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Abstract001

With the advancement of large language mod-002
els (LLMs), diverse time series analysis tasks003
are reformulated as time series question an-004
swering (TSQA) through a unified natural lan-005
guage interface. However, existing LLM-based006
approaches largely adopt general natural lan-007
guage processing techniques and are prone to008
reasoning errors when handling complex nu-009
merical sequences. Different from purely tex-010
tual tasks, time-series questions admit objec-011
tive, input-grounded checks (e.g., value com-012
parisons and trend consistency), which enable013
assessing whether intermediate reasoning re-014
mains faithful to the input. Motivated by this015
property, we propose T3LLM, which performs016
multi-step reasoning with an explicit correction017
mechanism for TSQA. The T3LLM framework018
consists of three LLMs, namely, a worker, a019
reviewer, and a student. The worker gener-020
ates step-wise chains of thought (CoT) under021
structured prompts, the reviewer identifies erro-022
neous steps and provides corrective comments,023
and the corrected CoT are used to fine-tune the024
student model to internalize reasoning and self-025
correction into its parameters. Experiments on026
multiple real-world TSQA benchmarks demon-027
strate that T3LLM consistently outperforms028
strong LLM-based baselines across diverse QA029
types.1030

1 Introduction031

Time series analysis (TSA) is a conventional prac-032

tical task for data and pattern analysis, evolving033

from statistical models (Newbold, 1983; De Liv-034

era et al., 2011; Mondal et al., 2014; Liu et al.,035

2016) to deep learning approaches (Lai et al., 2018;036

Han et al., 2019; Lim and Zohren, 2021; Zhou037

et al., 2021; Liu et al., 2022; Nie et al., 2022),038

driven by the increasing complexity of temporal039

data and continuous methodological advances (Jin040

1Code will be released in the final version of the paper.

et al., 2023a; Liu et al., 2024b). As a representa- 041

tive task of TSA, time series question answering 042

(TSQA) frames problems in time series data as nat- 043

ural language questions and answers (QA), where 044

each question typically corresponds to time series 045

forecasting, imputation, classification, or anomaly 046

detection (Wang et al., 2025a,d; Chen et al., 2025). 047

Beyond numerical outputs, TSQA often requires 048

textual explanations of the reasoning process and 049

evidence to support reliable decision-making. 050

With large language models (LLMs) emerging as 051

general-purpose reasoners (Xue and Salim, 2023; 052

Huang et al., 2024; Shu et al., 2025), researchers 053

explore LLMs for TSA since text and time series 054

share one-dimensional chain structures (Zhou et al., 055

2023; Jin et al., 2023b; Ansari et al., 2024), en- 056

abling a unified interface that better leverages LLM 057

reasoning. Existing LLM-based TSA approaches 058

(Rasul et al., 2023; Jin et al., 2023b; Luo et al., 059

2025) are broadly fall into two categories. One in- 060

troduces an external encoder to produce time series 061

representations and fuses them with text for LLM 062

input (Jin et al., 2023b; Hu et al., 2025; Zhao et al., 063

2025), which easily leads to mismatched semantic 064

spaces across encoders and LLMs. The other di- 065

rectly textualizes time series data (Xue and Salim, 066

2023; Ansari et al., 2024; Luo et al., 2025), often 067

by discretizing values or numeric sequences into 068

tokens (Kojima et al., 2022; Sun et al., 2023), so 069

that allowing LLMs to model TSA tasks within nat- 070

ural language processing (NLP) techniques (Ansari 071

et al., 2024; Chow et al., 2024; Wang et al., 2025b; 072

Luo et al., 2025) especially utilizing QA as a direct 073

interface for information retrieval in TSA, even 074

though with simple solutions (Xie et al., 2024; 075

Wang et al., 2025a; Kong et al., 2025). However, 076

long numeric sequences make models sensitive to 077

subtle fluctuations, especially for complex ques- 078

tions. To avoid falling into such scenario, a reason- 079

able attempt is to enhance the reasoning capabilities 080

of LLMs, enabling them to break down a task into 081
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Figure 1: The illustration of our approach. The left side defines the TSQA task and the working, reviewing, and
completing prompt templates. The middle depicts the overall process of T3LLM. From top to bottom, they represent
the primitive CoT generation, the correction loop, and the fine-tuning based on the CoTs. The right side shows the
three types of TSQA tasks (i.e., multi-choice questions, true-or-false judgments, and open-ended questions).

