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Abstract

Recent studies have explored adapting LLMs
to time series tasks by leveraging language rea-
soning paradigms. However, it remains un-
clear whether reasoning strategies are effective
across time series tasks with diverse tempo-
ral structures. In this work, we systematically
investigate this practice using five general rea-
soning strategies across 12 LLMs and 20 public
datasets, together with a self-constructed bench-
mark of approximately 18k QA pairs. Our re-
sults show that general reasoning strategies are
not universally beneficial: their effectiveness
depends on alignment with task-specific tempo-
ral decision structures and output spaces, rather
than on model scale or complexity. We fur-
ther observe that prior information and com-
mon time series pre-processing techniques ex-
hibit strong task-dependent effects. Based on
these findings, we propose three time-aware
reasoning strategies that explicitly model tem-
poral regimes, latent dynamics, and output un-
certainty. Across four tasks, they consistently
outperform generic reasoning strategies, and
enable reasoning to better benefit from larger
model scales and multi-sampling. Our study
highlights the importance of temporal struc-
ture awareness in designing reliable reasoning
strategies. Our code and datasets.

1 Introduction

Time series data are pervasive across a wide range
of real-world applications (Dau et al., 2019; Is-
mail Fawaz et al., 2019; Dalla et al., 2026; Liu
et al., 2026a). Traditional research on time se-
ries analysis has relied on statistical methods or
carefully designed models, with a strong empha-
sis on modeling numerical patterns (Torres et al.,
2021; Zhou et al., 2023b). In recent years, large
language models (LLMs) have demonstrated re-
markable capabilities in language reasoning, which
has motivated growing interest in a fundamental
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question: can LLMs be effectively applied to time
series reasoning tasks, and if so, how should they
be utilized?

Recent studies have explored transforming time
series into natural language descriptions, enabling
LLMs to perform downstream tasks (Xue and
Salim, 2023; Kong et al., 2025; Qiu and Liu, 2026).
They often draw inspiration from successful prac-
tices in language reasoning, such as direct prompt-
ing and multi-step reasoning strategies (Zhou and
Yu, 2025; Liu et al., 2024a, 2025b). However, most
existing methods implicitly rely on an assumption
that has yet to be rigorously validated in the context
of time series analysis: does introducing more elab-
orate reasoning processes improve performance?
Moreover, as model scale increases, do reasoning
chains continue to benefit time series tasks?

In contrast to language, time series data are gov-
erned by temporal structures and dynamic con-
straints (Herzen et al., 2022; Zeng et al., 2023).
It raises a fundamental concern as to whether
language-based reasoning paradigms, can faithfully
respect such temporal constraints. In particular,
for interpretability-oriented or open-ended settings,
fluent reasoning narratives may obscure violations
of underlying temporal consistency. Another un-
resolved issue concerns the task-specific sensitiv-
ity of reasoning strategies. Although forecasting,
classification, anomaly detection, and open-ended
question answering all operate on time series, they
rely on temporal information in markedly different
ways. This raises a key question: can a unified
reasoning strategy remain effective across diverse
time series tasks? In addition, the role of prior
information, such as timestamps and background
description, and time series pre-processing tech-
niques (e.g., decomposition and normalization) re-
mains poorly understood across different reasoning
paradigms (Jin et al., 2024; Pan et al., 2024; Liu
et al., 2025a).

In this work, we conduct a systematic study of
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five general reasoning strategies across six model
families and twelve LLMs, using 20 publicly avail-
able real-world datasets comprising ∼18k QA
pairs. The evaluation covers three types of nu-
merical tasks and three types of QA tasks. We
find that reasoning strategies are not universally
beneficial: their effectiveness primarily depends
on whether the reasoning form aligns with the
task’s decision structure and output space, rather
than on model scale or the complexity of reason-
ing steps. Moreover, time series prior information
and pre-processing exhibit strong task dependence.
We therefore propose three time-aware reasoning
strategies that explicitly model temporal regime
segmentation, latent dynamics, and distributional
outputs, respectively, addressing the lack of tempo-
ral structure awareness in generic reasoning strate-
gies. Our designs improve the stability and reli-
ability of LLMs in time series analysis. Across
four task categories, they consistently outperform
generic reasoning strategies and mitigate the mis-
match between reasoning strategies and time series
tasks, enabling reasoning to better benefit from
larger model scales and techniques.

Our contributions can be summarized as follows:

1. We empirically show that generic reasoning is
fragile for time series. Across models, tasks,
and scales, reasoning helps only when its
structure matches the temporal decision space.

2. We identify time series–specific sources of rea-
soning failure. Prior information and common
pre-processing techniques introduce strong
task-dependent effects, explaining why rea-
soning strategies succeed in some settings but
fail in others.

3. We provide a principled fix via time-aware
reasoning. Our three time-aware designs re-
store temporal alignment, yielding consistent
gains, improved stability.

2 Related Work

Reasoning Strategy for LLMs. Reasoning
strategies for LLMs has rapidly advanced and
demonstrated strong effectiveness across multiple
modalities and challenging tasks (Zhang et al.,
2024; Wang et al., 2024a; Yang et al., 2025). Start-
ing from Direct Prompting, more sophisticated rea-
soning strategies such as Chain-of-Thought (Wei
et al., 2022), Self-Consistency (Wang et al., 2023),

Least-to-Most (Zhou et al., 2023a), and Tree-of-
Thoughts (Yao et al., 2023) have been proposed
to enhance complex problem-solving capabilities.
They have been shown to improve performance
in medical applications (e.g., clinical QA (Wu
et al., 2025)), vision tasks (e.g., visual reason-
ing (Dong et al., 2025; Li et al., 2025)), and
mathematical problem solving (e.g., step-by-step
proofs(Yu et al., 2025; Mukherjee et al., 2025)).
In the time series domain, LSTPrompt (Liu et al.,
2024a) and TimeReasoner (Cheng et al., 2026)
have also adopted reasoning-enhanced approaches
to strengthen performance. However, existing rea-
soning strategy for time series are often evaluated
in isolated settings, providing limited insights into
their effectiveness across different task formula-
tions (Ye et al., 2025).
LLM-Based Time Series Analysis. A growing
body of work has investigated the use of LLMs
for time series analysis tasks such as forecast-
ing (Gruver et al., 2023; Liu et al., 2024b), classifi-
cation (Tao et al., 2024; Jing et al., 2025), anomaly
detection (Liu et al., 2025c) and QA (Kong et al.,
2025; Gan et al., 2026). For example, CrisisTS
combines textual crisis reports with meteorologi-
cal time series information to enhance multilingual
urgency assessment, outperforming text-only ap-
proaches (Meunier et al., 2025). Time-MQA (Kong
et al., 2025) supports multi-task time series QA
by combining language reasoning with temporal
data, and ITFormer (Wang et al., 2025b) presents
an end-to-end framework that integrates time se-
ries modeling with language generation to enable
complex multimodal QA in engine maintenance
scenarios. In heterogeneous and long-horizon time
series scenarios, the reliance of these methods on
language-driven reasoning also indicates that effec-
tively leveraging the potential of LLMs for time
series analysis is important.

3 Preliminary

3.1 Task Definition
Given a time series of length L, X = {xt}Lt=1, we
considering the following four time series tasks.
Classification (Cla) Task. The goal of time-
series classification is to assign the input sequence
X to a predefined label space Y by learning a map-
ping function f(·): ŷ = f(x1,x2, . . . ,xL), ŷ ∈ Y.
Anomaly Detection (Ano) Task. Given the input
sequence X, anomaly detection aims to identify
whether each time step corresponds to a normal
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or anomalous state: ât = f(xt | x1:t−1), ât ∈
{0, 1}, t = 1, . . . , L.

Forecasting (Fore) Task. Time-series forecast-
ing aims to predict future values over a hori-
zon of length H based on historical observations:
x̂L+1:L+H = f(x1:L).

Question Answering (QA) Task. Given the time
series X and a question q, the goal is to generate a
textual answer a that is consistent with the under-
lying temporal dynamics: â = f(q | x1:L).

3.2 General Reasoning Strategies
We consider five general strategies. Direct Prompt-
ing (DiP) directly queries the model with the
task instruction. Chain-of-Thought (CoT) (Wei
et al., 2022) encourages step-by-step reasoning by
prompting the model to generate intermediate rea-
soning steps. Least-to-Most (L2M) (Zhou et al.,
2023a) decomposes a complex problem into a se-
quence of simpler sub-problems and solves them
progressively. Tree-of-Thoughts (ToT) (Yao et al.,
2023) explores multiple reasoning paths in parallel
and selects among them based on intermediate eval-
uations. Self-Refine (SRF) (Madaan et al., 2023)
iteratively improves an initial answer by generating
self-feedback and refining the outputs.

3.3 System Configuration
Models. We select Qwen-2.5-(7B, 14B, 32B, and
72B) Instruct (Yang et al., 2024), LLaMa-3-
(8B and 70B) Instruct (Grattafiori et al., 2024),
Ministral-3-(3B, 8B and 14B) Instruct (Mis-
tral AI, 2024) and Phi-4-mini Instruct (Aboue-
lenin et al., 2025) to examine scaling effects
within a single model family as well as cross-
architecture comparisons. We also include Gemini-
2.0-Flash (Google DeepMind, 2024) and GPT-
4o (OpenAI, 2024) as closed-source models to
provide a more comprehensive view.

Datasets. For the three types of numerical tasks,
we evaluate our select a total of 20 publicly avail-
able real datasets. Specifically, for Cla task, we
use the RWC, TEE, ECG, EMG, CTU, and HAR
datasets, covering diverse time series types. For
Ano task, we adopt the KPI, WSD, Yahoo, NAB,
and NASA (M, S) datasets. For Fore task, we
consider the ETTh (1,2), ETTm (1,2), AQShunyi,
NASDAQ, NN5, and Wind datasets. For the QA
task, we design four types of questions: descrip-
tive questions, relational questions, explanatory
questions, and inferential questions. The resulting

QA dataset comprises 4,965 true-false questions
(TFQs), 5,877 multiple choice questions (MCQs),
and 6,844 open-ended questions (OPQs).
Evaluation Protocol. For the three numerical
tasks, the Cla task is evaluated using accuracy.
The Ano task covers both point anomalies and
interval anomalies, and is evaluated with the F1-
score. The Fore task is evaluated using mean ab-
solute error (MAE), which reflects the deviation
between predicted sequences and the ground truth.
In Fore task, the input length and horizons are set
to {L :192, H :192}, except for NASDAQ, where
{L : 48,H : 48} is used. For the QA tasks, we
evaluate TFQs and MCQs using accuracy, as each
question has a single correct answer, and OPQs are
assessed with ROUGE-L (Lin, 2004).
Implement Details. We deploy open-source
LLMs using vLLM (Kwon et al., 2023), with top-
p sampling set to 0.9 and temperature set to 0.7.
Closed-source models are accessed via their official
APIs with default configurations. For iterative rea-
soning strategies, including ToT and SRF, the rea-
soning process is performed overN rounds. Specif-
ically, ToT evaluates N candidate paths and selects
the best one, while SRF iteratively refines the pre-
diction from the final round. For non-iterative rea-
soning strategies, including DiP, CoT, and L2M,
we generate N independent responses in parallel
and determine the final answer via majority vot-
ing. Throughout all experiments, unless otherwise
specified, N is set to 5.

4 Exploring General Reasoning
Strategies for Time Series Analysis

This section takes a holistic view of how general
reasoning strategies operate in time series analysis.

4.1 Research Questions (RQs)

RQ1: Are general reasoning strategies uni-
versally beneficial for time series analysis?

General reasoning strategies have proven effec-
tive in language and symbolic tasks (Xu et al., 2024;
Ranaldi et al., 2025). However, time series analy-
sis demands sensitivity to temporal structure and
numerical precision. Without explicitly encoding
such structures, these reasoning strategies may not
fully realize their advantages. Motivated by this
gap, we evaluate whether general reasoning strate-
gies constitute a universally effective inductive bias
for time series analysis.
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RQ2: Do more samples better leverage
reasoning strategies?

Many reasoning strategies can be combined with
multiple sampling to improve answer quality (Wan
et al., 2025). Iterative methods perform multi-
round refinement or explore multiple paths, and
non-iterative strategies may benefit from parallel
sampling. However, it remains unclear whether in-
creasing sampling times improves the effectiveness
of reasoning strategies in time series analysis.

RQ3: Does incorporating prior information
benefit reasoning strategies?

Some studies suggest that prior information pro-
vides models with additional contextual cues (Yang,
2025; Kong et al., 2025). Timestamp encodes tem-
poral positions, facilitating reasoning aligned with
temporal structure, and background descriptions
offer high-level semantic context, such as domain,
scenario, or system state, reducing reasoning ambi-
guity. However, whether such priors can be trans-
lated into improved performance remains unclear.

RQ4: Does time series pre-processing help
reasoning strategies perform better?

Time series pre-processing techniques are com-
monly regarded as helpful for highlighting salient
information (Pan et al., 2024; Kreuzer et al., 2025).
In particular, decomposition separates the original
sequence into trend, seasonal, and residual com-
ponents, revealing structural patterns, and normal-
ization removes scale variations and unit discrep-
ancies. Although they simplify the input space,
whether they can reliably enhance reasoning strate-
gies remains an open question.

RQ5: Do larger models benefit more from
reasoning strategies?

Previous studies have shown that scaling model
parameters yields greater performance gains under
more complex reasoning strategies (Wang et al.,
2025a; Balachandran et al., 2025). However, in
time series analysis, reasoning is constrained by nu-
merical modeling and temporal dependencies, and
whether larger models can more effectively lever-
age reasoning strategies remains under-explored.
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Figure 1: Performance comparison of five reasoning strategies
across six tasks. Accuracy (↑, %), F1-score (↑), ROUGE-L
(↑), and MAE (↓) are reported as averages over six models.
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Figure 2: Comparison with baselines across three tasks.

This relationship determines when scaling truly im-
proves analytical capability.

