confidence inter-
vals across these runs to establish a statistically ro-
bust performance floor. We observe that while the
baselines are generally stable, performance can be
highly sensitive to initialization on specific dataset-
model pairings. For instance, Llama exhibits mas-
sive variance on the EMG dataset (StdDev: 0.312,
Range: 0.667) as well as on our next smallest
dataset, TEE (StdDev: 0.196, Range: 0.429). Con-
versely, as dataset size increases, baseline stabil-
ity notably improves; both models demonstrate
much tighter variance on the larger CTU dataset,
with Llama and Qwen yielding standard deviations
of just 0.057 (Range: 0.128) and 0.080 (Range:
0.176), respectively.

A.2 CoT and Few-Shot Results

As discussed in Section 4, we evaluate in-context
examples as an additional way of providing PBC
with labeled training examples. We also evaluate
chain-of-thought (CoT) prompting as a common
augmentation to direct prompting. Table 10 re-
ports F1 scores averaged across modalities for these
prompting strategies.

CoT does not consistently improve representa-
tion quality. For Llama and Qwen, average RP F1
decreases with CoT, from .609 to .598 and from
.667 to .654, respectively. Mistral shows a small
improvement, increasing from .638 to .648. Over-
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all, CoT does not reliably improve the quality of
the extracted representations.

CoT does not consistently improve prompting.
Llama benefits from CoT, improving from .174
with direct prompting to .220. However, Mistral
performs worse with CoT (.296) than with zero-
shot direct prompting (.340), while Qwen shows
essentially no difference (.289 vs. .290). These
results suggest that the benefits of CoT are model-
dependent rather than consistent.

In-context examples do not improve prompting
performance. Across models, in-context exam-
ples either degrade performance or provide negligi-
ble gains. For Llama, average F1 decreases from
.174 in the zero-shot setting to .163 with two-shot
prompting. For Qwen, performance drops from
.290 to .280, while Mistral decreases from .340 to
.321.

Taken together, these results indicate that on our
collection of datasets and models, zero-shot direct
prompting serves as the most robust and effective
setting for PBC.

A.3 Self-Consistency
In an additional effort to fairly represent prompt-
ing as a method, we evaluate self-consistency on
three selected datasets. The results, presented in
Table 11, compare zero-shot performance (ZS-F1)
against self-consistency (SelfC-F1) using Llama.
For each instance in the dataset, we generated seven
independent responses and selected the final an-
swer via majority voting. Across the evaluated
datasets and modalities, we observe a modest over-
all improvement; self-consistency yields an aver-
age F1 score of 0.200, representing a 2.2 gain over
the zero-shot average of 0.178. However, despite
this slight enhancement, results are far lower than
the best prompting method InstructTime. Further-
more, overall prompting performance under both
settings remains substantially lower than the results
achieved by our probing methods.

A.4 Text-Only Models
To ensure that our results generalize to text-only
models (i.e., standard LLMs rather than vLLMs),
we repeat the same experiments using GPT-oss
and gemma-2-9b-it. Table 12 shows the results of
these experiments. Please note that these evalua-
tions only utilize the d domain, as these models are
incapable of processing images. We observe that
both models perform better with probing than they
do with prompting. This finding, combined with

our evaluation of vLLMs in the d-only domain,
provides strong support for generalization.

A.5 What About Forecasting?
Our paper focuses on time-series classification as
a proxy for temporal reasoning. However, time-
series reasoning encompasses far more than classi-
fication; tasks such as forecasting, imputation, and
anomaly detection are essential components of a
holistic temporal understanding. While a compre-
hensive evaluation of each task is outside the cur-
rent scope, we explore forecasting here to provide
a foundation and motivation for future research.

With this purpose, we use the ETT-small dataset.
It comprises of two years of hourly electricity trans-
former data. To prepare the data, we set Oil Tem-
perature (OT) as our target feature, and apply z-
score normalization. In our experiments, We used
a 96-hour look back window to predict the next 6
hours. Finally, our prompts (Which can be found
in Appendix D.1 Figure 17) generate one value at
a time, and do so in an auto-regressive fashion.

Results are shown in Table 13. They show incon-
sistency. The most notable finding is the success of
prompting observed for Mistral (0.97) and Qwen
(1.15) in the text-only (d) modality. These are the
lowest MSE scores in the study, dramatically out-
performing all other configurations. Conversely,
other prompting results are substantially worse than
probing; for instance, Llama’s prompting perfor-
mance in the d modality (2032.77) fails entirely
compared to its probe (11.61).

Despite these variances, we observe that on av-
erage, every model’s probe MSE is lower than its
randomly initialized counterpart. While these re-
sults are preliminary, involving a single small-scale
dataset and short prediction window, they suggest
that internal representations can encode useful fea-
tures for not just classification but also forecast-
ing. However, the decoding interface of prompt-
ing remains highly brittle and model/modality-
dependent.