smaller and manageable sub-tasks (Wei et al., 2022;082

Zhou et al., 2022; Sprague et al., 2024), therefore,083

driving some studies to use chain-of-thought (CoT)084

in TSA to force LLMs to explicitly generate inter-085

mediate reasoning steps and prove its effectiveness086

accordingly (Chow et al., 2024; Wang et al., 2025b;087

Luo et al., 2025). Yet, they still omit the unique088

characteristic in TSA that time series values are089

verifiable, allowing consistency checking between090

reasoning steps and the original input, which is less091

accessible in purely textual reasoning. To this end,092

strategically tailoring LLMs’ utilization to the na-093

ture of time series data is essential in effectively094

applying LLMs to TSA, especially TSQA.095

In this paper, we propose an enhanced CoT096

framework named T3LLM for TSQA, which ex-097

plicitly utilizes a self-corrected reasoning process.098

In our framework, three LLMs are assigned with099

distinct roles: a worker, a reviewer, and a student,100

respectively. We adopt a unified CoT prompt that101

guides the worker model to decompose the time se-102

ries and question into step-wise reasoning steps,103

producing primitive chains of thought. The re-104

viewer model inspects the primitive CoT, identifies105

the earliest incorrect reasoning step, retains only106

the verified correct steps, and generates correspond-107

ing comments. The worker model then completes108

the reasoning based on the retained correct steps109

and the comments to update the CoT. This review-110

and-completion process is repeated until the rea-111

soning is correct or a predefined iteration limit is 112

reached. Finally, we collect all output corrected 113

CoTs from the reviewer LLM and utilize them to 114

fine-tune the student LLM so that it is implicitly en- 115

hanced with CoT training and thus able to produce 116

logically consistent multi-step reasoning for TSQA. 117

Extensive experiments on two representative TSQA 118

benchmark datasets demonstrate that T3LLM con- 119

sistently outperforms strong LLM-based baselines 120

across diverse QA types. 121

2 The Approach 122

Given a time series data T , and a set of ques- 123

tions Q = {Q1, Q2, . . . , QN} with their corre- 124

sponding answers A = {A1, A2, . . . , AN} derived 125

from T , TSQA predicts an answer Ân based on 126

a question Qn ∈ Q and the corresponding T . 127

To perform TSQA, the proposed T3LLM builds 128

a TSQA-specific LLM with multi-step reasoning 129

and a review-correction procedure, with the over- 130

all framework illustrated in the Figure 1. Specifi- 131

cally, the T3LLM framework contains three mod- 132

els with different roles, namely, a worker LLM fw, 133

a reviewer LLM fr, and a student LLM fs. The 134

worker LLM takes an individual question and its 135

corresponding time series as input, producing a 136

step-wise structured primitive CoT and an initial 137

predicted answer. The reviewer LLM examines the 138

primitive CoT, identifies the earliest incorrect rea- 139

soning step, removes this step and all subsequent 140
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reasoning, and generates comments for correction.141

Guided by the comments, the worker LLM com-142

pletes generating new reasoning steps, resulting143

in an updated CoT and a new predicted answer.144

The generation and review processes alternate it-145

eratively, forming a progressive correction loop146

until a predefined stopping criterion is met. The147

high-quality corrected CoT collected during this148

process is used to fine-tune the student LLM. After149

fine-tuning, the student LLM is able to produce150

logically consistent multi-step reasoning without151

relying on the reviewer LLM, and it is subsequently152

used as the final deployed model for TSQA. In the153

following text, we present the details of the process.154

2.1 Primitive CoT Generation155

In the primitive CoT generation stage, we adopt156

a working prompt PW to regulate the reasoning157

structure and output format of the worker LLM.158

The working prompt guides the worker LLM to159

generate a structured primitive CoT based on a160

given question and its corresponding time series.161

The prompt introduces a set of predefined special162

tokens to explicitly separate reasoning content from163

final answer content. One category of special to-164

kens (e.g., <think>...</think>) indicates the re-165

gion in which the model produces step-wise rea-166

soning. Another category of special tokens (e.g.,167

<answer>...</answer>) indicates the region re-168

served for generating the final predicted answer.169

Under this unified prompt template, the primitive170

CoT is organized as a sequence of discrete and171

ordered reasoning steps, which is formulated as172

R(0) =
[
R

(0)
1 , R

(0)
2 , . . . , R

(0)
L

]
(1)173

where
[
·
]

denotes the concatenation of reasoning174

steps, L denotes the length of the CoT, and R
(0)
l is175

the l-th CoT step. At this stage, the worker LLM176

generates the primitive CoT together with an ini-177

tial predicted answer conditioned on the question,178

the time series, and the generation prompt. This179

step-wise reasoning formulation provides a clear180

and systematic structural basis for subsequent rea-181

soning review and fine-grained error localization.182

2.2 CoT Review and Correction183

In the CoT review and correction stage, we em-184

ploy the reviewer LLM to conduct a step-by-step185

inspection of the primitive CoT generated by the186

worker LLM, with the goal of identifying the earli-187

est reasoning error. Specifically, the reviewer LLM188

takes as input the question Qn, the time series T ,189

the golden standard answer An, the primitive CoT 190

R(0), the corresponding predicted answer Â(0)
n , and 191

a reviewing prompt PR, and examines the reason- 192

ing steps in a sequential manner. The reviewer 193

LLM is prompted to locate the earliest reasoning 194

step that conflicts with the time series evidence or 195

the task definition. Once the erroneous reasoning 196

step is identified, the reviewer LLM removes this 197

step together with all subsequent reasoning steps, 198

retaining only the prefix consisting of verified cor- 199

rect reasoning. The reviewer LLM then generates 200

a comment that highlights the issues in the current 201

reasoning and provides guidance for correction, 202

without revealing any information about the golden 203

standard answer. This comment is appended to the 204

truncated CoT, forming an intermediate but cor- 205

rected reasoning state, which is formulated as 206

R̃(1) = fr
(
Qn, T , An,R(0), Â(0)