4.2 Empirical Results

RQ1. We select four open-source models, includ-
ing Qwen-2.5-7B Instruct, LLaMA-3-8B Instruct,
Ministral-3-3B Instruct, and Phi-4-mini Instruct,
together with two closed-source models, Gemini-
2.0-Flash and GPT-4o, resulting in a total of six
models. They are evaluated on four time series anal-
ysis tasks under five general reasoning strategies,
which include DiP, CoT, L2M, ToT, and SRF.

As shown in Fig. 1, on the Cla and Ano tasks,
ToT and SRF generally improve performance,
whereas CoT and L2M tend to degrade it. In con-
trast, for OPQs task, the trend is reversed. For
TFQs and MCQs tasks, all four reasoning strate-
gies lead to consistent performance gains. However,
none of the strategies improves performance on the
Fore task; instead, they result in higher MAE.

As shown in Fig. 2, we compare our time-
aware strategies with specialized time series mod-
els (TFPS (Sun et al., 2026), TSLANet (Eldele
et al., 2024) and TimeXer (Wang et al., 2024b)) and
LLM-based time series baselines (LLM-TS (Chen
et al., 2025), TimeCMA (Liu et al., 2025a), SE-
LLM (Liu et al., 2026b) and FSCA (Hu et al.,
2025)). The results show that an appropriate reason-
ing strategy can outperform dedicated time series
architectures and existing time series LLMs.
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Figure 3: Average performance of general reasoning strategies
across six models with different sampling times.

Takeaway of RQ1: Non-iterative strategies
(CoT, L2M) often underperform DiP on
Cla, Ano, and Fore tasks, but benefit QA
tasks, but iterative strategies (ToT, SRF)
improve Cla, Ano, TFQs, and MCQs tasks,
yet perform poorly on Fore and OPQs tasks.

RQ2. We gradually increase the sampling times
from 1 to 5, 10, 20, and 30 to examine how the
performance of reasoning strategies varies across
tasks, while keeping all other settings fixed.

As shown in Fig. 3, for the Cla, Ano, and OPQs
tasks, increasing sampling times leads to perfor-
mance improvements for DiP, CoT, and L2M. For
the TFQs and MCQs tasks, all reasoning strategies
benefit from increased sampling. In the remaining
cases, increasing sampling times yields no clear
gains or even degrades performance.

Takeaway of RQ2: Increasing sampling
times tends to benefit DiP, CoT, and L2M
on Cla, Ano, and OPQs tasks, and all strate-
gies on TFQs and MCQs tasks, with limited
or negative effects elsewhere.

RQ3. For the Cla, Ano, and Fore tasks, inputs
include the time series together with prior infor-
mation (timestamps and background descriptions,
BDs). We evaluate reasoning strategies on the six
models by ablating these components individually.

As shown in Fig. 4, the Cla and Ano tasks are
evaluated using Accuracy and F1-score, where
higher values indicate better performance. Re-
moving BDs leads to performance degradation, but
timestamps have a relatively smaller impact. In con-
trast, the Fore task is evaluated using MAE, where
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Figure 4: Impact of prior information ablation on reasoning
strategies, averaged over six models.
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Figure 5: Impact of time series pre-processing on reasoning
strategies, averaged over six models.

larger values indicate higher errors, and timestamps
have a much greater impact than BDs.

Takeaway of RQ3: Cla and Ano rely more
on background descriptions, but Fore is
more sensitive to timestamps.

RQ4. In addition to prior information, we exam-
ine the impact of time series pre-processing on rea-
soning strategies using three approaches: time se-
ries decomposition, Z-score normalization (Hastie
et al., 2009), and RevIN (Kim et al., 2021).

Results show that pre-processing has little ben-
efit for the Cla and Ano tasks; in particular, z-
score normalization and RevIN often lead to severe
performance degradation. However, all methods
improve performance on the Fore task, with the
gains being most pronounced for CoT and L2M, as
shown in Fig. 5.

Takeaway of RQ4: Pre-processing is
largely ineffective for Cla and Ano tasks,
often harmful with z-score normalization
and RevIN, but consistently benefits Fore,
especially under CoT and L2M.

RQ5. Using nine models from three families,
Qwen-2.5 Instruct (7B, 14B, 32B, 72B) ,
LLaMA-3 Instruct (8B, 70B) , and Ministral-
3 Instruct (3B, 8B, 14B) , we investigate
whether larger models benefit more from reasoning
strategies.

As shown in Fig. 6, performance on TFQs and
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Figure 6: Performance trends of different reasoning strategies
as model parameters increases within the Qwen-2.5 Instruct.

MCQs tasks generally improves with increasing
model size across all reasoning strategies. For Cla
and Ano tasks, ToT and SRF exhibit stable gains,
while other strategies show marginal improvements
or even performance degradation in some cases.

Takeaway of RQ5: Across all cases, model
scaling tends to benefit TFQs and MCQs
tasks across strategies, while only ToT and
SRF show gains on Cla and Ano tasks.

4.3 Understanding When and Why Reasoning
Strategies Help

Reasoning strategies act as task-specific inductive
biases rather than universal performance boost-
ers. A strategy improves performance only when
its induced reasoning structure aligns with task re-
quirements; otherwise, additional reasoning may
introduce noise and degrade decision-making.

The effectiveness of reasoning is governed by
the task’s output space and decision structure.
Reasoning benefits tasks with discrete, finite an-
swer spaces (e.g., Cla and QA tasks) by enabling
comparison and calibration of candidate decisions,
whereas for continuous regression tasks, the lack of
clear decision boundaries makes reasoning harder
to constrain and prone to error amplification.

Iterative reasoning is more robust under deci-
sion uncertainty, while non-iterative reasoning is
more susceptible to noise amplification. Iterative
strategies such as ToT and SRF improve stability
by exploring multiple reasoning paths or applying
self-refinement, whereas non-iterative strategies
like CoT and L2M rely on one-shot reasoning and
are more vulnerable.

Reasoning strategies are highly sensitive to in-
put representations, with semantic and temporal
priors playing task-dependent roles. Semantic
priors benefit Cla and Ano tasks by providing high-

level context, whereas Fore tasks rely more on tem-
poral alignment. Pre-processing techniques that
favor Fore task may distort relative structures in
Cla and Ano tasks, potentially weakening reason-
ing effectiveness.

Model scaling amplifies reasoning patterns that
align with task structure, but cannot compensate
for mismatched reasoning strategies. Empirical
results show that larger models yield consistent
gains for discrete decision tasks, while in tasks
such as Cla and Ano tasks, only iterative strategies
(e.g., ToT and SRF) scale reliably. It indicates that
scaling primarily strengthens task-aligned reason-
ing modes, rather than rescuing ineffective ones,
making alignment between reasoning form and task
demands the key factor governing performance.

5 When Reasoning Meets Temporal
Structure

Sec. 4 reveals substantial instability in the effective-
ness of general reasoning strategies for time series
analysis tasks. It may partly stem from the fact that
most reasoning strategies are primarily designed for
general language tasks and lack explicit structural
awareness of key time series properties (Leppich
et al., 2025; Zhang et al., 2025).

5.1 Time-Aware Reasoning Strategies
Temporal Regime Segmentation (TRS). Many
time series tasks are governed by stage-wise dy-
namics, where mixing heterogeneous regimes. A
time series can be decomposed into multiple seg-
ments with distinct temporal characteristics:

x1:T =
K⋃

k=1

xτk−1+1:τk , 0 = τ0 < · · · < τK = T,

where τk denotes latent change points that separate
different dynamic stages. Segment-wise reasoning
results are then aggregated:

y = g
(
f(x1:τ1), . . . , f(xτK−1+1:T )

)
, (1)

where f(·) denotes the segment-level reasoning
function and g(·) aggregates reasoning outcomes.
Latent Dynamics Modeling (LDM). Reasoning
over individual observations may obscure long-
range temporal dependencies, whereas latent dy-
namics provide a compact abstraction of system
evolution. A time series is modeled as a latent dy-
namical process, where observations are generated
from evolving hidden states:

zt = h(zt−1, ut), xt = g(zt) + ϵt,
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Table 1: Comparison of reasoning strategies on time-series
analysis tasks, reported as the average performance across
six models. Bold and underlined values indicate the best and
second-best results for each task, respectively.

Task Cla Ano Fore TFQs MCQs OPQs
Metric Acc.↑(%) F1↑ MAE↓ Acc.↑(%) Acc.↑(%) ROUGE-L↑

General Reasoning Strategies

DiP 41.5 0.53 0.62 71.4 65.9 17.2
CoT 35.1 0.44 0.75 75.4 68.7 18.6
L2M 37.9 0.45 0.78 73.5 67.4 17.7
ToT 44.2 0.56 0.65 75.0 66.8 12.2
SRF 45.4 0.58 0.67 77.3 70.6 14.1

Time-Aware Reasoning Strategies

TRS 56.9 0.66 0.57 75.8 72.6 19.8
LDM 49.2 0.59 0.58 85.5 77.3 23.4
DOM 48.5 0.61 0.51 81.4 74.0 21.5

where zt denotes the latent system state at time t,
ut represents contextual influences, and ϵt captures
observation noise. The final output is derived from
the entire latent trajectory: y = ψ

(
{zt}Tt=1

)
.

Distributional Output Modeling (DOM). Time
series analysis task often involves noise, non-
stationarity, and limited observations, making a
single deterministic output insufficient to reflect the
model’s uncertainty. DOM represents the model
output in a distributional form:

y ∼ p(y | x1:T ),Unc(y) = U(p(y | x1:T )) ,

where Unc(·) denotes an uncertainty measure. Dur-
ing inference, we rank candidate outputs by jointly
considering expected utility and uncertainty:

y∗ = argmax
y

E[U(y)]−Unc(y), (2)

where U(·) instantiates the task-specific utility
(e.g., likelihood of the correct option for QA tasks).

5.2 Empirical Evaluation
Based on the three time-aware reasoning perspec-
tives introduced above, we conduct an empirical
evaluation to assess their effectiveness. We eval-
uate them across six models (Qwen-2.5-7B In-
struct, LLaMA-3-8B Instruct, Ministral-3-3B In-
struct, Phi-4-mini Instruct, Gemini-2.0-Flash and
GPT-4o) and six categories of tasks.

Tab. 1 reports the average results across six mod-
els. Compared with the best-performing general
reasoning strategy, the best time-aware reasoning
strategy achieves relative performance improve-
ments of 25.3%, 13.8%, 17.7%, 10.6%, 9.5%, and
25.8% on the six tasks, respectively.

Further analysis reveals that the advantages of
different time-aware reasoning strategies exhibit

strong task dependency. TRS achieves the most
pronounced performance gains on Cla and Ano
tasks. TRS effectively mitigates decision interfer-
ence caused by mixing heterogeneous temporal
regimes. In contrast, LDM demonstrates strong
performance on Fore task and QA tasks (TFQs,
MCQs, and OPQs). LDM better aligns with the
decision structure of Fore tasks, leading to a sub-
stantial reduction in MAE. Moreover, in QA tasks
that require integrating multiple temporal cues, la-
tent dynamic modeling helps suppress the influ-
ence of local noise. DOM exhibits more uniform
advantages across QA tasks and achieves the best
performance on OPQs. By modeling a distribu-
tion over multiple candidate reasoning outcomes
and accounting for uncertainty, DOM improves the
reliability of answer selection.

5.3 Scalability of Time-Aware Strategies

Multi-Sampling Scalability. Although increas-
ing the sampling times N can benefit certain tasks,
RQ2 shows that such gains are not universal. This
suggests that the effectiveness of multi-sampling
depends on whether the underlying reasoning strat-
egy captures task-relevant time series character-
istics, motivating the question of whether multi-
sampling is more effective when applied to time-
aware reasoning strategies.

To answer this question, we examine the effect
of multi-sampling by varying the sampling bud-
get N ∈ {1, 5, 10, 20, 30, 50}. For non-iterative
strategies such as TRS and LDM, we generate N
independent reasoning outputs and aggregate them
using majority voting. For the strategy DOM, multi-
sampling naturally induces a distribution over can-
didate outputs, where increasing N yields a more
accurate estimate of output uncertainty and util-
ity. Due to space limitations, we report the mean
performance averaged over the six models.

Results of Fig. 7 show that, unlike general rea-
soning strategies, time-aware reasoning strategies
can reliably translate larger sampling budgets into
stable performance improvements, exhibiting con-
vergent behavior. This confirms their superior sam-
pling scalability for time series analysis tasks.

Model Scaling Behavior. Sampling primarily
characterizes the scalability of reasoning at the in-
ference stage. Another equally important factor is
model scale, which determines the upper bound of
representational capacity and reasoning complex-
ity. Therefore, do time-aware reasoning strategies
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Figure 7: Average performance of time-aware reasoning strate-
gies across six models with different sampling times.

Table 2: Performance of Qwen-Instruct family.

Task Cla Ano Fore TFQs MCQs OPQs
Metric Acc.↑(%) F1↑ MAE↓ Acc.↑(%) Acc.↑(%) ROUGE-L↑

T
R

S

7B 52.3 0.69 0.55 77.1 74.5 21.3
14B 53.7 0.69 0.51 78.4 72.6 21.7
32B 54.2 0.71 0.46 80.6 76.4 23.5
72B 55.1 0.74 0.48 82.1 77.9 23.2

L
D

M

7B 47.4 0.61 0.53 80.6 75.8 20.9
14B 48.6 0.63 0.51 82.6 76.5 20.7
32B 50.3 0.65 0.48 83.1 77.1 21.5
72B 50.9 0.66 0.46 83.5 77.6 22.4

D
O

M

7B 46.1 0.64 0.46 76.3 83.2 20.0
14B 46.9 0.65 0.44 77.5 83.5 20.6
32B 48.3 0.68 0.41 79.1 84.6 21.4
72B 49.8 0.68 0.42 78.4 84.9 21.9

amplify their advantages as model size increases?
We analyze how the effectiveness of three

time-aware reasoning strategies varies with model
scale by evaluating nine models from three fami-
lies: Qwen-2.5 Instruct (7B, 14B, 32B, 72B) ,
LLaMA-3 Instruct (8B, 70B) , and Ministral-3
Instruct (3B, 8B, 14B) . As shown in Tab. 2,
3, 4, TRS, LDM, and DOM demonstrate clear per-
formance improvements across different tasks and
model families as the model size increases. These
results indicate that time-aware reasoning strate-
gies can reliably translate increased model scale
into effective reasoning on time series tasks.