A.6 Cost
We evaluate the resource requirements and supervi-
sion budgets. Zero-shot prompting operates under
the strictest constraints, with no access to training
data. Few-shot prompting is provided with two
examples per unique label. In contrast, our linear
probes are trained on a subset of the training data,
capped at a maximum of 1,000 rows. Table 14
details the financial cost of inference based on av-
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Method Model Shots Style CTU EMG HAR RWC TEE Avg

Probe

Llama 0 CoT .651 .789 .629 .566 .351 .598
0 Direct .650 .784 .645 .608 .355 .609

Mistral 0 CoT .688 .899 .653 .581 .418 .648
0 Direct .674 .871 .655 .585 .408 .638

Qwen 0 CoT .697 .920 .677 .595 .442 .654
0 Direct .702 .938 .704 .592 .473 .667

Prompt

Llama
0 CoT .434 .233 .126 .231 .077 .220
0 Direct .333 .185 .083 .231 .036 .174
2 Direct .333 .173 .041 .231 .036 .163

Mistral
0 CoT .544 .324 .168 .339 .105 .296
0 Direct .420 .393 .199 .398 .288 .340
2 Direct .423 .445 .230 .320 .188 .321

Qwen
0 CoT .498 .127 .225 .401 .195 .289
0 Direct .359 .393 .127 .288 .283 .290
2 Direct .472 .360 .228 .234 .107 .280

Table 10: F1 results between prompting and probing. We explore whether Chain-of-Thought (CoT) prompting and
few-shot examples improve prompting performance, as well as whether CoT improves the representations during
probing. Shots represent the number of in-line examples per class in the dataset. For example har has 6 possible
classes, there are 2 examples per class totaling to 12 examples overall. These results come from a smaller sample
using 500 training rows and 100 test rows.

Dataset Modality ZS-F1 SelfC-F1

emg
d .175 .167
v .118 .199
dv .175 .196

ctu
d .333 .333
v .333 .333
dv .356 .355

tee
d .036 .099
v .036 .036
dv .036 .086

Avg: .178 .200

Table 11: A comparison of zero-shot vs self-consistency
F1 scores using Llama on a selection of the three small-
est datasets.

erage token counts across modalities. Costs are
projected using a standard rate of $2.50 per mil-
lion input tokens. For visual inputs, we account
for GPT-4o’s high-detail tiling (85 base tokens plus
170 tokens per 512 × 512 tile). Interestingly, be-
cause probing utilizes the same underlying hidden
representations as the zero-shot interface without
the need for autoregressive token generation, it is
marginally cheaper in practice while providing sig-
nificantly higher performance floor.

A.7 Transferability Check

To strengthen our claims regarding representation
quality beyond simple in-distribution separability,
we perform a cross-dataset generalization check.

We focus on the HAD and HAR datasets, as both
represent human activity recognition tasks with
similar underlying temporal dynamics. Because
HAD contains a larger label space, we first con-
solidated labels to create a one-to-one mapping
(e.g., merging various directional walking labels
into a single "walking" class) and removed activ-
ities unique to a single dataset (e.g., "elevator us-
age"). We then evaluated the transferability of
Llama representations by training a linear probe
on the source dataset (HAR) and evaluating its per-
formance on the target (HAD). Table 15 compares
these cross-dataset results against in-distribution
probing (HAD → HAD) and zero-shot prompting.
We observe that cross-dataset probing maintains a
significant performance advantage over prompting,
which is very low (≈ 0.03 F1) across all modal-
ities. Notably, in the d modality, the HAR-trained
probe achieved an F1 of 0.389, outperforming the
in-distribution probe (0.349). These results over-
all suggest that the LLM’s internal representations
capture generalizable features rather than dataset
specific ones.

A.8 A Visualization of vLLM feature
embeddings

Figure 6 presents t-SNE plots comparing Llama v
embeddings with Moment embeddings on the HAD
dataset. This visualization highlights differences
in feature separability and illustrates the utility of
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Model Method CTU EMG HAD HAR RWC TEE Avg

Gemma
Probe

.680 1.00 .145 .739 .556 .458 .596
GPT-oss .579 .792 .112 .498 .518 .295 .466

Gemma
Prompt

.286 .314 .023 .075 .346 .100 .206
GPT-oss .282 .358 .031 .142 .272 .132 .202

Table 12: F1 scores for probe-based and prompt-based inference on text-only large language models.

Method Model d dv v Avg

Probe llama 11.61 9.21 9.82 10.22
llama rand 11.10 10.23 10.77 10.70
mistral 7.19 10.17 9.82 9.06
mistral rand 11.74 12.56 7.66 10.66
qwen 7.64 11.68 10.28 9.86
qwen rand 11.79 10.41 9.34 10.51

Prompt llama 2032.77 835.73 307.12 1058.54
mistral 0.97 22.51 779.66 267.71
qwen 1.15 1157.98 1114.13 757.76

Table 13: Comparison (MSE) of zero-shot prompting
and linear probing for time-series forecasting.

Modality Avg Tokens Projected Cost

d 4,067.46 $10.17
v 1,996.50 $4.99
d+ v 5,115.80 $12.79

Table 14: Estimated prompting costs aggregated across
all datasets. Avg Tokens shows the expected number of
tokens per instance. Projected cost shows the predicted
cost of 1,000 instances.

Llama as a feature extractor relative to a specialized
baseline.