n ,PR

)
(2) 207

where R̃(1) denotes the truncated CoT augmented 208

with the reviewer-generated comment. It is impor- 209

tant to note that this intermediate CoT is still incom- 210

plete, and the remaining reasoning steps need to 211

be regenerated by the worker LLM under the guid- 212

ance of the appended comment. In the completion 213

stage, we use a completing prompt PC to instruct 214

the worker LLM to generate new reasoning steps 215

and an updated predicted answer conditioned on 216

the truncated CoT. This review-truncate-comment- 217

complete process is repeated until a predefined 218

maximum number of correction rounds is reached. 219

For different types of time series questions, the best 220

corrected CoT is selected based on answer correct- 221

ness or proximity to the golden standard answer. 222

Finally, the final selected corrected CoT is used 223

as a consistent and high-quality target supervision 224

signal for fine-tuning the student LLM. 225

2.3 Student Fine-tuning 226

In the student fine-tuning stage, training is per- 227

formed using individual corrected CoT samples as 228

supervision. For each training instance, the stu- 229

dent model is conditioned on the question, the time 230

series, and the corresponding corrected CoT. The 231

student model is trained to autoregressively pre- 232

dict the next token in the CoT given the preceding 233

reasoning context. The CoT loss Lcot is computed 234

accordingly following the standard cross-entropy 235

loss function. After generating the CoT, the student 236

model further predicts the token sequence of the 237

final answer conditioned on the completed reason- 238

ing, where an answer prediction loss Lans is com- 239
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Dataset Type Train Val Test

CTQA MCQ – 26,880 6,720 14,400

TMQA

MCQ – 6,352 1,589 3,332

T/F – 3,828 957 2,131

OPE

Classification 20,719 5,180 11,101
Anomaly 20,720 5,180 11,100
Forecasting 23,831 5,958 12,768
Imputation 21,647 5,412 11,598

Total – 123,978 30,995 66,430

Table 1: Statistics of the experiment datasets. MCQ, T/F,
and OPE stand for multiple-choice, true-or-false, and
open-ended QA types, respectively. The open-ended
QA further includes time series classification, anomaly
detection, forecasting, and imputation tasks.