6 Discussion

Limits of General Reasoning in Time Series
Analysis. Their effectiveness varies across tasks,
sampling budgets, input priors, and model scales,
and may even degrade performance in certain set-
tings due to a mismatch between language-oriented
reasoning mechanisms and the temporal structure
of time series data. In contrast, time-aware reason-
ing strategies are designed to account for temporal
characteristics, resulting in more stable and reliable

Table 3: Performance of LLaMA-Instruct family.

Task Cla Ano Fore TFQs MCQs OPQs
Metric Acc.↑(%) F1↑ MAE↓ Acc.↑(%) Acc.↑(%) ROUGE-L↑

T
R

S 8B 50.7 0.64 0.62 71.5 65.3 17.6
70B 53.3 0.68 0.57 76.3 70.3 20.6

L
D

M 8B 48.6 0.54 0.63 82.4 75.9 22.1
70B 51.7 0.58 0.52 87.7 81.4 25.7

D
O

M 8B 44.7 0.59 0.58 77.5 80.1 18.6
70B 48.5 0.66 0.52 81.2 84.9 22.4

Table 4: Performance of Ministral-Instruct family.

Task Cla Ano Fore TFQs MCQs OPQs
Metric Acc.↑(%) F1↑ MAE↓ Acc.↑(%) Acc.↑(%) ROUGE-L↑

T
R

S 3B 47.2 0.62 0.74 68.4 71.4 15.4
8B 49.6 0.65 0.65 73.2 73.6 17.9
14B 52.5 0.67 0.60 75.8 73.8 18.5

L
D

M 3B 44.5 0.47 0.69 72.5 73.5 18.6
8B 46.9 0.53 0.65 76.4 74.8 18.2
14B 48.6 0.56 0.62 77.9 74.3 19.7

D
O

M 3B 43.0 0.54 0.62 69.5 78.3 17.5
8B 43.9 0.59 0.57 73.6 81.4 18.7
14B 45.4 0.61 0.54 75.8 82.0 19.4

improvements across tasks and settings.

Time Series Reasoning Exhibits Strong Task
Specificity. Different tasks vary in stage hetero-
geneity, long-term dependency, and uncertainty,
making it unlikely for a single reasoning form to
perform well across all scenarios. A more effective
approach is therefore to select strategies based on
temporal structure and decision requirements.

Structure Alignment Precedes Computational
Scaling. Additional computational resources,
such as larger sampling budgets or model scales, ap-
pear insufficient to overcome mismatches. Instead,
performance gains critically depend on aligning
the reasoning process with task-specific temporal
characteristics and decision requirements.

7 Conclusion

Our work shows that generic reasoning strategies
do not reliably transfer to TS analysis, as their effec-
tiveness depends on alignment with task-specific
temporal decision structures rather than reason-
ing complexity or model scale. We further reveal
strong task-dependent effects of prior information
and TS preprocessing. To address these limitations,
we propose three time-aware strategies that incorpo-
rate temporal regimes, dynamics, and uncertainty,
consistently improving performance, stability, and
scalability across diverse TS tasks. Our findings
highlight temporal structure awareness as a key
principle for reliable LLM-based TS reasoning.
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Limitations

Multi-sampling and iterative reasoning demon-
strate clear advantages in improving reasoning sta-
bility, but they also incur increased computational
cost during inference. This work primarily focuses
on a systematic analysis of reasoning effective-
ness and stability, and does not extensively investi-
gate deployment efficiency under strict latency or
resource-constrained settings. In addition, we cate-
gorize time series tasks into several representative
decision forms to facilitate systematic comparison
of reasoning strategies. While this categorization
helps reveal overall trends, it may not fully capture
hybrid or borderline task settings. Moreover, we
focus on analyzing individual reasoning strategies
in isolation to uncover the relationship between rea-
soning forms and task structures. Although combin-
ing or coordinating multiple reasoning strategies
may lead to more complex reasoning behaviors,
their systematic design and evaluation remain open
directions for future work.
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A Ethics Statement

This work involves constructing a time-series ques-
tion answering dataset and evaluating large lan-
guage models on reasoning tasks. All datasets used
are publicly available or synthetically generated
for QA purposes, and no personally identifiable
information is included. The study does not in-
volve human subjects directly. We note potential
ethical considerations in applying LLMs to time-
series data in real-world high-stakes domains (e.g.,
healthcare, finance, energy), where model errors
or overconfident reasoning could lead to harmful
decisions if used without proper validation, mon-
itoring, and human oversight. Our aim is purely
research-focused: to analyze reasoning strategies
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and temporal alignment, not to deploy models di-
rectly in sensitive decision-making. We encourage
users of these findings to implement appropriate
safeguards and assess task-specific risks before any
practical deployment.

B Broader Impacts

This work provides a systematic analysis of how
large language models perform reasoning over time
series data across diverse tasks, models, datasets,
and reasoning strategies. Its main positive impact
lies in clarifying when reasoning strategies are use-
ful and when they may be unreliable for time se-
ries analysis. By showing that generic reasoning
strategies are not universally beneficial and that
their effectiveness depends on temporal decision
structures and output spaces, our study can help re-
searchers and practitioners design more appropriate
LLM-based tools for domains such as healthcare
monitoring, industrial diagnosis, finance, climate
analysis, and intelligent transportation.

At the same time, this work also highlights po-
tential risks of applying LLMs to time series tasks
without sufficient temporal awareness. In high-
stakes scenarios, fluent reasoning explanations may
create a false impression of reliability even when
the model violates temporal consistency, ignores
numerical constraints, or produces overconfident
predictions. Such risks are particularly relevant for
decision-support settings, where incorrect outputs
may lead to inappropriate interventions. Therefore,
the methods and findings in this paper should not
be interpreted as supporting direct deployment in
safety-critical systems without task-specific valida-
tion, uncertainty estimation, and human oversight.

Our study is primarily empirical and relies on
public datasets together with a self-constructed
QA benchmark, which may not fully cover all
real-world temporal structures, domain shifts, or
user-facing decision environments. The evalua-
tion also involves multiple large language mod-
els and repeated sampling, which may introduce
non-negligible computational costs. We encour-
age future work to examine more resource-efficient
time-aware reasoning methods, evaluate robustness
under real deployment conditions, and develop
stronger safeguards for uncertainty calibration, tem-
poral faithfulness, and interpretability.

C Datasets

C.1 Datasets for Classification Task
RCW (Liu et al., 2025b). RCW (North Atlantic
Right Whale Calls) is an audio-based time series
classification dataset used for detecting right whale
calls in oceanic environmental noise. Each sample
corresponds to an acoustic signal segment, and the
task is to determine whether it contains a North At-
lantic right whale call. The key discriminative cue
is a short rising “whoop” sound, which provides
clear signal-level evidence for the positive class.

TEE (Liu et al., 2025b). TEE (Transient Elec-
tromagnetic Event) is a time series classification
dataset derived from FORTE satellite observations.
The satellite uses optical and radio-frequency in-
struments to detect transient electromagnetic events
associated with lightning activity. Each class corre-
sponds to a specific physical event type with distin-
guishable temporal characteristics in the measured
signal. For example, the “CG Positive” category is
related to positive cloud-to-ground discharge and
is typically reflected as a sharp radiation spike fol-
lowed by subsequent signal variations in the power-
density time series.

ECG (Liu et al., 2025b). ECG is a single-lead
electrocardiogram classification dataset covering
four cardiac rhythm categories: normal sinus
rhythm, atrial fibrillation, other alternative rhythms,
and noisy or unclassifiable recordings. Unlike sim-
ple pattern-based tasks, each category depends on
multiple clinical signal features. For example, atrial
fibrillation is typically identified by combining cues
such as irregular rhythm, missing P waves, abnor-
mal baseline patterns, QRS characteristics, and fib-
rillatory waves.

EMG (Liu et al., 2025b). EMG is a single-
channel electromyography classification dataset
based on muscle responses to neural stimulation.
It includes three categories: healthy, neuropathy,
and myopathy. The task requires integrating mul-
tiple signal characteristics rather than relying on a
single cue. For example, neuropathy is typically
associated with fibrillations, positive sharp waves,
high-amplitude and long-duration motor unit action
potentials, and polyphasic waveforms.

HAR (Liu et al., 2025b). HAR is a human activ-
ity recognition dataset collected from smartphone
wearable sensors. It records six daily activities, in-
cluding walking, walking upstairs, walking down-
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stairs, sitting, standing, and lying down. We use
three sensor channels corresponding to body linear
acceleration. Since the data were collected from 30
users with different motion habits, the same activity
may exhibit user-specific variations, making HAR
suitable for evaluating probabilistic reasoning over
behavioral time series.

CTU (Liu et al., 2025b). CTU is a computer
type usage dataset based on 24-hour electricity con-
sumption patterns. The task is to infer whether the
device is a desktop or a laptop from consumer elec-
tricity usage behavior. The dataset was collected
from 251 users, whose individual usage habits in-
troduce unobserved variability into the signals.

C.2 Datasets for Anomaly Detection Task

KPI (Li et al., 2022). KPI is a large-scale
time series anomaly detection dataset from the
2018 AIOps competition, designed for evaluating
anomaly detection algorithms on key performance
indicators of online services. It contains both pre-
liminary and final subsets, with approximately six
million data points in total. Each sample corre-
sponds to a KPI time series segment, and the task
is to identify whether abnormal system behavior
occurs at each timestamp or within the sequence.
Around 2.5% of the data points are labeled as
anomalies, making the dataset highly imbalanced.

Yahoo (Ren et al., 2019). Yahoo is an anomaly
detection dataset released by Yahoo Labs for evalu-
ating anomaly detection methods. It contains both
synthetic time series and real traffic series collected
from Yahoo services. Each sample corresponds to
an hourly time series, and the task is to detect abnor-
mal points within the sequence. For the synthetic
subset, anomalies are generated algorithmically,
while anomalies in the real-traffic subset are man-
ually labeled by human editors. This mixture of
simulated and real-world service traffic makes Ya-
hoo suitable for evaluating whether anomaly detec-
tion methods can handle both controlled abnormal
patterns and realistic operational fluctuations.

WSD (Wang et al., 2024c). WSD is a real-world
web service anomaly detection dataset built from
key performance indicators collected from large-
scale Internet services. It contains KPI time series
from three major Internet companies, including
Baidu, Sogou, and eBay. Each sample corresponds
to a monitored web-service KPI sequence, and the
task is to detect anomalous points or abnormal seg-

ments that indicate potential service failures or per-
formance degradation. Since the data are collected
from real production systems, WSD reflects prac-
tical challenges such as noisy fluctuations, hetero-
geneous service behaviors, and large-scale opera-
tional dynamics, making it suitable for evaluating
anomaly detection methods in realistic web-service
monitoring scenarios.

NAB (Lavin and Ahmad, 2015). NAB is an
open time series anomaly detection benchmark
released by Numenta for evaluating streaming
anomaly detection algorithms. It contains 58 uni-
variate time series files, where each row includes
a timestamp and a scalar value. The data cover di-
verse domains, including IT metrics, industrial sen-
sors, social media activity, and artificial sequences.
The task is to detect anomalous points or inter-
vals under realistic streaming conditions with noise,
changing normal patterns, and different anomaly
types. NAB contains 365,551 data points in total,
and its anomalies are manually labeled through a
documented annotation procedure.

NASA-M (Hundman et al., 2018). NASA-M is
a real-world time series anomaly detection dataset
provided by NASA, derived from telemetry sig-
nals of the Curiosity rover. It consists of 27 sensor
channels, each represented with 55 feature dimen-
sions. The dataset is split into training and testing
sets, where the training data contain only normal
patterns and the test data include expert-labeled
anomalies. Due to its spacecraft telemetry signals
and realistic abnormal events, NASA-M is com-
monly used to evaluate anomaly detection methods
under complex system monitoring scenarios.

NASA-S (Hundman et al., 2018). NASA-S
is a real-world time series anomaly detection
dataset provided by NASA, derived from space-
craft telemetry signals. It contains 55 telemetry
channels with a total of 429,735 data points, in-
cluding 69 expert-labeled anomalies. Similar to
NASA-M, it provides realistic system-monitoring
signals with annotated abnormal events, making it
commonly used for evaluating anomaly detection
methods on multivariate spacecraft telemetry data.

C.3 Datasets for Forecasting Task

ETTh1 (Zhou et al., 2021). ETTh1 is a used pub-
lic benchmark for long-term time series task, de-
signed to model temperature variations and load dy-
namics in electric transformers. It contains 2 years
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of hourly observations collected from 2016/06 to
2018/06 , where each record includes a timestamp,
the target variable oil temperature, and six load-
related covariates. Following the standard setting,
the dataset is split into 12 months for training, 4
months for validation, and 4 months for testing.

ETTh2 (Zhou et al., 2021). ETTh2 is an indus-
trial time series benchmark from the ETT dataset
family released by Tsinghua University. It con-
tains hourly observations from 2016 to 2018, with
17,420 samples and seven variables, including six
power-load features and oil temperature as the tar-
get. Compared with ETTh1, ETTh2 is collected
from a transformer station in a different region,
where load fluctuations and temperature regulation
patterns exhibit distinct regional characteristics.