B Baselines, Models, Datasets, & Metrics

In this section, we start by describing the baselines
used as an upper-bound comparison. From there,
we discuss the vLLMs and LLMs implemented in
our experiments. Finally, we discuss the datasets
in detail, followed by a comprehensive explanation
of our evaluation metrics.

B.1 Baselines

We include random baselines, a digit-based classi-
fier as a lower bounds, and severl SoTA baselines
to act as upper bound.

B.1.1 Random Baselines
We include several label-only baselines to establish
lower-bound performance and characterize dataset

Modality Prompt HAD HAD→HAD HAR→HAD

d .032 .349 .389
v .032 .561 .422
dv .033 .406 .131

Table 15: Generalization check: F1 scores for in-
distribution versus cross-dataset probing and zero-shot
prompting
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Figure 6: t-SNE of probe embeddings for Llama and
Moment on the HAD dataset.

structure. The uniform baseline samples predic-
tions uniformly at random from the set of class
labels observed in the training data. The prior
baseline samples predictions according to the em-
pirical class distribution in the training set. The
majority baseline assigns all instances to the most
frequent class. These baselines do not use input fea-
tures of any kind and serve to quantify chance-level
performance and dataset imbalance effects.

B.1.2 Digit-Based Classifier

We additionally include a fully supervised digit-
based classifier that operates directly on raw nu-
merical time-series values without any pretrained
representations, prompting, or hidden states. Each
time series is represented as a fixed-length vector
x = (x1, x2, . . . , xT ), where each xt is a scalar
value at timestep t. These values are flattened and
provided as input features to a standard logistic
regression classifier.

The model learns a mapping y =
f(x1, x2, . . . , xT ) using supervised training
with class-balanced loss. Hyperparameters are
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selected via cross-validated grid search over the
regularization parameter C. This baseline treats
each timestep as an independent feature and does
not explicitly model temporal dynamics beyond
what can be captured linearly.

Its purpose is to quantify how much classifica-
tion performance can be achieved using explicit
numerical features alone, without relying on lan-
guage models or learned representations. As such,
it provides a non-LLM reference point for down-
stream performance.

B.1.3 Random Probe
To isolate the contribution of learned representa-
tions, we evaluate probing on randomly initialized
models. Specifically, we use the same architecture
as the pretrained models but with randomly ini-
tialized weights, and train linear classifiers on the
resulting embeddings.

This baseline provides a practical lower bound
on representation quality. Since no meaningful
representations are learned, performance reflects
the extent to which a classifier can extract signal
from architectural structure alone. It therefore con-
trols for the contribution of supervised learning
applied after feature extraction and helps distin-
guish gains due to pretrained representations from
those attributable to the probe.

B.1.4 kNN Classifier
We additionally include a non-parametric k-
nearest neighbors (kNN) classifier using cosine
similarity over embedding representations. Unlike
linear probes, kNN does not learn model parame-
ters from the training data. Instead, labeled training
embeddings are stored, and predictions for test ex-
amples are made by retrieving the nearest training
embeddings in representation space using cosine
similarity

This baseline provides a complementary perspec-
tive on representation quality by evaluating whether
class structure is preserved in the embedding space
without supervised training. Strong kNN perfor-
mance indicates that samples from the same class
are naturally clustered, while weaker performance
suggests that separability depends on learned clas-
sifiers.

B.1.5 Non-Neural Time Series Methods
ROCKET represents the random-convolutional-
kernel family of time-series classifiers. It trans-
forms raw time series using a large collection

of randomly parameterized convolutional kernels
and trains a linear classifier on the resulting fea-
tures (Dempster et al., 2020). We normalize the
input time series and use 10,000 random kernels
with a random seed of 42. A standardized ridge
classifier is trained on the transformed features,
with the regularization parameter selected by cross-
validation over α ∈ {10−3, . . . , 103} using 10 log-
arithmically spaced values. For multivariate inputs,
channels and time steps are flattened before apply-
ing the univariate ROCKET implementation.

MiniRocket is a computationally efficient refor-
mulation of ROCKET that substantially reduces
the randomness and computational cost of the orig-
inal transform (Dempster et al., 2021). We apply
MiniRocket directly to the normalized raw time
series using the MiniRocketClassifier with a
single estimator, preserving the channel dimension
for multivariate inputs.

Shapelet Transform follows the shape-based
family of time-series classifiers. Shapelets are dis-
criminative subsequences whose similarity to an in-
put series provides features for classification, allow-
ing the model to identify informative local temporal
patterns independent of their absolute position in
the sequence (Ye and Keogh, 2009). We use the
ShapeletTransformClassifier implementation
from sktime, sampling 1,000 candidate shapelets
and retaining at most 100 shapelets, with a batch
size of 100 and random seed of 42. Inputs are nor-
malized prior to training. To make computation
tractable on long time series, we downsample se-
quences to at most 720 time steps and use at most
250 training and 1,000 test examples.

Dynamic Time Warping (DTW) represents
the distance-based family of time-series methods.
DTW measures similarity between two time series
by finding a minimum-cost nonlinear alignment be-
tween their temporal axes, allowing similar patterns
to match despite differences in timing or local tem-
poral distortion (Sakoe and Chiba, 1978). We use
DTW as the distance metric in a k-nearest-neighbor
classifier with k = 1 and normalized inputs. As
with the Shapelet baseline, sequences are down-
sampled to at most 720 time steps and evaluation
uses at most 250 training and 1,000 test examples
for computational tractability.