puted following the standard process. The overall240

training objective of the student model is to jointly241

minimize the CoT loss and the answer prediction242

loss as follows:243

L = Lcot + Lans (3)244

By repeating this process over all training instances,245

the student model internalizes the multi-step rea-246

soning structure and becomes capable of indepen-247

dently generating consistent reasoning for TSQA.248

3 Experiment Settings249

3.1 Datasets250

We use two datasets in our experiments, namely,251

CTQA (Wang et al., 2025a) and TMQA (Kong252

et al., 2025), spanning multiple application do-253

mains such as finance, weather, and healthcare,254

etc. Both datasets consist of question–answer pairs255

in which the associated time series information ap-256

pears in the texts. CTQA contains multiple-choice257

questions (MCQ) constructed from trend, volatil-258

ity, seasonality, and outlier patterns. TMQA in-259

cludes MCQ, true-or-false (T/F), and open-ended260

(OPE) QA pairs derived from typical TSA tasks,261

including forecasting, imputation, classification,262

and anomaly detection. Its time series come from263

public real-world data and LLM-synthesized data,264

and each question provides additional contextual265

information (e.g., domain background and series266

descriptions). We follow the standard protocol and267

split all datasets into training, validation, and test268

sets with a ratio of 6:1:3. Statistics of these datasets269

according to QA types are reported in Table 1.270

3.2 Baselines and Comparing Approaches271

To evaluate T3LLM, we construct four baselines272

on the same backbone, namely TSEnc, TSTxt,273

TSCoT, and TSCoT+, representing three represen-274

tative LLM-based TSQA paradigms. TSEnc in- 275

corporates an independent time series encoder and 276

concatenates its representations with text tokens as 277

LLM input, evaluating TSQA under separate mul- 278

timodal modeling. TSTxt textualizes time series 279

as normal text and feeds them into the LLM un- 280

der the standard language modeling pipeline, using 281

the same textualization scheme as T3LLM for fair 282

comparison. TSCoT applies CoT on top of TSTxt 283

using the same prompt as T3LLM to generate multi- 284

step reasoning. TSCoT+ extends TSCoT with an 285

additional correction hint to encourage on-the-fly 286

review of previous steps. These CoT baselines 287

assess standard prompt-based reasoning in TSQA 288

and serve as a direct contrast to T3LLM. 289

To further demonstrate the superiority of our 290

approach, we compare three existing LLM-based 291

TSQA studies under the same experiment setting, 292

namely ChatTS (Xie et al., 2024), ChatTime (Wang 293

et al., 2025a), and Time-MQA (Kong et al., 2025). 294

ChatTS encodes time series into continuous rep- 295

resentations and inserts them into text token se- 296

quences, thus preserving temporal context informa- 297

tion during language modeling. ChatTime treats 298

discretized time series values as foreign language 299

tokens so that the numerical sequence and text are 300

modeled jointly as if they are in a code-mixture 301

language environment. Time-MQA directly fine- 302

tunes LLMs with LoRA (Hu et al., 2022) on TSQA 303

data under the standard NLP paradigm, thereby 304

enabling the model to perform TSQA tasks. 305

3.3 Implementation Details 306

In preprocessing, we follow prior TSQA formatting 307

(Kong et al., 2025; Wang et al., 2025b) by keeping 308

numerical values in their original scale and placing 309

them inside square brackets “[...]”.2 The work- 310

ing, reviewing, and completing prompts (i.e., PW , 311

PR, and PC) used in our approach are presented in 312

Appendix A. Since input representation plays an es- 313

sential role in data processing (Mikolov et al., 2013; 314

Devlin et al., 2019; Yang et al., 2025a), we utilize 315

state-of-the-art LLMs in the experiments. Specifi- 316

cally, for the worker LLM and reviewer LLM, we 317

use DeepSeek-R13 (Guo et al., 2025). For the stu- 318

dent LLM, we employ Qwen2.5-14B-Instruct4. We 319

2Although some approaches normalize values (Wang et al.,
2025a), we keep the original scale to better preserve magni-
tude, slope, and local fluctuations.

3https://huggingface.co/deepseek-ai/
DeepSeek-R1

4https://huggingface.co/Qwen/Qwen2.
5-14B-Instruct

4

https://huggingface.co/deepseek-ai/DeepSeek-R1
https://huggingface.co/deepseek-ai/DeepSeek-R1
https://huggingface.co/Qwen/Qwen2.5-14B-Instruct
https://huggingface.co/Qwen/Qwen2.5-14B-Instruct


Approach

CTQA TMQA

MCQ MCQ T/F OPE

Classification Anomaly Forecasting Imputation

Acc ↑ Acc ↑ Acc ↑ Acc ↑ mF1 ↑ Acc ↑ F1 ↑ RMSE ↓ MAE ↓ RMSE ↓ MAE ↓

TSEnc 0.399 0.483 0.518 0.320 0.274 0.286 0.246 24682.469 943.354 4668.367 94.359
TSTxt 0.365 0.279 0.539 0.387 0.257 0.398 0.368 15273.367 666.316 3008.981 75.715
TSCoT 0.390 0.574 0.635 0.495 0.293 0.513 0.393 12321.533 640.241 2900.958 72.611
TSCoT+ 0.393 0.589 0.629 0.483 0.317 0.526 0.405 12359.176 658.964 2887.367 70.851

ChatTS 0.467 0.556 0.637 0.393 0.266 0.313 0.299 26543.138 934.681 4356.167 90.348
ChatTime 0.366 0.546 0.619 0.439 0.271 0.489 0.417 11926.354 628.367 2791.376 64.913
Time-MQA† 0.371 0.483 0.564 0.478 0.287 0.432 0.371 17659.672 776.128 3122.176 78.911

T3LLM 0.665 0.635 0.766 0.572 0.336 0.532 0.494 7586.280 545.337 1320.905 50.204

Table 2: Performance comparison of baselines and existing TSQA studies on the benchmark datasets. For the MCQ
and T/F QAs, the accuracy is reported. For the classification in OPE, we report accuracy and macro-F1 (mF1). For
the anomaly detection in OPE, we report accuracy and F1. For the forecasting and imputation in OPE, we report
RMSE and MAE. Boldface and underlines denote the best and second-best results, respectively, across all baselines.
“†” indicates the results of our implementation of the corresponding approach following the original paper.