ETTm1 (Zhou et al., 2021). ETTm1 is a minute-
level variant of the ETT benchmark for time series
tasks. It contains two years of transformer opera-
tion records from July 2016 to July 2018, collected
at 15-minute intervals. Each sample includes a
timestamp, six power-load covariates, and oil tem-
perature as the target. The load-related variables
are HUFL, HULL, MUFL, MULL, LUFL, and
LULL, corresponding to high-, middle-, and low-
usage load measurements under different operating
states. Compared with the hourly ETT datasets,
ETTm1 provides finer-grained temporal observa-
tions, making it suitable for evaluating models’ abil-
ity to capture short-term fluctuations.

ETTm2 (Zhou et al., 2021). ETTm2 is minute-
level benchmark from the ETT dataset family, de-
signed for fine-grained electric transformer temper-
ature forecasting. It contains two years of records
from July 2016 to July 2018, collected at 15-minute
intervals. Each record consists of a timestamp, six
power-load measurements, and oil temperature as
the prediction target. The six covariates, including
HUFL, HULL, MUFL, MULL, LUFL, and LULL,
describe high-, middle-, and low-usage load behav-
iors under different operating states.

AQShunyi (Zhang et al., 2017). AQShunyi is an
hourly temperature time series dataset collected
from the Shunyi air-quality monitoring station.
Each sample records temperature observations at
regular hourly intervals, and the task is typically to
model or analyze temporal patterns in environmen-
tal conditions. The dataset exhibits clear seasonal
variations, which are consistent with natural tem-
perature cycles across different periods of the year.

Its regular sampling and strong periodic structure
make it suitable for evaluating whether time se-
ries methods can capture long-term seasonality and
environmental dynamics.

NASDAQ (Arashi and Rounaghi, 2022). NAS-
DAQ is a financial time series forecasting dataset
composed of daily averaged index data from 2000
to 2016. Each sample records the temporal evolu-
tion of stock market index values at a daily resolu-
tion, and the task is to predict future index move-
ments based on historical observations. Since fi-
nancial markets are often affected by regime shifts,
volatility changes, and non-stationary dynamics,
this dataset is suitable for evaluating whether fore-
casting models can capture complex temporal de-
pendencies under non-stationary conditions.

NN5 (Teddy and Ng, 2011). NN5 is a daily time
series forecasting dataset from the NN5 Forecast-
ing Competition. It consists of withdrawal records
collected from 111 randomly selected cash ma-
chines located across different regions of England.
Each sample corresponds to the daily cash with-
drawal sequence of an individual ATM, and the
task is to predict future withdrawal demand based
on historical observations. Since ATM withdrawals
are affected by weekly cycles, holidays, local us-
age patterns, and irregular demand fluctuations,
NN5 is suitable for evaluating whether forecasting
models can capture both periodic behavior and non-
stationary variations in real-world financial data.

Wind (Zhou et al., 2022). Wind is a large-scale
wind power forecasting dataset collected from a
wind farm with 134 wind turbines. It contains
records sampled every 10 minutes over 245 days,
resulting in more than 4.7 million data points. Each
sample describes the operational and meteorologi-
cal status of wind turbines, and the task is to predict
future wind power generation from historical ob-
servations. Due to the strong variability of wind
conditions, turbine-level heterogeneity, and non-
stationary power generation patterns, Wind is suit-
able for evaluating forecasting models in realistic
renewable energy scenarios.

C.4 Datasets for Question Answering Task

Overview. To evaluate LLMs’ language under-
standing, semantic alignment, and temporal rea-
soning abilities in time-series question answering
scenarios, we additionally construct a dedicated
time-series QA dataset. This QA dataset is inde-
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Figure 8: Domain distribution of the QA dataset.

pendent of the datasets used for the preceding clas-
sification, anomaly detection, and forecasting tasks,
with no sample overlap or task-conversion relation-
ship. It is organized around real-world time-series
observations, background information, and ques-
tion descriptions, requiring models to jointly un-
derstand numerical variations, semantic conditions,
and task objectives.

Domain Coverage. The question-answering
dataset covers eight real-world application do-
mains, including industry, web, finance, climate,
transportation, healthcare, retail, and energy, as
shown in Fig. 8. These domains exhibit diverse
temporal dynamics. For example, industrial and en-
ergy scenarios often involve equipment operating
states, electricity demand, power generation, or sys-
tem stability changes; web-service scenarios focus
on access traffic, system load, and abnormal fluctu-
ations; financial scenarios contain market indices,
price movements, and trading behaviors; climate
scenarios reflect long-term variations in environ-
mental factors such as temperature, wind speed,
and precipitation; transportation and retail scenar-
ios capture demand changes, mobility patterns, and
consumption behaviors; and healthcare scenarios
involve physiological signals or temporal changes
in health conditions. Such broad domain coverage
ensures that the QA task does not focus on a single
type of temporal pattern, but instead spans a wide
range of realistic time-series semantic scenarios.

Question Construction. We design four types
of question-answering formats: descriptive, re-
lational, explanatory, and inferential questions.
Descriptive questions require models to identify
salient temporal patterns, such as trends, peaks,
fluctuations, or periodicity in time series. Rela-
tional questions focus on comparisons and depen-
dencies across different time segments, variables,
or events. Explanatory questions require models

to connect temporal changes with background in-
formation and explain why a certain phenomenon
occurs. Inferential questions further ask models to
derive possible outcomes or select the most plau-
sible explanation based on available temporal ev-
idence. In total, the QA dataset contains 4,965
true-or-false questions, 5,877 multiple-choice ques-
tions, and 6,844 open-ended questions, resulting
in approximately 18K question-answer pairs for
systematically evaluating LLMs under both closed-
form decision making and open-ended reasoning,
as shown in Fig. 9.

Pipeline. We adopt a multi-stage pipeline to con-
struct the time-series question-answering dataset.
First, we build time-series scenarios by organizing
the domain source, variable semantics, temporal
range, and background information for each raw
time-series sample, thereby forming temporally
grounded instances with realistic semantic contexts.
Second, we identify question-worthy temporal evi-
dence from each sequence, including trends, peaks
and valleys, fluctuation patterns, periodicity, abrupt
changes, stage transitions, and inter-variable re-
lations. Only samples with clear and verifiable
temporal evidence are retained. Third, we design
question types around four categories, namely de-
scriptive, relational, explanatory, and inferential
questions, to cover different capability levels from
pattern recognition to complex temporal reasoning.
Fourth, we generate answers and candidate options
for true-or-false, multiple-choice, and open-ended
questions. The distractors are constructed based
on common reasoning errors rather than random
sampling, making the questions more discrimina-
tive. Fifth, we conduct quality control by remov-
ing samples with insufficient temporal evidence,
non-unique answers, ambiguous expressions, or
excessive dependence on external knowledge. We
further check the consistency of question types,
domain distribution, and difficulty levels. Finally,
each sample consists of time-series observations,
background descriptions, question text, question-
type annotations, answers, and candidate options,
resulting in an independent time-series question-
answering dataset.

Answer Verification and Shortcut Control. To
reduce leakage and shortcut risks, we further verify
each QA instance after construction. Each question
must satisfy three criteria: (1) it is answerable from
the given time series and background description;
(2) the reference answer is supported by explicit
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Table 5: Text-only ablation for evaluating shortcut risks in the
QA dataset using DiP.

Setting TFQs MCQs OPQs

Text-only 55.8 30.4 4.7
TS+Text 71.4 65.9 17.2

temporal evidence; and (3) incorrect options or
false statements clearly conflict with the temporal
evidence. We remove samples with ambiguous
answers, insufficient temporal support, multiple
plausible interpretations, or questions that can be
answered solely from the background description.

We also conduct a text-only ablation to examine
whether the benchmark can be solved without ac-
cessing the time series. Using DiP, we compare a
Text-only setting, where the model receives only
the background description and question, with a
TS+Text setting, where the time series is addition-
ally provided. As shown in Tab. 5, removing the
time series causes clear performance drops across
all QA formats, indicating that the background de-
scription alone is insufficient and that temporal
evidence is necessary for answering the questions.

D Reasoning Strategy

D.1 General Reasoning Strategies
Direct Prompting (DiP). Direct Prompting is
the simplest inference paradigm, where the model
directly maps the input time series and task instruc-
tion to the final answer without explicitly introduc-
ing intermediate reasoning states. Given a time
series instance X, a task instruction I, and an out-
put space Y , the LLM parameterized by θ defines
a conditional distribution over candidate outputs:

pθ(y | X, I), y ∈ Y.

The prediction is obtained by selecting the output
with the highest conditional likelihood:

ŷ = argmax
y∈Y

pθ(y | X, I).

For generative outputs, where y = (y1, . . . , yM )
is a token sequence, the conditional probability is
factorized autoregressively as

pθ(y | X, I) =
M∏

m=1

pθ(ym | y<m,X, I).

Thus, Direct Prompting performs a one-step im-
plicit decision process, in which task decompo-
sition, temporal evidence extraction, and answer
selection are absorbed into the pretrained model dis-
tribution. Unlike explicit reasoning strategies, DiP
does not require the model to generate or condition
on an observable intermediate reasoning trajectory
r. Its decision rule can therefore be viewed as a
direct prediction:

ŷ = argmax
y∈Y

pθ(y | X, I),

rather than a structured inference process of the
form:

ŷ = argmax
y∈Y

∑

r∈R
pθ(y | r,X, I)pθ(r | X, I),

where R denotes the space of explicit reasoning
trajectories. This makes DiP computationally effi-
cient, but also limits its ability to enforce grounded
intermediate decisions, especially for tasks requir-
ing multi-step comparison, temporal dependency
modeling, or uncertainty-aware reasoning.

Chain-of-Thought (CoT). Chain-of-Thought in-
troduces an explicit intermediate reasoning trajec-
tory before generating the final answer. Given a
time series instance X, a task instruction I , and an
output space Y , CoT augments the direct prediction
process with a sequence of latent-but-observable
reasoning states r = (r1, . . . , rT ), where each rt
corresponds to one intermediate reasoning step.
The model therefore defines a joint distribution
over the reasoning trajectory and the final output:

pθ(y, r | X, I) = pθ(r | X, I)pθ(y | r,X, I).
The reasoning trajectory is generated autoregres-
sively as:

pθ(r | X, I) =
T∏

t=1

pθ(rt | r<t,X, I),

which yields the complete factorization:

pθ(y, r | X, I) =[
T∏

t=1

pθ(rt | r<t,X, I)
]
· pθ(y | r,X, I).
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The final prediction can be viewed as selecting
the output supported by the generated reasoning
trajectory:

ŷ = argmax
y∈Y

pθ(y | r̂,X, I), r̂ ∼ pθ(r | X, I).

Compared with Direct Prompting, CoT external-
izes part of the inference process into a linear rea-
soning path, allowing the model to decompose the
task into intermediate steps such as temporal evi-
dence identification, comparison, and answer jus-
tification. However, because the final decision is
conditioned on a single generated trajectory, errors
in early reasoning steps may be propagated or am-
plified in later steps, especially when the generated
chain is not faithful to the underlying time series.

Least-to-Most (L2M). Least-to-Most reasoning
decomposes a complex task into an ordered se-
quence of simpler sub-problems and solves them
progressively. Given a time series instance X and
a task instruction I, L2M first generates a decom-
position q = (q1, . . . , qK), where each qk denotes
a sub-problem with lower reasoning complexity:

q ∼ pθ(q | X, I).

The decomposition can be factorized as:

pθ(q | X, I) =
K∏

k=1

pθ(qk | q<k,X, I).

After obtaining the ordered sub-problems, the
model solves them sequentially. Let ak denote
the intermediate answer to the k-th sub-problem.
Each intermediate answer is conditioned on the
current sub-problem and all previous sub-problem
answers:

pθ(a | q,X, I) =
K∏

k=1

pθ(ak | qk, a<k, q<k,X, I),

where a = (a1, . . . , aK) denotes the sequence of
intermediate answers. The final prediction is then
generated by aggregating the solved sub-problems:

ŷ = argmax
y∈Y

pθ(y | a, q,X, I).

Equivalently, L2M can be viewed as structured
inference over both the decomposition path q and
the intermediate answer path a:

pθ(y, a, q | X, I) = pθ(q | X, I)
· pθ(a | q,X, I)
· pθ(y | a, q,X, I).

Compared with CoT, which follows a single lin-
ear reasoning trajectory, L2M imposes an explicit
problem-decomposition structure. This makes it
suitable for tasks where the final decision can be
built from simpler temporal judgments, such as
identifying local patterns before comparing them
globally. However, if the decomposition does not
align with the true temporal decision structure, er-
rors in early sub-problems may constrain later rea-
soning and lead to suboptimal predictions.

Tree-of-Thoughts (ToT). Tree-of-Thoughts ex-
tends linear reasoning by formulating inference as
a tree-structured search over multiple candidate rea-
soning trajectories. Given a time series instance
X and a task instruction I, each node st repre-
sents a partial reasoning state at depth t, and each
root-to-node path corresponds to a partial reason-
ing trajectory. Starting from the initial state s0, the
model expands a set of candidate successor states:

C(st) = {s(1)t+1, . . . , s
(B)
t+1},

s
(b)
t+1 ∼ pθ(st+1 | st,X, I),

where B denotes the branching factor. Each
candidate state is evaluated by a value function:
Vθ(st;X, I) ∈ R, which estimates the promise of
the partial reasoning state for producing a correct
final answer. At each search step, ToT selects a
subset of promising states from the expanded can-
didates. Let St denote the set of active states at
depth t. The next active set is obtained by

St+1 = TopKs∈⋃s̃∈St
C(s̃) Vθ(s;X, I),

where TopK(·) keeps the K highest-scoring par-
tial reasoning states. After reaching the maximum
depth T or a terminal condition, the final answer is
selected from the highest-scoring complete path:

ŝ = argmax
s∈ST

Vθ(s;X, I),

ŷ = argmax
y∈Y

pθ(y | ŝ,X, I).