B.1.6 SoTA Methods
Attend follows the dedicated time-series encoder
family. It uses self-attention to model cross-
channel and temporal dependencies in multivariate
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sensor data and learns discriminative representa-
tions directly from raw time series, without adapt-
ing language-model token spaces (Abedin et al.,
2021). InstructTime belongs to the time-series
quantization and instruction-based prompting fam-
ily. It discretizes time series into vector-quantized
tokens, aligns them with domain-specific textual
instructions, and uses generative instruction tun-
ing to produce label text via next-token predic-
tion (Cheng et al., 2025). OneFitsAll follows the
encoder-alignment family. It reuses a frozen pre-
trained transformer from language or vision do-
mains and learns lightweight input projections and
normalization layers to map time-series patches
into the model’s embedding space, enabling a
single backbone across tasks (Zhou et al., 2023).
TS2Vec represents dedicated time-series represen-
tation learning. It learns multi-scale contextual em-
beddings through hierarchical contrastive learning
over augmented temporal views, which are aggre-
gated and used by simple downstream classifiers
without language models (Yue et al., 2022). Mo-
ment belongs to the TS-Encoder family. It is a high-
capacity transformer encoder pre-trained on large-
scale, multi-domain time series using masked time-
series modeling, and serves as a general-purpose
representation learner that can be adapted to classi-
fication, forecasting, anomaly detection, and impu-
tation via lightweight task-specific heads or linear
probing (Goswami et al., 2024).

B.2 Models

To assess the generality of our findings, we
evaluate a diverse set of pretrained models
spanning different architectures and scales.5 Mo-
tivated by prior work showing that visualizations
provide a strong representation for time series
classification (Liu et al., 2025), we primarily
focus on vLLMs. Specifically, we evaluate
Llama-3.2-11B-Vision-Instruct (Grattafiori
et al., 2024), Qwen/Qwen2.5-VL-32B-Instruct (Bai
et al., 2025), and
Mistral-Small-3.1-24B-Instruct-2503 (Mis-
tralAI). To verify that our conclusions extend
beyond multimodal architectures, we also evaluate
two text-only LLMs: GPT-oss (OpenAI et al.,
2025) and google/gemma-2-9b-it (Team et al.,
2024).

5All models are open source, as access to internal hidden
states is required for probing.

B.3 Datasets

Appendix C provides direct links to all source
datasets used in our experiments, while Table 16
reports descriptive statistics. We selected datasets
to span a wide range of temporal scales, sequence
lengths, variable dimensionality, and label com-
plexity. This diversity allows us to evaluate whether
LLM-based prompting generalizes across funda-
mentally different forms of temporal structure.
Short descriptions of each dataset can be found
below.

CTU records 24-hour household electricity us-
age patterns and classifies computers as desktops
or laptops, capturing differences in device power-
consumption cycles (Chen et al., 2015). EMG con-
sists of muscle response recordings under electrical
stimulation, categorized into healthy, myopathy,
and neuropathy classes (Goldberger et al., 2000).
HAR contains multivariate accelerometer record-
ings of human activities such as walking, sitting,
and stair climbing, and exhibits substantial inter-
subject variability (Anguita et al., 2013). HAD
similarly contains multivariate human activity data;
we use both the tri-axis accelerometer data and tri-
axis gyroscopic data (Zhang and Sawchuk, 2012).
RWC comprises underwater acoustic recordings
used to detect North Atlantic right whale calls in
the presence of ocean noise (Cox et al., 2006). TEE
originates from the FORTE satellite and classifies
transient electromagnetic events (e.g., lightning
strokes) based on waveform signatures (Eads et al.,
2002).

B.4 Metrics

Let D = {(xi, yi)}Ni=1 denote a test set of N la-
beled time series, where yi ∈ {1, . . . , C} and ŷi
is the predicted class. Let TPc, FPc, FNc denote
the counts of true positives, false positives, and
false negatives for class c under the one-vs-rest
convention.

Macro F1. For each class c, define precision and
recall:

Pc =
TPc

TPc + FPc
, Rc =

TPc

TPc + FNc
.

The classwise F1 is

F1c =
2PcRc

Pc +Rc
.
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Dataset N-Channels Series-Length N-Classes Train Test
cpu 1 720 2 250 250
emg 1 1500 3 267 47
had 6 128 12 34779 7929
har 3 206 6 7,352 2,947
rwc 1 4000 2 25,499 4,501
tee 1 319 7 70 73

Table 16: Summary statistics for all time-series datasets
used in our classification experiments.

Macro F1 averages uniformly across classes:

F1macro =
1

C

C∑

c=1

F1c.