fine-tune the student LLM using LoRA (Hu et al.,320

2022) with LoRA rank 64, LoRA alpha 128 and321

LoRA dropout 0.05. We use AdamW (Loshchilov322

and Hutter, 2017) with a learning rate of 2e−5 for323

10 epochs, and set the maximum correction round324

(MCR) as 3 to avoid excessively long reasoning.325

In evaluation, we use specific metrics for different326

QA types, and report the average results over three327

runs with different random seeds. Specifically, for328

MCQ, T/F, and classification and anomaly detec-329

tion in OPE QA, we parse answers into discrete330

labels and report accuracy and macro-F1 (mF1).331

For OPE forecasting and imputation, we report332

mean absolute error (MAE) and root mean squared333

error (RMSE) computed on the time-series values334

extracted directly from the final answer text.335

4 Results and Analysis336

4.1 Overall Results337

Table 2 reports the results of different approaches,338

with several observations. First, TSEnc performs339

well on MCQ and T/F questions, as well as classi-340

fication and anomaly detection in OPE QA, but is341

inferior on forecasting and imputation. This sug-342

gests that an independent time series encoder pro-343

vides reliable representations for comprehension344

QA, while semantic mismatch across encoders lim-345

its performance when generating time-series values346

required by the question. Second, TSTxt shows a347

more balanced performance where it improves fore-348

casting and imputation over TSEnc but is slightly349

worse on the other QA types. This indicates that350

unified textual modeling of time series and text351

is effective for questions requiring joint reason- 352

ing over values and language. Third, TSCoT and 353

TSCoT+ further improve TSTxt on comprehension 354

QA and on forecasting and imputation in OPE QA, 355

confirming that CoT strengthens time-series rea- 356

soning. Meanwhile, TSCoT+ performs similarly 357

to TSCoT, suggesting that prompt-only reflection 358

is insufficient for effective self-correction. Com- 359

pared to these baselines, T3LLM achieves the best 360

performance across all QA types, indicating that 361

enhanced CoT with evidence-based validation cor- 362

rects reasoning with time series evidence. 363

Table 2 also reports the results of existing rep- 364

resentative LLM-based TSQA approaches. We 365

observe that ChatTS performs well in MCQ, T/F 366

QA types, and the classification, anomaly detec- 367

tion tasks in OPE questions. This observation 368

confirms again that using a separate encoder for 369

time series inputs is an effective solution for com- 370

prehension QA tasks, which corresponds to that 371

presented by TSEnc. In contrast, ChatTime and 372

Time-MQA offer better performance in forecast- 373

ing and imputation tasks, which also corresponds 374

to TSTxt, TSCoT, and TSCoT+ in the way that 375

unifying time series and text modeling has the ad- 376

vantage of being able to perceive the most original 377

input values. Furthermore, ChatTime performs bet- 378

ter than Time-MQA, which is because ChatTime 379

learns time series values as foreign language to- 380

kens, so that simplifies the process of aligning time 381

series information with texts, other than directly 382

mixing them in LLM fine-tuning. Similar to the 383

comparison with baseline models, T3LLM also 384
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(a) Performance on MCQ, T/F, and OPE 

classification and anomaly detection tasks.

(b) Performance on OPE forecasting and 

imputation tasks.

Figure 2: The performance of our approach with different numbers of maximum correction rounds MCR =
{1, 2, 3, 4, 5, 10} on the TMQA dataset. Figure (a) presents the results on MCQ, T/F and OPE classification and
anomaly detection tasks. Figure (b) displays the performance on OPE forecasting and imputation tasks.

achieves the best performance in all QA types than385

existing studies, confirming its effectiveness with a386

carefully tailored CoT training process.387

4.2 Effect of Different MCR388

To investigate the effect of the maximum cor-389

rection rounds MCR, we evaluate MCR ∈390

{1, 2, 3, 4, 5, 10} and compare with TSCoT as the391

no-review CoT baseline in Figure 2. We ob-392

serve that T3LLM already significantly outper-393

forms TSCoT at MCR = 1, and the performance394

further increases when raising MCR to 3. The395

gains on classification and anomaly detection in396

OPE gradually converge with larger MCR, while397

forecasting and imputation benefit more since they398

require broader reasoning space and additional re-399

view to correct early biases. Still, when further400

increasing MCR to 5, the performance stays sta-401

ble, which suggests that the benefit of larger MCR402

saturates all possible enhancements at its earlier403

stage, so that more rounds do not provide new in-404

formation to help TSQA. We also test the case with405

10 maximum correction rounds to explore perfor-406

mance under extremely round settings. We found407

that the performance of 10 setting is even slightly408

lower than that of 5 correction rounds. This indi-409

cates that long correction rounds create too many410

comments, making the LLM give more conserva-411

tive answers and reducing performance. As a result,412

this analysis offers a reasonable trade-off in setting413

MCR between performance and computation cost.414

4.3 Effect of Different Reviewer LLMs415

We evaluate different LLMs as reviewer LLMs416

in our approach and conduct experiments on the417

TMQA dataset. We use DeepSeek-V35 (Liu et al., 418

2024a), DeepSeek-R1 (Guo et al., 2025), Qwen2.5- 419

14B-instruct (Yang et al., 2025a), and Qwen2.5- 420

14B-Distill6 as reviewers, while keeping DeepSeek- 421

R1 as the worker in all cases. Among these 422

LLMs, DeepSeek-R1 has the strongest reasoning 423

ability, followed by Qwen2.5-14B-Distill, while 424

DeepSeek-V3 and Qwen2.5-14B-instruct are rel- 425

atively weaker (Guo et al., 2025). Results are re- 426

ported in Table 3. Replacing the reviewer with 427

DeepSeek-V3 degrades the student’s performance, 428

particularly for forecasting and imputation, indi- 429

cating that the reviewer’s reasoning ability directly 430

affects corrected CoTs and downstream TSQA. Us- 431

ing Qwen2.5-14B-Distill yields similar MCQ and 432

T/F performance to DeepSeek-V3, suggesting that 433

smaller reviewers can suffice for comprehension 434

QA once equipped with reasoning ability. In con- 435

trast, Qwen2.5-14B-instruct further degrades fore- 436

casting and imputation, confirming that strong rea- 437

soning ability is crucial for complex QA, especially 438

when generation is utilized in OPE questions. 439

4.4 Effect of Different Worker LLMs 440

We further evaluate different LLMs as the worker 441

LLMs in our approach and conduct the experi- 442

ment on the TMQA dataset. Similar to the anal- 443

ysis of review LLMs, we also select DeepSeek- 444

V3, DeepSeek-R1, Qwen2.5-14B-instruct, and 445

Qwen2.5-14B-distill as worker LLMs, while keep- 446

ing the review LLM fixed with DeepSeek-R1. The 447

5https://huggingface.co/deepseek-ai/
DeepSeek-V3

6https://huggingface.co/deepseek-ai/
DeepSeek-R1-Distill-Qwen-14B
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Reviewer LLM MCQ T/F OPE