Compared with CoT and L2M, ToT maintains
multiple candidate trajectories and delays com-
mitment until after intermediate evaluation. This
search-based formulation can reduce early reason-
ing errors and improve robustness under ambiguous
temporal evidence. However, its effectiveness de-
pends on whether the value function can reliably
evaluate partial temporal reasoning states; other-
wise, the search may prioritize fluent but temporally
inconsistent branches.
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Self-Refine (SRF). Self-Refine improves an ini-
tial prediction through iterative self-feedback and
revision. Given a time series instance X, a task
instruction I, and an output space Y , the model
first generates an initial answer:

y(0) ∼ pθ(y | X, I).

At the i-th refinement step, the model produces a
critique or feedback signal c(i) conditioned on the
input and the current answer:

c(i) ∼ pθ(c | y(i),X, I).

The current answer is then updated according to
the generated feedback:

y(i+1) ∼ pθ(y | y(i), c(i),X, I).

After R refinement rounds, the final prediction
is obtained as:

ŷ = y(R).

Equivalently, the iterative refinement process in-
duces the following trajectory distribution:

pθ(y
(0:R), c(0:R−1) | X, I) =

pθ(y
(0) | X, I) ·

R−1∏

i=0

pθ(c
(i) | y(i),X, I)·

pθ(y
(i+1) | y(i), c(i),X, I).

SRF repeatedly revisits the current prediction
and attempts to correct it using self-generated feed-
back. This formulation can improve robustness
when the initial answer contains detectable incon-
sistencies, such as incorrect temporal comparisons
or unsupported explanations. However, because
both the critique and refinement are generated by
the same model, SRF may also reinforce erroneous
assumptions when the feedback signal fails to iden-
tify violations of temporal evidence.

D.2 Time-Aware Reasoning Strategies
Temporal Regime Segmentation (TRS). Many
real-world time series exhibit heterogeneous tem-
poral regimes, where the underlying dynamics vary
across different stages. Directly reasoning over the
entire sequence may mix incompatible temporal
patterns and obscure stage-specific evidence. Tem-
poral Regime Segmentation addresses this issue
by decomposing the input sequence into locally
coherent regimes and performing reasoning at the
segment level before making the final decision.

Given a time series instance X = {xt}Tt=1, TRS
assumes a latent segmentation induced by change
points τ = (τ0, τ1, . . . , τK), where 0 = τ0 < τ1 <
· · · < τK = T . The sequence is partitioned as

X =
K⋃

k=1

X(k), X(k) = {xt}τkt=τk−1+1.

Each segment X(k) corresponds to a local temporal
regime with relatively coherent dynamics. The
segmentation process can be viewed as estimating
the most plausible regime partition:

τ̂ = argmax
τ

pθ(τ | X, I).

After segmentation, the model performs regime-
level reasoning over each segment. Let rk denote
the reasoning outcome or temporal evidence ex-
tracted from the k-th regime:

rk ∼ pθ(rk | X(k), I), k = 1, . . . ,K.

The collection of regime-level reasoning outcomes
is denoted as r1:K = (r1, . . . , rK). The final
prediction is then generated by aggregating these
segment-level results:

ŷ = argmax
y∈Y

pθ(y | r1:K ,X, I).

Equivalently, TRS can be formulated as struc-
tured inference over both latent regime boundaries
and regime-specific reasoning states:

pθ(y, r1:K , τ | X, I) = pθ(τ | X, I)

·
K∏

k=1

pθ(rk | X(k), I)

· pθ(y | r1:K ,X, I).

This formulation separates local regime understand-
ing from global decision making. By first identi-
fying stage-specific temporal evidence and then
integrating it across regimes, TRS reduces interfer-
ence between heterogeneous temporal patterns and
provides a more temporally aligned reasoning struc-
ture, especially for tasks involving regime shifts,
phase transitions, or localized abnormal behaviors.

Latent Dynamics Modeling (LDM). While
TRS reasons over explicit temporal regimes, many
time-dependent processes evolve through continu-
ous and partially unobserved system states. Di-
rectly reasoning over raw observations may be
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sensitive to local noise, irregular fluctuations, or
short-term perturbations. Latent Dynamics Mod-
eling addresses this issue by introducing a latent
trajectory that compactly summarizes the underly-
ing temporal evolution and supports reasoning at
the state-dynamics level.

Given a time series instance X = {xt}Tt=1, LDM
assumes that each observation is generated from an
unobserved latent state zt. The latent state evolves
according to a transition process:

zt ∼ pθ(zt | zt−1,ut, I), xt ∼ pθ(xt | zt),

where zt denotes the latent system state at time
t, ut represents exogenous or contextual informa-
tion, and I denotes the task instruction. The joint
distribution over the observed sequence and latent
trajectory can be written as

pθ(X,Z | U, I) =
T∏

t=1

pθ(xt | zt)pθ(zt | zt−1,ut, I),

where Z = {zt}Tt=1 and U = {ut}Tt=1.
Instead of making decisions from individual ob-

servations, LDM first infers a latent trajectory that
explains the temporal evolution:

Ẑ = argmax
Z

pθ(Z | X,U, I).

The final prediction is then generated by condition-
ing on the inferred latent trajectory:

ŷ = argmax
y∈Y

pθ(y | Ẑ,X, I).

Equivalently, LDM can be viewed as marginaliz-
ing over possible latent temporal trajectories:

pθ(y | X,U, I) =∫
pθ(y | Z,X, I)pθ(Z | X,U, I dZ.

This formulation encourages the model to reason
over the underlying temporal dynamics rather than
isolated observed values. By abstracting raw ob-
servations into latent states, LDM can suppress
local noise, preserve long-range dependencies, and
provide a more stable reasoning structure for fore-
casting, explanatory QA, and tasks requiring inte-
gration of distributed temporal evidence.

Distributional Output Modeling (DOM). Time-
aware reasoning often operates under substan-
tial uncertainty caused by observation noise, non-
stationarity, sparse temporal evidence, and ambigu-
ous semantic conditions. A deterministic output

may be insufficient, since it only returns a single an-
swer without characterizing the reliability of the de-
cision. Distributional Output Modeling addresses
this issue by representing the reasoning result as a
conditional distribution over possible outputs.

Given a time series instance X, a task instruc-
tion I, and an output space Y , DOM models the
predictive distribution as: pθ(y | X, I), y ∈ Y. In
practice, this distribution can be approximated by
drawing multiple candidate outputs:

y(n) ∼ pθ(y | X, I), n = 1, . . . , N,

which yields an empirical output distribution

p̂(y | X, I) = 1

N

N∑

n=1

I
[
y(n) = y

]
,

for discrete output spaces. For open-ended outputs,
the same idea can be implemented by clustering or
scoring semantically equivalent responses before
estimating their empirical probabilities.

The uncertainty of each candidate output is then
computed from the predictive distribution:

Unc(y) = U(p̂(y | X, I)) ,

where U(·) denotes an uncertainty functional. In-
stead of selecting the most frequent output alone,
DOM chooses the answer by jointly considering
task-specific utility and predictive uncertainty:

ŷ = argmax
y∈Y

[Ep̂[U(y;X, I)]− λUnc(y)] ,

where U(·) denotes the task-specific utility func-
tion and λ controls the strength of uncertainty pe-
nalization. DOM preserves multiple plausible rea-
soning outcomes and reduces overconfident deci-
sions under ambiguous temporal evidence. It is
particularly useful for tasks where the correct out-
put depends on noisy observations, weak temporal
cues, or multiple competing interpretations.

E Baselines

E.1 Specialized Time Series Models
TFPS (Sun et al., 2026). TFPS is a pattern-
specific expert model designed for time series fore-
casting. Its key idea is to assign different fore-
casting experts to heterogeneous patterns appear-
ing in different temporal segments. Real-world
time series often contain diverse dynamics, such
as seasonality, regime transitions, and contextual
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drift. A single unified model may therefore suffer
from patch-level distribution shifts when fitting all
temporal segments with the same forecasting func-
tion. By introducing pattern-specific experts, TFPS
selects suitable prediction functions according to
local temporal patterns, thereby improving its abil-
ity to model complex pattern evolution and distri-
butional changes. We include TFPS as a special-
ized lightweight time-series baseline to examine
the difference between generic LLM-based reason-
ing strategies and dedicated temporal architectures.

TSLANet (Eldele et al., 2024). TSLANet is
a lightweight time series representation learn-
ing model designed as an efficient alternative to
Transformer-based models, which often involve
large parameter sizes, high computational costs,
and sensitivity to noise. Its core design com-
bines frequency-domain analysis with convolu-
tional modeling. Specifically, the Adaptive Spec-
tral Block captures long-range dependencies and
periodic structures, while convolutional modules
model local short-term patterns. Compared with
standard Transformers, TSLANet places greater
emphasis on computational efficiency, noise robust-
ness, and stable performance on relatively small
datasets. We therefore use it as a non-LLM and non-
foundation-model baseline specialized for time se-
ries modeling.

TimeXer (Wang et al., 2024b). TimeXer is a
Transformer-based forecasting model for time se-
ries with exogenous variables. Unlike conventional
multivariate forecasting methods that treat all vari-
ables uniformly, TimeXer explicitly distinguishes
endogenous variables from exogenous variables.
It integrates external information through special-
ized embeddings, patch-wise self-attention, and
variate-wise cross-attention. The goal is to use
exogenous variables as additional contextual sig-
nals for improving the prediction of target vari-
ables. Since many real-world time series depend
not only on their own historical dynamics but also
on external factors, TimeXer serves as a special-
ized lightweight baseline for modeling exogenous
information and cross-variable dependencies.

E.2 LLM for Time Series
LLM-TS Integrator (Chen et al., 2025). LLM-
TS Integrator is a framework that incorporates the
capabilities of LLMs into conventional time se-
ries modeling. Unlike methods that directly use
an LLM as the forecasting backbone, it preserves

the strengths of traditional time series models in
capturing periodicity, local patterns, and numerical
variations, while leveraging the high-level seman-
tic and pattern-recognition information provided by
LLMs to enhance the forecasting process. Specif-
ically, LLM-TS Integrator employs a time-series
branch to extract numerical features, and uses a
mutual information module to interact with and
constrain the representations from the LLM side.
In this way, the time series model can benefit from
the prior knowledge of LLMs without fully relying
on language models for numerical prediction.

TimeCMA (Liu et al., 2025a). TimeCMA is an
LLM-empowered framework for multivariate time
series forecasting. Its core idea is to mitigate the
modality gap between time-series representations
and the semantic space of language models through
cross-modality alignment. The framework contains
two encoding branches: a time-series encoding
branch that extracts relatively decoupled temporal
embeddings, and an LLM-empowered branch that
combines time series with textual prompts to obtain
more robust semantic representations. By aligning
the two modalities, TimeCMA aims to exploit both
local temporal patterns and the contextual model-
ing capability of LLMs.

SE-LLM (Liu et al., 2026b). SE-LLM is a
semantic-enhanced time-series LLM method that
aims to alleviate the modality gap between time
series and language models at the semantic level.
Unlike methods that rely only on token-level align-
ment, SE-LLM explicitly exploits periodic and
anomalous patterns in time series to enhance token
embeddings, so that time-series tokens carry clearer
temporal-pattern semantics in the LLM embedding
space. It also introduces plug-in modules tailored
for time series forecasting, which strengthen the
LLM’s ability to model both long- and short-term
temporal dependencies as well as local abnormal
variations.

FSCA (Hu et al., 2025). FSCA is derived from
the Context-Alignment framework. Its central
idea is to construct time-series context structures
that are more compatible with LLM understand-
ing, rather than relying solely on token-level align-
ment. It uses Dual-Scale Context-Alignment GNNs
to model structural and logical relations in time
series, and further combines them with few-shot
prompting to form Few-Shot prompting Context-
Alignment, namely FSCA. FSCA can be flexibly
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integrated into different layers of a pretrained LLM
to enhance the model’s awareness of temporal struc-
ture, contextual logic, and task semantics.

F Implementation Details

F.1 Unified Inference Pipeline

To ensure fair comparison and reproducibility, all
reasoning strategies follow the same inference
pipeline. Given the raw time series, timestamps, op-
tional background description, task instruction, and
task-specific output space, we serialize the input
into a unified textual format and insert it into a fixed
prompt template. For the same task, all methods
use identical input representation, window length,
prediction horizon, decoding parameters, and sam-
pling budget, without additional normalization,
scaling, truncation, or adaptive reformatting un-
less explicitly specified in preprocessing ablations.
The pipeline includes input construction, strategy-
specific reasoning organization, LLM inference,
output parsing, and result aggregation. Specifically,
TRS generates continuous temporal segments cov-
ering the full index range as intermediate reasoning
structures; LDM produces a structured latent tra-
jectory of dynamic states before prediction; and
DOM samples multiple candidate outputs to form
an empirical distribution for uncertainty-aware de-
cisions. A unified parser extracts labels, options,
anomaly judgments, predicted sequences, or open-
ended answers from model outputs. For discrete
tasks, valid candidates are aggregated by majority
voting, with invalid outputs handled by predefined
parsing rules. For point- or interval-level anomaly
detection, sampled anomaly markers are mapped
to a unified time index, voted position-wise, and
merged into final anomaly intervals. For forecast-
ing, invalid or length-mismatched sequences are
filtered out, and the remaining predictions are aver-
aged element-wise across future time steps.

F.2 Implementation Details of TRS

The core idea of TRS is to explicitly divide the com-
plete time series into several continuous temporal
segments, enabling the model to first reason over
local temporal states and then aggregate segment-
level reasoning results into a global prediction. It is
important to note that TRS does not rely on any ex-
ternal change-point detection algorithm, nor does it
modify the original numerical values according to
the segmentation results. All segmentation bound-
aries are proposed by the LLM during inference

based on the temporal variation patterns of the in-
put sequence, and are used only as intermediate
reasoning structures.

1. Input preparation. Given a raw time se-
ries x1:T , timestamps, optional background
description, and task instruction, we serialize
them into a unified textual prompt.

2. Temporal segmentation proposal. The LLM
is instructed to propose at most K continuous
temporal segments according to the tempo-
ral variation patterns observed from the input.
The generated segments are required to cover
the complete index range without gaps.