Pass@K. For each test example i, we obtain n
independent generations and mark each generation
as correct/incorrect. Let ci be the number of correct
generations among the n samples for example i (in
our experiments, n = 20). Following the standard
unbiased estimator for pass@K, we define:

̂Pass@Ki = 1−
(
n−ci
K

)
(
n
K

) ,

with the conventions ̂Pass@Ki = 0 if ci = 0, and
̂Pass@Ki = 1 if n − ci < K. We report the

dataset-level score by averaging across examples:

̂Pass@K =
1

N

N∑

i=1

̂Pass@Ki.

∆Pass@K. We quantify the benefit of repeated
sampling by comparing multiple attempts against a
single attempt:

∆ ̂Pass@K = ̂Pass@K − P̂ass@1.

In particular, we report ∆ ̂Pass@20 = ̂Pass@20−
P̂ass@1.

C Dataset Statistics

In Table 16 we report the descriptive statistics of
each of the datasets used in this study. Links for
each dataset can be found below.

Dataset Links

• CTU: https://www.
timeseriesclassification.com/
description.php?Dataset=Computers

• HAD: http://sipi.usc.edu/HAD/

500 1000 1500 2000 2500 3000 3500
Time (2-second window)

0.0

0.1

0.2

0.3

0.4

0.5

Va
r 0

Right Whale Call

Figure 7: For the RWC dataset only, we represent the
data as a spectrogram.

• EMG: https://physionet.org/content/
emgdb/1.0.0/

• HAR: https://archive.ics.uci.
edu/dataset/240/human+activity+
recognition+using+smartphones

• RWC: https://www.
kaggle.com/competitions/
whale-detection-challenge/data

• TEE: https://www.
timeseriesclassification.com/
description.php?Dataset=Lightning7

D Prompting Examples

This section illustrates how time series data are
visualized in the visual domain and how these rep-
resentations are incorporated into the prompting
structures used for evaluation. We show both line-
plot and spectrogram-based visualizations, text-
only (d) prompts for inference, prompts used to
generate prompt-variants, and examples of prompt-
variants themselves.

D.1 Example Plots

Figures 7, 9, & 10 demonstrate how time series
information we represent time series in the visual
domain. For the RWC dataset (Figure 7), follow-
ing the recommendations of Liu et al. (2025), the
time series is rendered as a spectrogram. All other
univariate datasets are visualized as line plots (see
Figure 9 for an example). For multivariate datasets,
each variable is plotted as a separate line with
color-coded legends, expanding to multiple sub-
plots when necessary (Figure10). Axis labels, ti-
tles, and legends are specified by the user prior to
inference. Finally, in Appendix ?? we discuss a
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Figure 8: Example of a plot used for forecasting. This
setup is auto regressive. This means that the look back
window here is 96, but in the next prompt it will be 97
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case 6).
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Figure 9: Example of a univariate time series line plot.

regression experiment serving to encourage addi-
tional research. Figure 8 shows an example of the
type of plot used in these experiments.

D.2 Prompting
Below we show the prompting structure for infer-
ence as well as the prompt used to make the vari-
ants.

Prompts for Inference. Figure 11 shows the in-
stantiated prompt template used to classify the CTU
dataset in the text-only (d) modality. In the visual
(v) modality, the numerical time series is replaced
with an appropriate visualization (see Section D.1).
In the combined (d+v) modality, both the numeri-
cal sequence and the corresponding visualization
are provided. The Additional information that may
help is specified a priori and is adapted directly
from Liu et al. (2025), who demonstrated the effec-
tiveness of this prompting strategy.

Prompts for Prompt-Variant Generation. Fig-
ures 12 and 13 illustrate the prompts used to gener-
ate diverse, meaning-preserving variants. Figure 12
is used to generate variations of the system prompt,
while Figure 13 is used to generate variations of
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Figure 10: Example of a multivariate time series line
plot.

the user message. For both system prompt and
question generation, we issue two batch requests
with batch size B=5, yielding a total of ten unique
variants.

Examples of Prompt Variants. Figures 14, 15,
& 16 present three prompt variants generated
for the HAR dataset. Each variant exhibits dis-
tinct characteristics. For example, Variant 2 (Fig-
ure 15) is substantially more verbose than the oth-
ers, whereas Variant 1 (Figure 14) is the most con-
cise and omits expanded definitions for acronyms
(e.g., using RMS without explicitly stating “Root
Mean Square,” as done in the other examples).
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System Prompt

Play as a computer energy consumption analysis expert: determine whether this computer is a desktop or a laptop
based on the 24-hour power consumption time series.

You will be given a multiple choice question and a time series. Your job is to use the time series to answer the question.
Do not explain your reasoning. Use exactly this format: The answer is [X] CLASS_NAME. Example: The answer
is [D] CABBAGE.

Additional information that may help:

• Total daily consumption: laptops typically consume less power than desktops.

• Patterns over time: laptops may show more uniform usage (sleep/hibernate); desktops may show sharper on/off
contrasts.

• Spikes: desktops may exhibit higher spikes during active use.

• Minimum/baseline: laptops often have lower baselines; desktops may drop near zero if off or stay higher with
peripherals.

• Charging cycles: periodic rises/falls consistent with battery charging suggest a laptop.

• Variability: laptops often have lower variance; desktops may fluctuate more across modes.

• Day/night behavior: strong overnight reductions may indicate sleep behavior typical of laptops.