Classification Anomaly Forecasting Imputation

Acc↑ Acc↑ Acc↑ mF1↑ Acc↑ F1↑ RMSE↓ MAE↓ RMSE↓ MAE↓

DeepSeek-R1 0.635 0.766 0.572 0.336 0.532 0.494 7586.280 545.337 1320.905 50.204
DeepSeek-V3 0.603 0.680 0.539 0.325 0.530 0.445 8934.836 588.148 2141.449 58.174
Qwen2.5-14B-Distill 0.594 0.661 0.518 0.312 0.528 0.439 9926.251 617.422 2473.362 62.492
Qwen2.5-14B-Instruct 0.589 0.648 0.499 0.309 0.524 0.434 11874.432 622.892 2843.963 66.748

Table 3: Performance comparison of different reviewer LLMs on the TMQA dataset.

Worker LLM MCQ T/F OPE

Classification Anomaly Forecasting Imputation

Acc↑ Acc↑ Acc↑ mF1↑ Acc↑ F1↑ RMSE↓ MAE↓ RMSE↓ MAE↓

DeepSeek-R1 0.635 0.766 0.572 0.336 0.532 0.494 7586.280 545.337 1320.905 50.204
DeepSeek-V3 0.624 0.742 0.566 0.331 0.529 0.490 7835.424 566.142 1533.242 51.821
Qwen2.5-14B-Distill 0.591 0.639 0.525 0.324 0.525 0.474 8439.348 574.334 2214.422 64.334
Qwen2.5-14B-Instruct 0.573 0.618 0.496 0.248 0.520 0.432 12421.224 624.422 2794.996 70.382

Table 4: Performance comparison of different worker LLMs on the TMQA dataset.