3. Local segment reasoning. For each proposed
segment, the LLM analyzes the local temporal
state, such as stability, increasing or decreas-
ing trend, abrupt change, periodic fluctuation,
or abnormal deviation.

4. Segment-level evidence organization. The
model summarizes the evidence from all seg-
ments and identifies how different local tem-
poral states contribute to the target task.

5. Global prediction. Based on the organized
segment-level reasoning, the model produces
the final task-specific output, such as a class
label, option choice, anomaly judgment, fore-
cast sequence, or open-ended answer.

6. Output parsing. A unified parser extracts the
final answer from the model output. The in-
termediate segment boundaries are only used
for reasoning interpretation and are not used
to modify, normalize, truncate, or rescale the
original time series.
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TRS Classification Prompt Template

You are an expert in time series analysis and temporal reasoning. Given a time series, your task is to classify it into one of the candidate categories. You must
reason based only on the provided time series, timestamps, background information, and task instruction.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Task Instruction: {TASK_INSTRUCTION}
Candidate Labels: {LABEL_SPACE}
Please follow the TRS reasoning procedure:
1. Divide the complete time series into at most {K} continuous temporal segments. The segments must cover the full index range from the first time step to
the last time step without overlap or gaps.
2. For each segment, describe its local temporal pattern, such as stable behavior, increasing trend, decreasing trend, fluctuation, abrupt change, periodic
pattern, or abnormal deviation.
3. Summarize how the segment-level temporal patterns support the classification decision.
4. Output exactly one final label from the candidate labels.
Please use the following output format:
Segments: - Segment 1: [start index, end index], local pattern: ... - Segment 2: [start index, end index], local pattern: ... ...
Global Reasoning: ...
Final Answer: <label>

Figure 10: Prompt template for classification tasks with TRS.

TRS Anomaly Detection Prompt Template

You are an expert in time series analysis and anomaly detection. Given a time series, your task is to determine whether anomalous behavior exists and, if
required, identify the anomalous time points or intervals. You must reason based only on the provided time series, timestamps, background information, and
task instruction.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Task Instruction: {TASK_INSTRUCTION}
Output Space: {OUTPUT_SPACE}
Please follow the TRS reasoning procedure:
1. Divide the complete time series into at most {K} continuous temporal segments. The segments must cover the full index range from the first time step to
the last time step without overlap or gaps.
2. For each segment, describe its local temporal behavior, such as stable behavior, increasing trend, decreasing trend, fluctuation, abrupt change, level shift,
spike, drop, or abnormal deviation.
3. Compare the segment-level patterns with the expected temporal behavior described in the task and background information.
4. Determine whether the time series contains anomalies. If the task requires point-level or interval-level detection, specify the anomalous time points or
continuous anomalous intervals.
Please use the following output format:
Segments: - Segment 1: [start index, end index], local pattern: ... - Segment 2: [start index, end index], local pattern: ... ...
Anomaly Evidence: ...
Final Answer: <normal / anomalous / anomaly points / anomaly intervals>

Figure 11: Prompt template for anomaly detection tasks with TRS.

TRS Forecasting Prompt

You are an expert in time series analysis and forecasting. Given a historical time series, your task is to predict its future values for the specified forecasting
horizon. You must reason based only on the provided time series, timestamps, background information, and task instruction.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Task Instruction: {TASK_INSTRUCTION}
Forecasting Horizon: {PREDICTION_LENGTH}
Please follow the TRS reasoning procedure:
1. Divide the historical time series into at most {K} continuous temporal segments. The segments must cover the full index range from the first historical time
step to the last historical time step without overlap or gaps.
2. For each segment, describe its local temporal behavior, such as stable behavior, increasing trend, decreasing trend, fluctuation, periodic pattern, level shift,
abrupt change, or abnormal deviation.
3. Summarize how the segment-level temporal patterns indicate the future dynamics, including trend continuation, reversal, periodic recurrence, stabilization,
or uncertainty.
4. Generate a forecast sequence with exactly {PREDICTION_LENGTH} numerical values.
Please use the following output format:
Segments: - Segment 1: [start index, end index], local pattern: ... - Segment 2: [start index, end index], local pattern: ... ...
Forecasting Evidence: ...
Final Answer: <v_1, v_2, ..., v_{PREDICTION_LENGTH}>

Figure 12: Prompt template for forecasting tasks with TRS.
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TRS Prompt Template for TFQs

You are an expert in time series analysis and temporal reasoning. Given a time series and a true-or-false question, your task is to determine whether the
statement is true or false. You must reason based only on the provided time series, timestamps, background information, and task instruction.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Question: {QUESTION}
Candidate Answers: True, False
Please follow the TRS reasoning procedure:
1. Divide the complete time series into at most {K} continuous temporal segments. The segments must cover the full index range without overlap or gaps.
2. For each segment, describe its local temporal pattern, such as stable behavior, increasing trend, decreasing trend, fluctuation, abrupt change, periodic
pattern, or abnormal deviation.
3. Compare the segment-level evidence with the statement in the question.
4. Output exactly one final answer: True or False.
Please use the following output format:
Segments: - Segment 1: [start index, end index], local pattern: ... - Segment 2: [start index, end index], local pattern: ... ...
Evidence: ...
Final Answer: <True / False>

Figure 13: Prompt template for true-or-false questions with TRS.

TRS Prompt Template for MCQs

You are an expert in time series analysis and temporal reasoning. Given a time series and a multiple-choice question, your task is to select the correct option.
You must reason based only on the provided time series, timestamps, background information, question, and candidate options.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Question: {QUESTION}
Candidate Options: {OPTIONS}
Please follow the TRS reasoning procedure:
1. Divide the complete time series into at most {K} continuous temporal segments. The segments must cover the full index range without overlap or gaps.
2. For each segment, describe its local temporal pattern, such as stable behavior, increasing trend, decreasing trend, fluctuation, abrupt change, periodic
pattern, or abnormal deviation.
3. Compare the segment-level temporal evidence with each candidate option.
4. Output exactly one final option from the candidate options.
Please use the following output format:
Segments: - Segment 1: [start index, end index], local pattern: ... - Segment 2: [start index, end index], local pattern: ... ...
Option Analysis: ...
Final Answer: <option label>

Figure 14: Prompt template for multiple-choice questions with TRS.

TRS Prompt Template for OPQs

You are an expert in time series analysis and temporal reasoning. Given a time series and an open-ended question, your task is to generate a concise answer
based on the temporal evidence. You must reason based only on the provided time series, timestamps, background information, and question.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Question: {QUESTION}
Please follow the TRS reasoning procedure:
1. Divide the complete time series into at most {K} continuous temporal segments. The segments must cover the full index range without overlap or gaps.
2. For each segment, describe its local temporal pattern, such as stable behavior, increasing trend, decreasing trend, fluctuation, abrupt change, periodic
pattern, or abnormal deviation.
3. Summarize the segment-level evidence relevant to the question.
4. Provide a concise final answer grounded in the observed temporal patterns.
Please use the following output format:
Segments: - Segment 1: [start index, end index], local pattern: ... - Segment 2: [start index, end index], local pattern: ... ...
Evidence: ...
Final Answer: <concise textual answer>

Figure 15: Prompt template for open-ended questions with TRS.
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F.3 Implementation Details of LDM
The core idea of LDM is to represent the tempo-
ral evolution of a time series through a sequence
of structured latent dynamic states, enabling the
model to reason over state transitions rather than
isolated observations. Different from external state-
space modeling or learned latent-variable models,
LDM does not introduce additional trainable mod-
ules or externally computed latent variables. In-
stead, the latent states are represented as structured
textual summaries generated by the LLM during
inference and are used as intermediate reasoning
structures before producing the final task-specific
prediction. LDM follows a structured reasoning
procedure that explicitly separates latent trajectory
construction from final decision making. Its imple-
mentation can be summarized as follows:

1. Input preparation. Given a raw time se-
ries x1:T , timestamps, optional background
description, and task instruction, we serialize
them into the same unified textual format used
by other reasoning strategies.

2. Latent state abstraction. The LLM is in-
structed to summarize the temporal evolution
of the input sequence into a small number of
ordered latent dynamic states. Each state de-
scribes a dominant temporal condition, such
as stable fluctuation, upward drift, downward
drift, abrupt transition, periodic oscillation, or
increasing volatility.

3. Latent trajectory construction. The gener-
ated latent states are connected sequentially
to form a latent trajectory. This trajectory pro-
vides a compact description of how the under-
lying temporal dynamics evolve over time, for
example from a stable regime to a transition
state and then to an upward drifting state.

4. State-level reasoning. For each latent state,
the LLM analyzes its relevance to the target
task. For classification and question answer-
ing, the model identifies which states provide
discriminative evidence. For anomaly detec-
tion, the model checks whether a state deviates
from the normal dynamic pattern. For fore-
casting, the model uses the recent latent states
to infer the future direction and magnitude of
change.

5. Trajectory-level aggregation. The model ag-
gregates evidence across the latent trajectory

by considering both individual state proper-
ties and transitions between states. In partic-
ular, LDM emphasizes temporal dependen-
cies such as persistence, reversal, accelera-
tion, transition, and regime shift, rather than
treating each observation or segment indepen-
dently.

6. Global prediction. Based on the latent tra-
jectory and the aggregated state-level evi-
dence, the model produces the final task-
specific output, such as a class label, option
choice, anomaly judgment, forecast sequence,
or open-ended answer.

7. Output parsing. A unified parser extracts
the final answer from the model output. The
latent states are used only as intermediate tex-
tual reasoning structures and are not treated
as externally computed variables or additional
model inputs.
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LDM Classification Prompt Template

You are an expert in time series analysis and temporal reasoning. Given a time series, your task is to classify it into one of the candidate categories. You must
reason based only on the provided time series, timestamps, background information, and task instruction.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Task Instruction: {TASK_INSTRUCTION}
Candidate Labels: {LABEL_SPACE}
Please follow the LDM reasoning procedure:
1. First describe the latent dynamic trajectory of the time series as a sequence of dynamic states, such as stable state, upward drift, downward drift, turning
point, periodic fluctuation, intensified fluctuation, level shift, or abnormal deviation.
2. Explain how these latent dynamic states evolve over time and how they are related to the target classification task.
3. Use the latent dynamic trajectory as the main evidence to determine the final class.
4. Output exactly one final label from the candidate labels.
Please use the following output format:
Latent Dynamic Trajectory: ...
Classification Evidence: ...
Final Answer: <label>

Figure 16: Prompt template for classification tasks with LDM.

LDM Anomaly Detection Prompt Template

You are an expert in time series analysis and anomaly detection. Given a time series, your task is to determine whether anomalous behavior exists and, if
required, identify the anomalous time points or intervals. You must reason based only on the provided time series, timestamps, background information, and
task instruction.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Task Instruction: {TASK_INSTRUCTION}
Output Space: {OUTPUT_SPACE}
Please follow the LDM reasoning procedure:
1. First describe the latent dynamic trajectory of the time series as a sequence of dynamic states, such as normal stability, gradual drift, fluctuation increase,
abrupt spike, sudden drop, level shift, turning point, or abnormal deviation.
2. Identify whether any dynamic state deviates from the expected temporal behavior described by the task and background information.
3. If anomalies exist, determine whether they correspond to sequence-level, point-level, or interval-level abnormal behavior.
4. Output the final anomaly judgment or the anomalous time points/intervals according to the task requirement.
Please use the following output format:
Latent Dynamic Trajectory: ...
Anomaly Evidence: ...
Final Answer: <normal / anomalous / anomaly points / anomaly intervals>

Figure 17: Prompt template for anomaly detection tasks with LDM.

LDM Forecasting Prompt Template

You are an expert in time series analysis and forecasting. Given a historical time series, your task is to predict its future values for the specified forecasting
horizon. You must reason based only on the provided time series, timestamps, background information, and task instruction.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Task Instruction: {TASK_INSTRUCTION}
Forecasting Horizon: {PREDICTION_LENGTH}
Please follow the LDM reasoning procedure:
1. First infer the latent dynamic trajectory of the historical time series, including dynamic states such as stability, upward drift, downward drift, periodic
fluctuation, trend acceleration, trend reversal, level shift, or intensified volatility.
2. Explain how the inferred latent trajectory is likely to evolve into the future, considering trend continuation, reversal, periodic recurrence, stabilization, or
uncertainty.
3. Generate a forecast sequence based on the latent dynamic trajectory.
4. Output exactly {PREDICTION_LENGTH} numerical values.
Please use the following output format:
Latent Dynamic Trajectory: ...
Forecasting Evidence: ...
Final Answer: <v_1, v_2, ..., v_{PREDICTION_LENGTH}>

Figure 18: Prompt template for forecasting tasks with LDM.
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LDM Prompt Template for TFQs

You are an expert in time series analysis and temporal reasoning. Given a time series and a true-or-false question, your task is to determine whether the
statement is true or false. You must reason based only on the provided time series, timestamps, background information, and question.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Question: {QUESTION}
Candidate Answers: True, False
Please follow the LDM reasoning procedure:
1. First describe the latent dynamic trajectory of the time series as a sequence of dynamic states, such as stable state, increasing trend, decreasing trend,
fluctuation, turning point, level shift, periodic pattern, or abnormal deviation.
2. Compare the inferred latent dynamic trajectory with the statement in the question.
3. Determine whether the statement is supported or contradicted by the temporal evidence.
4. Output exactly one final answer: True or False.
Please use the following output format:
Latent Dynamic Trajectory: ...
Evidence: ...
Final Answer: <True / False>

Figure 19: Prompt template for true-or-false questions with LDM.