User Prompt

Dataset: CTU
Question: determine whether this computer is a desktop or a laptop based on the 24-hour power consumption time
series.

Options:

• [A] Desktop

• [B] Laptop

Time series:
0 2 0 4, 0 3 9 5, 0 2 0 4, ... , 1 7 0 9, 1 3 2 6, 2 2 8 3

Output format requirement: The answer is [X] CLASS_NAME

Figure 11: System and user prompts for the CTU dataset. The time series is abbreviated for readability. The
Additional information that may help, question, and options change depending on the dataset.
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Variation Generator: System Prompt Rewriter (System Prompt)

You are a prompt rewriter.
Rewrite the provided SYSTEM PROMPT into N distinct SYSTEM PROMPT variants that preserve meaning, constraints,
and all factual task content, while changing phrasing, structure, and formatting.

Hard constraints (must obey):

• Do NOT add, remove, rename, or reorder any class names.
• Do NOT alter the semantic meaning of any class description.
• Preserve answer-choice letters (e.g., [A], [B]) exactly and in order.
• Preserve required output format strings exactly (punctuation/casing), e.g., "The answer is [X] CLASS_NAME".
• Do NOT introduce new task instructions (e.g., reasoning, confidence).
• Maintain an academically appropriate tone.

Diversity requirements:

• Each variant must differ meaningfully in organization and wording.
• Use multiple presentation styles (headings, bullets, numbered steps, etc.).
• Avoid trivial paraphrases.

Output format (strict): return valid JSON only:

{
"variants": [
{"id": 1, "system_prompt": "..."},
{"id": 2, "system_prompt": "..."}

]
}

No extra keys. No markdown. No commentary.

Variation Generator: System Prompt Rewriter (User Message Template)

Per-batch request (batch size = B):
Generate B rewritten variants of the following.

IMPORTANT:
- Do NOT change class names.
- Do NOT change answer letters or their order.
- Do NOT change the required answer format.
- Output must be valid JSON only.

<BASE_SYSTEM_PROMPT>

Batching: if total variants = N and batch size = B, the script makes N/B calls and then renumbers variant ids globally.

Figure 12: System and user prompts for system prompt variation generation. <BASE_SYSTEM_PROMPT> is replaced
by the system prompt shown in Figure 11 or by the dataset-specific base system prompt used for evaluation. Two
batch requests with batch size B=5 are used, producing ten total system prompt variants.
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Variation Generator: General Question Rewriter (System Prompt)

You are a question rewriter.
Your task is to rewrite a GENERAL QUESTION into N distinct variants that preserve the task, label space, and decision
criteria, while changing wording, structure, and phrasing.

Hard constraints (must obey):

• Do NOT change, rename, remove, or reorder answer choices.
• Preserve answer-choice letters exactly (e.g., [A], [B]) and their order.
• Do NOT introduce new labels, hints, or constraints.
• Do NOT add explanations, reasoning instructions, or output formatting rules.
• The rewritten question must ask the same classification decision.

Diversity requirements:

• Each variant must differ meaningfully in wording and structure.
• Vary tone (instructional vs. role-based), sentence structure, and framing.
• Avoid trivial paraphrases.

Output format (strict): return valid JSON only:

{
"variants": [
{"id": 1, "question": "..."},
{"id": 2, "question": "..."}

]
}

No extra keys. No markdown. No commentary.

Variation Generator: General Question Rewriter (User Message Template)

Per-batch request (batch size = B):
Generate B rewritten variants of the following.

IMPORTANT:
- Do NOT change the answer choice letters, names, or their order.
- Do NOT add output formatting rules.
- Do NOT add reasoning/explanation instructions.
- Output must be valid JSON only.

<BASE_GENERAL_QUESTION>

Batching: if total variants = N and batch size = B, the script makes N/B calls and then renumbers variant ids globally.

Figure 13: System and user prompts for general question variation generation. <BASE_GENERAL_QUESTION> is
replaced by the dataset-specific general question used for evaluation (e.g., determine whether this computer . . . from
Figure 11). As in system prompt variation generation, we issue two batch requests with batch size B=5 to obtain
ten total question variants.
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Example Prompt Variations (Feature list with enumerated structure)

Variant 1.
You are tasked with human activity recognition based on tri-axial accelerometer
data (x, y, z) collected over time. Presented with a multiple-choice question
and corresponding time series data, your responsibility is to select the correct
activity. Provide your answer strictly in the following format:
"The answer is [X] CLASS_NAME" (e.g., "The answer is [D] CABBAGE"), without any
explanations.

Key features to consider for accurate classification include:
1. Statistical: mean, standard deviation, variance, median, range, IQR
2. Time-domain: RMS, zero crossing rate, signal magnitude area, time between peaks
3. Frequency-domain: FFT, PSD, spectral entropy, peak frequency
4. Correlation-based: correlations between axes
5. Geometrical: angles between axes, magnitude of acceleration vector
6. Entropy-based: signal entropy

Utilize these feature types to interpret the accelerometer signals and determine
the human activity. Analyze the sequence of tri-axial accelerometer measurements
(x, y, z) collected over time and classify the observed human activity into one
of these categories:
[A] WALKING [B] WALKING_UPSTAIRS [C] WALKING_DOWNSTAIRS [D] SITTING [E] STANDING [F] LAYING

Figure 14: Example one of three meaning-preserving prompt variations for human activity recognition.