results are reported in Table 4. We observe that uti-448

lizing DeepSeek-V3 as the worker model leads to449

a substantial performance degradation of T3LLM450

across all QA tasks, which indicates that strong451

reasoning capability is also crucial for the worker452

LLM in our approach, because the initial CoT453

is crucial in starting our review and correction454

process. When using Qwen2.5-14B-Distill and455

Qwen2.5-14B-instruct as the worker LLM, the per-456

formance on all types of question further decreases,457

and we find that such smaller LLMs often fail to458

produce correct CoT solutions in the first place, so459

the later correction process is unable to stop the460

student LLM from learning erroneous CoTs.461

4.5 Case Study462

In order to have a more detailed understanding of463

how T3LLM performs on TSQA, Figure 3 visual-464

izes its review and correction process with a few ex-465

ample instances and their generated answers on the466

T/F question (Q1) and time series anomaly detec-467

tion (Q2) and imputation (Q3) tasks in OPE ques-468

tions. As a comparison, the figure also shows the re-469

sponses of TSCoT+ and the baseline TSTxt on the470

same examples. Across all cases, T3LLM clearly471

shows its power on correcting critical reasoning472

steps to resolve inconsistencies, thus yielding more473

accurate answers. In contrast, TSTxt often pro-474

duces limited explanatory texts, so that shows obvi-475

ous deviations from ground truth on questions that476

require fine-grained numerical reasoning. While477

TSCoT+ is also able to produce multi-step reason-478

ing, it yet lacks effective self-correction, thus often479

causes mistakes in the early reasoning steps that480

lead to subsequent error propagation later. 481

5 Related Work 482

TSA plays an important role in data and pattern 483

analysis (Newbold, 1983; Williams et al., 1998; 484

Hyndman et al., 2008; De Livera et al., 2011; Liu 485

et al., 2016; Han et al., 2019; Wen et al., 2022; 486

Jin et al., 2023a; Liu et al., 2024b), with method- 487

ologies spanning from early statistical approaches 488

such as autoregressive integrated moving average 489

(ARIMA) (Box and Jenkins, 1968) and exponential 490

smoothing (Holt, 2004) that model variation pat- 491

terns (Zhang, 2003; Hyndman et al., 2008; De Liv- 492

era et al., 2011; Mondal et al., 2014), to deep learn- 493

ing solutions using convolutional or recurrent net- 494

works for nonlinear temporal relationships (Ore- 495

shkin et al., 2019; Han et al., 2019; Lim and Zohren, 496

2021), and more recently Transformer-based mod- 497

els for longer inputs (Zhou et al., 2021; Wen et al., 498

2022; Nie et al., 2022). With the rise of LLMs 499

(Wei et al., 2022; Guo et al., 2025; Yang et al., 500

2025a), TSA further transfers to LLM-based ap- 501

proaches (Xie et al., 2024; Alnegheimish et al., 502

2024; Chow et al., 2024; Wang et al., 2025a; Kong 503

et al., 2025; Wang et al., 2025c). Along this line, 504

some studies replace the input and output layers 505

of LLMs with TSA-specific modules (Rasul et al., 506

2023; Zhang et al., 2023; Zhou et al., 2023; Das 507

et al., 2024; Chow et al., 2024; Xie et al., 2024; 508

Wang et al., 2025d), while others incorporate mul- 509

timodal context (e.g., text and images) via external 510

encoders (Jin et al., 2023b; Zhong et al., 2025; Hu 511

et al., 2025; Cheng et al., 2025). In contrast, direct 512

solutions treat time series as text under the stan- 513
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Figure 3: Case study with four examples on MCQ and T/F questions, and time series forecasting and classification
tasks in OPE questions from the TMQA dataset. The left side presents the question and the corresponding time
series. The right side shows Time-MQA, TSCoT, and T3LLM’s reasoning process and their corresponding answer.

dard language modeling paradigm (Ansari et al.,514

2024; Jin et al., 2024; Wang et al., 2025a; Kong515

et al., 2025), and further adopt advanced NLP tech-516

niques such as retrieval augmentation (Yang et al.,517

2025b; Xiao et al., 2025; Han et al., 2025), and518

CoT (Wang et al., 2025b; Luo et al., 2025). As519

a natural interface, TSQA is proposed to tackle520

TSA with natural language interactions. Xie et al.521

(2024) construct TSQA data for time series trend522

prediction and causal inference, aligning time se-523

ries with textual descriptions for diverse QA ca-524

pabilities. Wang et al. (2025a) introduces a vo-525

cabulary for time-series numerical values and in-526

serts them in LLM training, mainly focusing on527

MCQ questions. Kong et al. (2025) finetunes an528

LLM with self-constructed TSQA data via varying529

prompts to handle forecasting, anomaly detection,530

and related tasks. These studies rely on relatively531

simple QA solutions and exhibit poor adaptability 532

to complex time series questions. Compared to 533

them, T3LLM offers a more reliable framework in 534

utilizing LLMs to mitigate the vulnerability of their 535

operations more effectively with decomposition of 536

reasoning steps and correction of them. 537

6 Conclusion 538

In this paper, we propose T3LLM, reviewing and 539

correcting multi-step reasoning to improve LLMs’ 540

ability for TSQA. T3LLM first generates primitive 541

CoTs with a worker LLM, then iteratively refines 542

them via a reviewer LLM, and uses the corrected 543

CoTs to fine-tune a compact student LLM, inter- 544

nalizing self-correction into its parameters. Ex- 545

periments on two TSQA benchmarks show that 546

T3LLM consistently and substantially outperforms 547

existing LLM-based approaches across multiple 548

tasks, validating review-based CoT correction. 549

8



Limitations550

While T3LLM delivers strong performance on551

TSQA, several practical considerations remain.552

First, T3LLM involves multiple LLM roles (worker,553

reviewer, and student), which imposes higher com-554

putational resource requirements during CoT gen-555

eration and correction. Second, although the con-556

text window is sufficient in our experiments, where557

the average CoT length is 2,479 tokens and the558

maximum is 11,395 tokens and both are below the559

LLM’s maximum context length of 32,768 tokens,560

the context limit could still theoretically become a561

potential bottleneck in more demanding settings.562
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and the completing template (Figure 6). 845

11



Working Prompt Template

System prompt:
You are an expert in time series analysis and time series question answering (TSQA).

For every query:
- Carefully read the question, including the dataset description, task description, label or answer
definitions, and the given time series.
- Perform explicit step-by-step reasoning ONLY inside the <think>...</think> block.
- Ground your reasoning in the numeric time series and the task definitions, not in external
knowledge or vague intuition.
- After finishing the reasoning, output the final answer ONLY inside the <answer>...</answer> block.
- The final answer must strictly follow the format requested in the question (e.g., a single label,
one of the given options, True/False, or a list of numbers), and should be as concise as possible.
- Do NOT include the final answer text inside <think>. Do NOT repeat the reasoning inside <answer>.

User prompt:
You are given a time series question answering (TSQA) instance.

[Question]
{add question here}

Your task:
1. Understand the task type and the required answer format from the question.
2. Carefully analyze the given time series (level, trend, variation, local anomalies, missing
values, etc.) together with the context in the question.
3. Use step-by-step reasoning, grounded in the time series and task definitions, to decide the
correct answer.
4. At the end, give your final answer in exactly the format requested by the question (for example:
a single label, one of the given options, True/False, or a list of numbers).

Output format:
<think>
[Step 1] ...
[Step 2] ...
[Step 3] ...
[Step 4] ...
(Use as many steps as needed for your reasoning. Do NOT output the final answer here.)
</think>
<answer>
[Final answer only, strictly following the required format.]
</answer>

Figure 4: The working prompt template used in T3LLM.
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Reviewing Prompt Template

System prompt:
You are a rigorous reviewer of time-series reasoning traces.