LDM Prompt Template for MCQs

You are an expert in time series analysis and temporal reasoning. Given a time series and a multiple-choice question, your task is to select the correct option.
You must reason based only on the provided time series, timestamps, background information, question, and candidate options.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Question: {QUESTION}
Candidate Options: {OPTIONS}
Please follow the LDM reasoning procedure:
1. First describe the latent dynamic trajectory of the time series as a sequence of dynamic states, such as stability, upward drift, downward drift, fluctuation,
turning point, level shift, periodic pattern, or abnormal deviation.
2. Compare the latent dynamic trajectory with each candidate option.
3. Select the option that is most consistent with the inferred temporal dynamics.
4. Output exactly one final option from the candidate options.
Please use the following output format:
Latent Dynamic Trajectory: ...
Option Analysis: ...
Final Answer: <option label>

Figure 20: Prompt template for multiple-choice questions with LDM.

LDM Prompt Template for OPQs

You are an expert in time series analysis and temporal reasoning. Given a time series and an open-ended question, your task is to generate a concise answer
based on the temporal evidence. You must reason based only on the provided time series, timestamps, background information, and question.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Question: {QUESTION}
Please follow the LDM reasoning procedure:
1. First describe the latent dynamic trajectory of the time series as a sequence of dynamic states, such as stable state, upward drift, downward drift, fluctuation,
turning point, level shift, periodic pattern, or abnormal deviation.
2. Identify the latent dynamic states that are most relevant to the question.
3. Use these dynamic states as temporal evidence to answer the question.
4. Provide a concise final answer grounded in the inferred latent dynamics.
Please use the following output format:
Latent Dynamic Trajectory: ...
Evidence: ...
Final Answer: <concise textual answer>

Figure 21: Prompt template for open-ended questions with LDM.
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F.4 Implementation Details of DOM
The core idea of DOM is to formulate model out-
puts as a distribution over multiple candidate pre-
dictions, rather than relying on a single determin-
istic generation. Under a fixed sampling budget,
DOM generates multiple candidate outputs and
uses them to estimate output uncertainty and task-
specific utility. It does not modify the underly-
ing LLM or introduce additional training; it only
changes how outputs are generated, aggregated,
and selected. DOM follows a structured inference
procedure based on controlled multi-sampling:

1. Input preparation. Given a raw time se-
ries x1:T , timestamps, optional background
description, and task instruction, DOM serial-
izes them into the same unified textual format
as other reasoning strategies. No additional
normalization, scaling, truncation, or resam-
pling is applied.

2. Controlled multi-sampling. For each test in-
stance, DOM generates N candidate outputs
using the same prompt and decoding configu-
ration. The sampling budget N is fixed across
tasks and models, and the generated candi-
dates are treated as samples from the model-
induced output distribution.

3. Candidate parsing. Each sampled response
is parsed by a unified parser. It extracts labels
or options for discrete tasks, anomaly judg-
ments or ranges for anomaly detection, fixed-
length numerical sequences for forecasting,
and valid textual answers for open-ended QA.
Invalid outputs, such as malformed responses,
illegal values, or length-mismatched forecasts,
are discarded.

4. Empirical distribution estimation. For
discrete-output tasks, DOM estimates the
empirical probability of each candidate an-
swer y ∈ Y as p̂(y | x1:T ) =

1
Nvalid

∑Nvalid
i=1 I(ŷ(i) = y), where Nvalid is

the number of valid sampled outputs.

5. Uncertainty estimation. For discrete tasks,
uncertainty is computed from the empiri-
cal distribution, e.g., Unc(x1:T ) = 1 −
maxy∈Y p̂(y | x1:T ), or by distribution en-
tropy. A concentrated distribution indicates
low uncertainty, while a dispersed one indi-
cates unstable decisions. For forecasting, un-
certainty is measured by the sample variance

across valid predicted sequences at each fu-
ture step.

6. Distribution-aware decision. For discrete
tasks, DOM selects the answer with high em-
pirical support and low uncertainty: y∗ =
argmaxy∈Y [U(y)− λUnc(y)] , where U(y)
denotes task-specific utility. In practice, when
U(y) is the empirical probability, this reduces
to selecting the most stable high-probability
answer. For forecasting, DOM aggregates all
valid predictions by element-wise averaging:
x̂T+1:T+H = 1

Nvalid

∑Nvalid
i=1 x̂

(i)
T+1:T+H .

7. Output standardization. The final answer
is converted into the task-required format and
evaluated with the same metrics as other strate-
gies, including labels, options, anomaly in-
tervals, fixed-length forecasts, or textual an-
swers.
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DOM Prompt Template for Classification

You are an expert in time series analysis and temporal reasoning. Given a time series, your task is to classify it into one of the candidate categories. You must
reason based only on the provided time series, timestamps, background information, and task instruction.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Task Instruction: {TASK_INSTRUCTION}
Candidate Labels: {LABEL_SPACE}
Please follow the DOM reasoning procedure:
1. Analyze the temporal evidence in the input time series, including trend, fluctuation, periodicity, abrupt change, stability, and abnormal deviation.
2. Consider multiple plausible candidate labels and estimate how well each candidate is supported by the observed temporal evidence.
3. Select the label that has the strongest support and the lowest uncertainty under the current evidence.
4. Output exactly one final label from the candidate labels.
Please use the following output format:
Candidate Distribution: - Candidate 1: support level / uncertainty: ... - Candidate 2: support level / uncertainty: ... ...
Decision Evidence: ...
Final Answer: <label>

Figure 22: Prompt template for classification tasks with DOM.

DOM Prompt Template for Anomaly Detection

You are an expert in time series analysis and anomaly detection. Given a time series, your task is to determine whether anomalous behavior exists and, if
required, identify the anomalous time points or intervals. You must reason based only on the provided time series, timestamps, background information, and
task instruction.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Task Instruction: {TASK_INSTRUCTION}
Output Space: {OUTPUT_SPACE}
Please follow the DOM reasoning procedure:
1. Analyze the temporal evidence for normal and abnormal behavior, including spikes, drops, level shifts, abrupt changes, intensified fluctuation, and
deviations from the expected pattern.
2. Consider multiple plausible anomaly decisions, such as normal, anomalous, point-level anomaly, or interval-level anomaly.
3. Estimate the support and uncertainty of each candidate anomaly decision based on the observed temporal evidence.
4. Select the final anomaly output that is most strongly supported and least uncertain.
Please use the following output format:
Candidate Distribution: - Candidate 1: support level / uncertainty: ... - Candidate 2: support level / uncertainty: ... ...
Anomaly Evidence: ...
Final Answer: <normal / anomalous / anomaly points / anomaly intervals>

Figure 23: Prompt template for anomaly detection tasks with DOM.

DOM Prompt Template for Forecasting

You are an expert in time series analysis and forecasting. Given a historical time series, your task is to predict its future values for the specified forecasting
horizon. You must reason based only on the provided time series, timestamps, background information, and task instruction.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Task Instruction: {TASK_INSTRUCTION}
Forecasting Horizon: {PREDICTION_LENGTH}
Please follow the DOM reasoning procedure:
1. Analyze the historical temporal dynamics, including trend, periodicity, fluctuation, level shift, turning point, and recent local variation.
2. Consider multiple plausible future trajectories and assess their consistency with the observed temporal evidence.
3. Estimate the uncertainty of the future dynamics based on whether the plausible trajectories are concentrated or dispersed.
4. Generate one forecast sequence that best represents the expected future values.
5. Output exactly {PREDICTION_LENGTH} numerical values.
Please use the following output format:
Candidate Future Dynamics: - Candidate trajectory 1: support level / uncertainty: ... - Candidate trajectory 2: support level / uncertainty: ... ...
Forecasting Evidence: ...
Final Answer: <v_1, v_2, ..., v_{PREDICTION_LENGTH}>

Figure 24: Prompt template for forecasting tasks with DOM.
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DOM Prompt Template for TFQs

You are an expert in time series analysis and temporal reasoning. Given a time series and a true-or-false question, your task is to determine whether the
statement is true or false. You must reason based only on the provided time series, timestamps, background information, and question.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Question: {QUESTION}
Candidate Answers: True, False
Please follow the DOM reasoning procedure:
1. Analyze the temporal evidence that supports or contradicts the statement in the question.
2. Consider both candidate answers, True and False, and estimate their support based on the observed temporal pattern.
3. Assess the uncertainty between the two candidate answers.
4. Output exactly one final answer: True or False.
Please use the following output format:
Candidate Distribution: - True: support level / uncertainty: ... - False: support level / uncertainty: ...
Evidence: ...
Final Answer: <True / False>

Figure 25: Prompt template for true-or-false questions with DOM.

DOM Prompt Template for MCQs

You are an expert in time series analysis and temporal reasoning. Given a time series and a multiple-choice question, your task is to select the correct option.
You must reason based only on the provided time series, timestamps, background information, question, and candidate options.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Question: {QUESTION}
Candidate Options: {OPTIONS}
Please follow the DOM reasoning procedure:
1. Analyze the temporal evidence relevant to the question, including trend, fluctuation, periodicity, abrupt change, stability, or abnormal deviation.
2. Consider all candidate options and estimate how strongly each option is supported by the observed temporal evidence.
3. Assess the uncertainty among candidate options based on whether the evidence is concentrated on one option or dispersed across multiple options.
4. Select the option with the strongest support and lowest uncertainty.
Please use the following output format:
Candidate Distribution: - Option A: support level / uncertainty: ... - Option B: support level / uncertainty: ... ...
Option Analysis: ...
Final Answer: <option label>

Figure 26: Prompt template for multiple-choice questions with DOM.

DOM Prompt Template for OPQs

You are an expert in time series analysis and temporal reasoning. Given a time series and an open-ended question, your task is to generate a concise answer
based on the temporal evidence. You must reason based only on the provided time series, timestamps, background information, and question.
Input Time Series: {TIME_SERIES}
Timestamps: {TIMESTAMPS}
Background Information: {BACKGROUND}
Question: {QUESTION}
Please follow the DOM reasoning procedure:
1. Analyze the temporal evidence relevant to the question, including trend, fluctuation, periodicity, abrupt change, stability, and abnormal deviation.
2. Consider multiple plausible textual answers and estimate how well each answer is supported by the observed temporal evidence.
3. Assess whether the candidate answers are consistent or uncertain under the current evidence.
4. Provide a concise final answer that is best supported by the temporal evidence.
Please use the following output format:
Candidate Answers: - Candidate answer 1: support level / uncertainty: ... - Candidate answer 2: support level / uncertainty: ... ...
Evidence: ...
Final Answer: <concise textual answer>

Figure 27: Prompt template for open-ended questions with DOM.
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G Ablations

G.1 Disentangling Reasoning from Input
Representation

To examine whether the gains of the proposed
strategies come from time-aware reasoning itself
or merely from better input formatting, we con-
duct a representation-only ablation. For each
proposed strategy, we construct a corresponding
representation-only variant that preserves the struc-
tured input or output format but removes the ex-
plicit reasoning procedure. TRS-Rep provides the
segment-style organization but does not require
segment-level reasoning and aggregation. LDM-
Rep provides a latent-state-style description but
does not require trajectory-level reasoning over
state transitions. DOM-Rep keeps the same multi-
sample output setting but removes the uncertainty-
aware distributional decision rule. In all variants,
the base LLM, input time series, decoding parame-
ters, and output parser are kept unchanged.

The comparison is shown in Fig. 28. Across
most tasks, the full time-aware reasoning strategies
consistently outperform their representation-only
counterparts. This indicates that the improvements
cannot be fully explained by better formatting of
the input sequence. Instead, the explicit reasoning
protocol, including segment-level aggregation in
TRS, trajectory-level state reasoning in LDM, and
uncertainty-aware decision making in DOM, con-
tributes substantially to the final performance. The
gap is particularly clear on classification, anomaly
detection, and forecasting, where task decisions
strongly depend on temporal structure rather than
only on surface-level input organization.

G.2 Reasoning-only Ablation

We conduct a reasoning-only ablation to separate
the effect of explicit time-aware reasoning from
the effect of the complete strategy design. In
this setting, all reasoning-only variants receive
the same raw serialized time series as DiP, with-
out externally provided segment-style formatting,
pre-computed latent-state summaries, or additional
structured input representations. The only differ-
ence is that the prompt requires the model to follow
the corresponding time-aware reasoning protocol.

TRS-R uses the raw input and asks the model to
propose temporal regimes during inference, reason
over local regimes, and aggregate segment-level
evidence. LDM-R uses the raw input and asks the
model to construct a latent dynamic trajectory be-
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Figure 28: Representation-only ablation for disentangling the
effect of input formatting from explicit time-aware reasoning.

DiP
TRS

RTRS
LDM

R
LDM

DOM
R
DOM

40

45

50

55

60

A
cc

ur
ac

y 
(%

)

Cla

DiP
TRS

RTRS
LDM

R
LDM

DOM
R
DOM

0.50

0.55

0.60

0.65

0.70

F1
-s

co
re

Ano

DiP
TRS

RTRS
LDM

R
LDM

DOM
R
DOM

0.50

0.55

0.60

0.65

M
A

E

Fore

DiP
TRS

RTRS
LDM

R
LDM

DOM
R
DOM

70

75

80

85

A
cc

ur
ac

y 
(%

)

TFQs

DiP
TRS

RTRS
LDM

R
LDM

DOM
R
DOM

65

70

75

80

A
cc

ur
ac

y 
(%

)

MCQs

DiP
TRS

RTRS
LDM

R
LDM

DOM
R
DOM

16

18

20

22

24

R
O

U
G

E-
L

OPQs

Direct prompting Reasoning-only Full strategy

Figure 29: Reasoning-only ablation under identical raw time-
series inputs. DiP uses direct prompting, reasoning-only vari-
ants use the same raw input but enforce time-aware reasoning
protocols, and full variants correspond to the complete pro-
posed strategies.

fore making the final decision. DOM-R uses the
raw input and performs controlled multi-sampling
with distribution-aware output selection. We com-
pare these reasoning-only variants with both DiP
and the full versions of TRS, LDM, and DOM.