Example Prompt Variations (Sectioned guidance with descriptive bullets)

Variant 2.
As an expert in human activity recognition, your task is to identify the activity
from the tri-axial accelerometer data (x, y, z) recorded over time. You will
receive a multiple-choice question along with the time series data. Use the time
series to select the correct answer without providing any explanation. Respond
strictly in the following format: "The answer is [X] CLASS_NAME". For example:
"The answer is [D] CABBAGE".

Additional guidance:
When analyzing accelerometer data for activity recognition, consider extracting
the following features:

1. Statistical Features:
- Mean: Average acceleration per axis. - Standard Deviation: Variation in acceleration values.
- Variance: Spread of data points around the mean. - Median: Middle value splitting the data.
- Range: Difference between max and min values.
- Interquartile Range (IQR): Spread between 25th and 75th percentiles.
2. Time-domain Features:
- Root Mean Square (RMS): Magnitude of acceleration. - Zero Crossing Rate (ZCR): Frequency of signal sign changes.
- Signal Magnitude Area (SMA): Energy expenditure over time. - Time between Peaks: Duration between local maxima.
3. Frequency-domain Features:
- Fast Fourier Transform (FFT): Frequency components analysis.
- Power Spectral Density (PSD): Power distribution across frequencies.
- Spectral Entropy: Complexity of frequency distribution.
- Peak Frequency: Dominant frequency component.
4. Correlation-based Features:
- Correlation between Axes: Coordination of movement.
5. Geometrical Features:
- Angles between Axes: Body orientation.
- Magnitude of Acceleration Vector: Overall acceleration magnitude.
6. Entropy-based Features:
- Signal Entropy: Complexity of the acceleration signal.

Using the tri-axial accelerometer data (x, y, z) recorded over time, identify
which human activity is being performed. Choose from the following options:
[A] WALKING [B] WALKING_UPSTAIRS [C] WALKING_DOWNSTAIRS [D] SITTING [E] STANDING [F] LAYING

Figure 15: Example two of three meaning-preserving prompt variations for human activity recognition.
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Example Prompt Variations (Compact rubric-style presentation)

Variant 3.
As a professional in human activity recognition, your responsibility is to
identify the activity from tri-axial accelerometer data (x, y, z) recorded over
time. You will be provided with a multiple-choice question and the time series
data. Use the data to select the correct answer without any explanation,
adhering strictly to the format: "The answer is [X] CLASS_NAME". Example:
"The answer is [D] CABBAGE".

Consider these feature types when analyzing the accelerometer signals:
1) Statistical Features: mean, standard deviation, variance, median, range,

interquartile range.
2) Time-domain Features: root mean square (RMS), zero crossing rate (ZCR),

signal magnitude area (SMA), time between peaks.
3) Frequency-domain Features: fast Fourier transform (FFT), power spectral

density (PSD), spectral entropy, peak frequency.
4) Correlation-based Features: correlation between axes.
5) Geometrical Features: angles between axes, magnitude of acceleration vector.
6) Entropy-based Features: signal entropy.

Acting as a specialist in human activity recognition, use the tri-axial
accelerometer readings (x, y, z) collected over time to classify the performed
activity. Your options are:
[A] WALKING [B] WALKING_UPSTAIRS [C] WALKING_DOWNSTAIRS [D] SITTING [E] STANDING [F] LAYING

Figure 16: Example three of three meaning-preserving prompt variations for human activity recognition.

System Prompt

You are an expert in energy grid analytics.
You are analyzing Oil Temperature (OT) from an electricity transformer.

User Prompt (Multimodal dv Example)

Attached is a plot showing the last 96 hours. The raw values for those hours are:

12.55, 12.82, 13.10, ... , 14.22, 14.50

[Plot is injected here (See Figure 8)]

### TASK
Forecast the next hour of OT values (a single value).

### CONSTRAINTS

• Your output should strictly follow the format: ’I predict the next hour will be <value>’

### OUTPUT Example
I predict the next hour will be 37.6

Figure 17: System and user prompts for the forecasting experiment on the ETT-small dataset. The example
represents the multimodal (dv) setting.
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Hyperparameter Value

Model Architecture GPT-2 (6 layers, pre-trained)
Model Dimension 768
Patch Size 16
Stride 16
Optimizer RAdam
Learning Rate 0.001
Batch Size 64
Training Epochs 50
Dropout 0.1
Loss Function Cross-Entropy

Table 17: Hyperparameters and training configuration
for OneFitsAll model

E Hyperparameters

wFor reproducibility, we provide the complete hy-
perparameter configurations for all baseline meth-
ods. These settings were either adopted from the
original publications or carefully tuned to ensure
fair comparison across all methods on our datasets.