For each case, you will receive:
- A question (including the time series and task description),
- The ground-truth answer,
- A model’s previous output containing a reasoning chain in <think>...</think> and a final answer
in <answer>...</answer>.

Your job is to:
- Decide whether the reasoning chain contains any incorrect, unsupported, or misleading step, given
the question, the time series, and the ground-truth answer.
- If there is an error, you must locate the FIRST problematic step, insert a self-reflection after
that step, and truncate all later steps. You must NOT produce any final answer.
- If there is no error and the final answer matches the ground-truth answer, you must NOT modify
the reasoning at all and you must NOT reveal or hint at the ground-truth answer. In this case, just
output a special marker indicating that no change is needed.

Important constraints:
- Never reveal or explicitly mention the ground-truth answer in your output.
- Never hint which label, option, or numeric values are correct.
- Do not output any <answer> block.

User prompt:
[Question]
{original question}

[Ground-truth Answer]
{gold answer}

[Original Model Output]
<think>
{working llm’s reasoning chain}
</think>
<answer>
{working llm’s final answer}
</answer>

Your reviewing task:

1. Carefully read the question, the time series, and the ground-truth answer.
2. Check whether the final answer in <answer> matches the ground-truth answer exactly.
3. Read the reasoning steps inside <think> in order, from the beginning to the end.
4. Identify the FIRST step that is logically wrong, inconsistent with the given time series,
inconsistent with the task definitions, or that leads toward an incorrect or unjustified conclusion.

- A step is "wrong" if it mis-describes the numeric pattern, misapplies a definition, or
supports a conclusion that contradicts the correct answer.
5. If you find such an incorrect or problematic step, construct a revised thinking trace as follows:

- Copy all correct steps BEFORE the first wrong step without changing their content (you may
keep existing step markers like [Step 1], [Step 2], etc.).

- Copy the first wrong step as well.
- Immediately AFTER this wrong step, insert a new line starting with [Reflection] that:

* explicitly explains why the previous step is incorrect, imprecise, or misleading,
* briefly indicates in abstract terms what kind of reasoning direction would be more

appropriate, WITHOUT revealing or hinting at the ground-truth answer (no explicit labels, options,
or exact numeric targets).

- DELETE all remaining steps after this reflection and DELETE the final answer. Do NOT continue
the reasoning beyond the reflection.
6. If you CANNOT find any real error in the reasoning and the final answer already matches the
ground-truth answer:

- Do NOT modify, repeat, or summarize the original reasoning.
- Do NOT output any explanation, reflection, or hint about why it is correct.
- Simply output a special marker indicating that no change is needed.

Notes:
- Never output any <answer> block.
- Never reveal or hint at the ground-truth answer (no explicit correct label, option, or full
numeric sequence).

Figure 5: The reviewing prompt template used in T3LLM.
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Completing Prompt Template

System prompt:
You are an expert in time series analysis and time series question answering (TSQA).

For every query:
- Carefully read the question, including the dataset description, task description, label or answer
definitions, and the given time series.
- You will receive a partially corrected reasoning trace inside <think>...</think>. This trace may
already contain several steps and one or more [Reflection] lines that point out previous errors or
adjustments.
- You must treat the existing content inside <think> as fixed. Do NOT modify, delete, or reorder
any existing steps or reflections.
- Your job is to CONTINUE the reasoning from the end of the given <think> block, adding new steps
that follow the corrections suggested by the latest [Reflection].
- Explicit step-by-step reasoning must appear ONLY inside the <think>...</think> block.
- After finishing the reasoning, output the final answer ONLY inside the <answer>...</answer> block.
- The final answer must strictly follow the format requested in the question (e.g., a single label,
one of the given options, True/False, or a list of numbers), and should be as concise as possible.
- Do NOT include the final answer text inside <think>. Do NOT repeat the reasoning inside <answer>.

User prompt:
You are given a time series question answering (TSQA) instance together with a partially corrected
reasoning trace.

[Question]
{original question}

[Partially corrected reasoning trace]
<think>
{revised reasoning chain}
</think>

Your task:
1. Carefully read the question and understand the task type and the required answer format.
2. Read the existing reasoning inside <think>. Earlier steps and [Reflection] lines indicate which
directions were previously problematic and how the reasoning should be adjusted in general.
3. WITHOUT changing any existing content inside <think>, continue the reasoning by adding new steps
AFTER the last existing line inside <think>.

- Your new steps should respect the corrections suggested by the latest [Reflection].
- Avoid repeating the same errors that were pointed out by any [Reflection].

4. Based on the completed reasoning, decide the correct final answer in the exact format required
by the question.

Output format:
<think>
{First, copy the entire given reasoning trace EXACTLY as it is, including all previous steps and
[Reflection] lines.}
[Next Step] ...
[Next Step] ...
(... add as many new steps as needed; do NOT include the final answer text here.)
</think>
<answer>
[Final answer only, strictly following the required format.]
</answer>

Figure 6: The completing prompt template used in T3LLM.
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