As shown in Fig. 29, the reasoning-only vari-
ants generally outperform DiP, indicating that ex-
plicit temporal reasoning itself contributes to the
gains even when the input representation is kept
unchanged. Meanwhile, the full strategies fur-
ther improve over the reasoning-only variants in
most tasks, suggesting that the best performance
is achieved when the reasoning protocol is com-
bined with its corresponding organization and ag-
gregation design. This confirms that the proposed
methods are not merely better-formatted inputs, but
structured reasoning procedures tailored to tempo-
ral decision structures.
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Figure 30: Matched-input control ablation. RandSeg uses
segment-style input with non-temporal boundaries, ShufState
uses latent-state-style input with shuffled temporal order, and
MS-only uses the same sampling budget without uncertainty-
aware decision making.

G.3 Matched-input Control Ablation

We conduct a matched-input control to examine
whether the improvements simply come from more
structured or compact input formatting. In this
ablation, we construct control variants that preserve
a similar input organization and information budget
as the proposed strategies, but remove the temporal
alignment of the intermediate structures.

For TRS, we compare it with RandSeg, which
divides the time series into the same number of
contiguous segments but uses random or uniform
boundaries rather than model-inferred temporal
regimes. For LDM, we compare it with ShufS-
tate, which keeps the same latent-state-style de-
scriptions but shuffles their temporal order before
reasoning. For DOM, we compare it with MS-
only, which uses the same sampling budget but
aggregates outputs with standard majority voting
for discrete tasks and element-wise mean for fore-
casting, without uncertainty-aware utility selection.
All variants use the same base LLM, serialized time
series, decoding parameters, and output parser.

As shown in Fig. 30, the proposed strategies
consistently outperform their matched-input con-
trols. TRS outperforms RandSeg, indicating that
the gain is not caused by segment formatting alone,
but by aligning the segments with temporal regimes.
LDM outperforms ShufState, showing that the tem-
poral order of latent states and their transitions are
essential. DOM outperforms MS-only, suggest-
ing that controlled multi-sampling alone is insuf-
ficient and that uncertainty-aware output selection
provides additional benefits. These results further
support that the proposed strategies improve per-
formance through temporally aligned reasoning,

rather than through superficial input reformatting.

H Case Study

We present a case study based on a CPU monitoring
sequence to qualitatively compare different reason-
ing strategies under the same input and task in-
struction. The sequence contains multiple temporal
states, including a stable period, a sharp utilization
increase, and a later recovery, which makes it use-
ful for examining whether the model can correctly
preserve task-relevant temporal evidence.

Using this example, we illustrate how the three
proposed time-aware strategies reason over the
same sequence. TRS focuses on segment-level
temporal regimes, LDM represents the sequence
as a latent state trajectory, and DOM selects the
final answer by considering the distribution and
uncertainty of multiple outputs.

We further include a ToT failure case, where the
selected path incorrectly shifts the decision crite-
rion from detecting any abrupt burst to checking
whether the high-utilization state persists until the
end. This comparison shows that effective rea-
soning for time series requires alignment with the
temporal decision structure, rather than simply in-
creasing the complexity of the reasoning process.

30346



Case Study: TRS Reasoning on a True/False Question

You are an expert in time series analysis and temporal reasoning. Given a time series and a true-or-false question, your task is to determine whether the
statement is true or false. You must reason based only on the provided time series, timestamps, background information, and question.
Input Time Series:
[21.463, 22.105, 21.884, 23.017, 22.641, 24.238, 23.596, 22.917, 24.105, 25.384, 26.112, 24.763, xxx, 28.406, 29.318, 31.725, 46.892, 68.431, 72.506,
69.884, 53.271, 35.904, 30.117, 28.965]
Timestamps:
[t1, t2, t3, . . ., t511]
Background Information:
The sequence records server CPU utilization over 511 consecutive monitoring timestamps. A stable CPU utilization pattern should remain within a relatively
narrow range, while a sudden increase followed by recovery indicates a burst-like workload change.
Question:
The server CPU utilization remains stable throughout the entire monitoring window, without any clear burst or abrupt increase.
Candidate Answers:
True, False
Please follow the TRS reasoning procedure:
1. Divide the complete time series into at most {K=3} continuous temporal segments. The segments must cover the full index range from the first time step to
the last time step without overlap or gaps.
2. For each segment, describe its local temporal pattern, such as stable behavior, increasing trend, decreasing trend, fluctuation, abrupt change, periodic
pattern, or abnormal deviation.
3. Compare the segment-level temporal evidence with the statement in the question.
4. Output exactly one final answer: True or False.
Segments:
- Segment 1: [t1, t170], local pattern: stable low utilization. The CPU values remain in a narrow range around 21–26, showing no clear burst or abrupt
change.
- Segment 2: [t171, t390], local pattern: mild fluctuation with gradual increase. The sequence still remains relatively moderate, but the utilization begins to
move toward a higher range compared with the early segment.
- Segment 3: [t391, t511], local pattern: abrupt burst followed by recovery. The visible values increase from 28.406, 29.318, and 31.725 to 46.892, 68.431,
and 72.506, and then decline to 53.271, 35.904, 30.117, and 28.965.
Segment-level Evidence:
The first segment is consistent with the statement because the utilization remains stable in a low range. However, the third segment directly contradicts
the statement: it contains a sharp increase to 72.506 followed by a recovery pattern. Since the question asks whether the CPU utilization remains stable
throughout the entire monitoring window, the presence of one clear burst segment is sufficient to reject the statement.
Global Reasoning:
TRS aggregates the segment-level evidence by checking whether all temporal segments support the stability claim. Although the early segment appears stable,
the later segment contains an abrupt workload burst. Therefore, the full sequence cannot be described as stable throughout the entire monitoring window.
Final Answer:
False

Figure 31: A case study of TRS-based reasoning on the same true-or-false question.

Case Study: LDM Reasoning on a True/False Question

You are an expert in time series analysis and temporal reasoning. Given a time series and a true-or-false question, your task is to determine whether the
statement is true or false. You must reason based only on the provided time series, timestamps, background information, and question.
Input Time Series:
[21.463, 22.105, 21.884, 23.017, 22.641, 24.238, 23.596, 22.917, 24.105, 25.384, 26.112, 24.763, xxx, 28.406, 29.318, 31.725, 46.892, 68.431, 72.506,
69.884, 53.271, 35.904, 30.117, 28.965]
Timestamps:
[t1, t2, t3, . . ., t511]
Background Information:
The sequence records server CPU utilization over 511 consecutive monitoring timestamps. A stable CPU utilization pattern should remain within a relatively
narrow range, while a sudden increase followed by recovery indicates a burst-like workload change.
Question:
The server CPU utilization remains stable throughout the entire monitoring window, without any clear burst or abrupt increase.
Candidate Answers:
True, False
Please follow the LDM reasoning procedure:
1. First describe the latent dynamic trajectory of the time series as a sequence of dynamic states, such as stable state, increasing trend, decreasing trend,
fluctuation, turning point, level shift, periodic pattern, or abnormal deviation.
2. Compare the inferred latent dynamic trajectory with the statement in the question.
3. Determine whether the statement is supported or contradicted by the temporal evidence.
4. Output exactly one final answer: True or False.
Latent Dynamic Trajectory:
The time series can be abstracted into the following ordered latent dynamic states:
Stable low-utilization state → mild upward fluctuation → abrupt burst state → recovery state.
In the early part, the CPU utilization remains within a narrow low range, mostly around 21–26, which corresponds to a stable low-utilization state. Later, the
values increase from 28.406 and 31.725 to 46.892, then further to 68.431 and 72.506, indicating an abrupt burst rather than normal fluctuation. After the burst,
the sequence decreases to 53.271, 35.904, 30.117, and 28.965, forming a recovery state.
Evidence:
The statement claims that the CPU utilization remains stable throughout the entire monitoring window and does not contain any clear burst or abrupt increase.
This is contradicted by the inferred latent trajectory. Although the early state is relatively stable, the later trajectory contains a clear transition from mild
fluctuation to an abrupt burst, followed by recovery. Therefore, the whole sequence cannot be described as stable throughout the entire window.
Final Answer:
False

Figure 32: A case study of LDM-based reasoning on the same true-or-false question.
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Case Study: DOM Reasoning on a True/False Question

You are an expert in time series analysis and temporal reasoning. Given a time series and a true-or-false question, your task is to determine whether the
statement is true or false. You must reason based only on the provided time series, timestamps, background information, and question.
Input Time Series:
[21.463, 22.105, 21.884, 23.017, 22.641, 24.238, 23.596, 22.917, 24.105, 25.384, 26.112, 24.763, xxx, 28.406, 29.318, 31.725, 46.892, 68.431, 72.506,
69.884, 53.271, 35.904, 30.117, 28.965]
Timestamps:
[t1, t2, t3, . . ., t511]
Background Information:
The sequence records server CPU utilization over 511 consecutive monitoring timestamps. A stable CPU utilization pattern should remain within a relatively
narrow range, while a sudden increase followed by recovery indicates a burst-like workload change.
Question:
The server CPU utilization remains stable throughout the entire monitoring window, without any clear burst or abrupt increase.
Candidate Answers:
True, False
Please follow the DOM reasoning procedure:
1. Analyze the temporal evidence that supports or contradicts the statement in the question.
2. Consider both candidate answers, True and False, and estimate their support based on the observed temporal pattern.
3. Assess the uncertainty between the two candidate answers.
4. Output exactly one final answer: True or False.
Controlled Multi-sampling:
Under the same prompt and decoding configuration, DOM generates N = 10 candidate outputs. After applying the unified parser, all outputs are valid:
[False, False, True, False, False, False, True, False, False, False]
Candidate Distribution:
- True: low support / high uncertainty. Two out of ten samples select True, mainly because the beginning of the sequence stays within a relatively narrow
range. - False: high support / low uncertainty. Eight out of ten samples select False because the later values contain a clear abrupt increase and recovery.
Equivalently, the empirical distribution is:

p̂(True | x1:T ) = 0.20, p̂(False | x1:T ) = 0.80.

Uncertainty Estimation:
Using maximum-probability uncertainty, DOM obtains:

Unc(x1:T ) = 1 − max
y∈{True,False}

p̂(y | x1:T ) = 1 − 0.80 = 0.20.

The low uncertainty indicates that the sampled outputs are concentrated on False.
Evidence:
The statement claims that CPU utilization remains stable throughout the entire monitoring window. However, the visible sequence contains a sharp burst in
the later part: the utilization rises from 31.725 to 46.892, then further to 68.431 and 72.506, before decreasing to 53.271, 35.904, 30.117, and 28.965. This
pattern contradicts the claim of stable utilization without abrupt increase.
Distribution-aware Decision:
For this discrete True/False task, DOM selects the answer with the highest empirical support and low uncertainty:

y
∗
= arg max

y∈{True,False}
p̂(y | x1:T ).

Since p̂(False | x1:T ) = 0.80 is higher than p̂(True | x1:T ) = 0.20, the final standardized answer is False.
Final Answer:
False

Figure 33: A case study of DOM-based reasoning on a true-or-false question.
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Case Study: Incorrect ToT Reasoning on a True/False Question

You are an expert in time series analysis and temporal reasoning. Given a time series and a true-or-false question, your task is to determine whether the
statement is true or false. You must reason based only on the provided time series, timestamps, background information, and question.
Input Time Series:
[21.463, 22.105, 21.884, 23.017, 22.641, 24.238, 23.596, 22.917, 24.105, 25.384, 26.112, 24.763, xxx, 28.406, 29.318, 31.725, 46.892, 68.431, 72.506,
69.884, 53.271, 35.904, 30.117, 28.965]
Timestamps:
[t1, t2, t3, . . ., t511]
Background Information:
The sequence records server CPU utilization over 511 consecutive monitoring timestamps. A stable CPU utilization pattern should remain within a relatively
narrow range, while a sudden increase followed by recovery indicates a burst-like workload change.
Question:
The server CPU utilization remains stable throughout the entire monitoring window, without any clear burst or abrupt increase.
Candidate Answers:
True, False
Please follow the ToT reasoning procedure:
1. Generate multiple candidate reasoning paths for the given time series and question.
2. Evaluate each path according to its consistency with the observed temporal evidence.
3. Select the most plausible path.
4. Output exactly one final answer: True or False.
Candidate Reasoning Paths:
Path 1: Overall-stability path. Most visible values are within a low-to-moderate utilization range. The beginning of the sequence remains around 21–26,
and the final values decrease back to around 30. Since the sequence does not remain at a high level until the end, the temporary high values can be interpreted
as short-term fluctuation rather than a persistent instability.
Path 2: Burst-detection path. The later part of the sequence contains a sharp increase from 31.725 to 46.892, 68.431, and 72.506. This rise is much larger
than the earlier low-range fluctuation. The subsequent decrease to 53.271, 35.904, 30.117, and 28.965 indicates recovery after a burst. This path contradicts
the statement that there is no abrupt increase.
Path 3: Recovery-weighted path. The sequence contains a temporary elevation, but the final observations return close to the previous range. Since the high
values are not sustained and the signal recovers, the overall monitoring window may still be regarded as stable with a transient perturbation.
Path Evaluation:
Path 1 and Path 3 both emphasize that the sequence begins and ends in a relatively moderate range. Path 2 identifies a sharp local increase, but this increase is
followed by recovery. Since the question concerns the whole monitoring window, the recovery pattern is treated as evidence that the sequence does not
undergo persistent instability. Therefore, the recovery-weighted interpretation is selected.
Selected Path:
Path 3: Recovery-weighted path.
Final Answer:
True
Failure Analysis:
The selected ToT path is incorrect because one branch shifts the decision criterion from “whether there exists any clear burst or abrupt increase” to “whether
the high-utilization state persists until the end.” During the tree search, this branch appears plausible because the sequence eventually recovers to a lower
level. However, it overlooks the original condition that the sequence should remain stable throughout the entire monitoring window. The sharp rise from
31.725 to 46.892, 68.431, and 72.506 already constitutes an abrupt increase, regardless of the subsequent recovery. Therefore, this ToT path selects an
incorrect branch, and the correct answer should be False.

Figure 34: A failure case of ToT reasoning on the same true-or-false question.
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