E.1 OneFitsAll

All deep learning models are implemented in Py-
Torch using the Hugging Face Transformers li-
brary (Wolf et al., 2020). We employ a GPT-2-
based architecture (Radford et al., 2019) where the
pre-trained GPT-2 model serves as the backbone,
with most parameters frozen, only the layer nor-
malization and positional embedding layers remain
trainable. The input time series are processed using
a patching strategy, where patches are embedded
into a high-dimensional space before being fed to
the transformer layers. Training is performed using
the RAdam optimizer (Liu et al., 2020) with cross-
entropy loss, and model performance is evaluated
using 5-fold stratified cross-validation on the train-
ing set. Standardization normalization is applied
to input features, and the model is evaluated on
a separate held-out test set using accuracy as the
key metric. All hyperparameters are summarized
in Table 17.

E.2 Attend

We implement our experiments using PyTorch. Our
network is trained end-to-end using the Adam op-
timizer (Kingma and Ba, 2017) with a learning
rate that decays periodically. The training data is
partitioned into segments using a sliding window
approach with 50% overlap between adjacent win-
dows. We employ mixup augmentation as a regular-

Hyperparameter Value

Epochs 300
Batch size 256
Learning rate 10−3

LR decay factor 0.9
LR decay step 10 epochs
Sliding window (W ) 24
Window overlap 50%
Mixup α 0.8
Center loss weight (β) 0.3
Dropout (features) 0.5
Dropout (RNN) 0.25
Dropout (classifier) 0.5
Hidden dimension 128
Filter size 5
Number of filters 64

Table 18: Training hyperparameters for Attend and Dis-
criminate model

ization technique and incorporate center loss to en-
courage intra-class compactness in the learned fea-
ture space. Dropout is applied at multiple stages of
the network, including the RNN layers and the clas-
sifier, to prevent overfitting. Model performance
is evaluated using 5-fold cross-validation to ensure
robust and reliable results. All hyperparameters are
summarized in Table 18.

E.3 InstructTime

We implement InstructTime using Python 3.12.7
and PyTorch 2.7.1 on an Nvidia H200 GPU. The
framework consists of two stages: (1) a TSto-
kenizer (VQ-VAE) (van den Oord et al., 2017)
for time series discretization, and (2) an Instruct-
Time model built upon the pre-trained GPT-2 lan-
guage model (Radford et al., 2019) for classifi-
cation. For the TStokenizer, we employ stan-
dard VQ-VAE training settings with mean pooling.
For the InstructTime model, we use AdamW opti-
mizer (Loshchilov and Hutter, 2019) with weight
decay and employ a cosine annealing learning rate
scheduler with warmup (Loshchilov and Hutter,
2017). Following prior work on pre-trained lan-
guage models, we use a smaller learning rate and
batch size compared to training from scratch, as
the PLM has been pre-trained with a large num-
ber of parameters. Mixed-precision training (Mi-
cikevicius et al., 2018) is enabled using PyTorch’s
automatic mixed precision (AMP) to accelerate
computation. The detailed hyperparameter settings
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Hyperparameter Value

TStokenizer (VQ-VAE)

Hidden dimension (dmodel) 64
Codebook size (nembed) 256
Wave length 24
Training epochs 60
Batch size (train/test) 32 / 64
Learning rate 5× 10−4

Learning rate decay 0.99
Weight decay 1e−5

InstructTime

Batch size 16
Learning rate 1e−5

Weight decay 0.01
Warmup ratio 0.05
Training epochs 300
Max sequence length 230
Random seed 2024

Table 19: Hyperparameter settings for TStokenizer and
InstructTime models

Hyperparameter Value

Backbone model AutonLab/MOMENT-1-large
Task name classification
Series batch size 64
Window length (W ) 512
Window stride 512
Patch length 8

Table 20: Hyperparameters for Moment baseline.

for both stages are summarized in Table 19.

E.4 Moment Embedding Extraction

We extract fixed-length embeddings using the
pretrained AutonLab/MOMENT-1-large pipeline.
Each time series is z-normalized using a per-
channel StandardScaler fit on the training split
and reused for the test split. To handle sequences
longer than the model window, each series is seg-
mented into non-overlapping windows of length
W=512 with left-padding for the final partial win-
dow; an input mask marks padded positions. MO-
MENT outputs patch embeddings with patch length
8, which we average over the valid (non-padded)
patches to obtain a window embedding. Window
embeddings are then aggregated into a single series
embedding using a length-weighted average across
windows. All configuration values are summarized
in Table 20.

Hyperparameter Value

Representation Dimension 320
Hidden Channels 64
Residual Blocks 10
Kernel Size 3
Batch Size 8
Crop Length 3000
Normalization Z-score (per channel)
Learning Rate .0001
Epochs 10 or 30

Table 21: Hyperparameters and training configuration
for TS2Vec.

E.5 TS2Vec
We implement TS2Vec using the authors’ official
PyTorch implementation, and, with the exception
of epochs, used a fixed set of hyperparameters
across all datasets. We used 10 training epochs for
larger datasets (HAD, RWC, HAR) and 30 epochs
for our smaller datasets (CTU, EMG, TEE). Input
time series are standardized prior to training, and
representations are extracted from the final encoder
layer for downstream evaluation. All hyperparame-
ters are summarized in Table 21.

F Use of AI Assistants

We used AI to help clean up and help with writing,
but all thoughts and work are our own.
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