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Abstract001

Time series reasoning is crucial to decision-002
making across domains like finance, energy,003
and scientific discovery. While existing time004
series foundation models (TSFMs) excel at cap-005
turing numerical dynamics, they lack the high-006
level contextual reasoning inherent in Large007
Language Models (LLMs). Conversely, with-008
out expensive post-training, LLMs often strug-009
gle with the numerical understanding of time010
series data. Although it is intuitive to integrate011
the two types of models, developing effective012
training recipes that align the two modalities013
for reasoning tasks is still an open challenge.014
To this end, we propose TS-REASONER that015
aligns the latent representations of TSFMs with016
the textual inputs of LLMs for downstream un-017
derstanding/reasoning tasks. Specifically, we018
propose a simple yet effective method to cu-019
rate diverse, synthetic pairs of time series and020
textual captions for alignment training. We021
then develop a two-stage training recipe that022
applies instruction finetuning after the align-023
ment pretraining. Unlike existing works that024
train an LLM to take time series as inputs, we025
leverage a pretrained TSFM and freeze it dur-026
ing training. Extensive experiments on several027
benchmarks demonstrate that TS-REASONER028
not only outperforms a wide range of prevailing029
LLMs, Vision Language Models (VLMs), and030
Time Series LLMs, but also achieves this with031
remarkable data efficiency, e.g., using less than032
half the training data.033

1 Introduction034

Time series analysis has long been fundamental035

to various real-world applications in finance, en-036

ergy, and other domains (Prakarsha and Sharma,037

2022; Xu et al., 2023; Nie et al., 2024). While nu-038

merical data form the bedrock of time series analy-039

sis, human decision-making is often complemented040

by rich prior knowledge and qualitative contextual041

information, such as news articles and expert as-042

sessments. Existing analytical models lack this043

integration, preventing a truly contextualized un- 044

derstanding. By bridging numerical patterns with 045

contextual information, we can develop automated 046

systems that provide deeper insights into complex 047

phenomena. 048

Recent advances in Time Series Foundation 049

Models (TSFMs) have significantly enhanced the 050

understanding of time series data through large- 051

scale pretraining. These models are capable of 052

generalizing across a wide variety of time series 053

tasks and domains. Although TSFMs (Goswami 054

et al., 2024; Das et al., 2024) demonstrate strong 055

modeling capabilities, most are pre-trained exclu- 056

sively on unimodal numerical time series and can- 057

not therefore comprehend or integrate textual infor- 058

mation. On the other hand, large Language Models 059

(LLMs) and Vision Language Models (VLMs) can 060

take texts and images as input context, and have 061

demonstrated remarkable reasoning and problem- 062

solving abilities across various tasks (Wei et al., 063

2022; Yao et al., 2023; Hao et al., 2023; Yu et al., 064

2024; Ho et al., 2025), sparking interest in trans- 065

ferring their capabilities to time series analysis. 066

Some studies (Gruver et al., 2023; Liu et al., 2024c; 067

Jia et al., 2024) transform numerical time series 068

into string form and perform time series forecast- 069

ing on LLMs by prompting them with the strings. 070

However, despite their strong reasoning abilities, 071

LLMs struggle to capture temporal dependencies 072

due to their inherent lack of temporal understand- 073

ing (Fons et al., 2024; Merrill et al., 2024) and 074

limited ability to interpret numerical values. These 075

limitations hinder their understanding of time se- 076

ries data. As shown in the figure 1, TSFM and 077

LLM have complementary strengths; the former 078

specializes in temporal understanding, while the 079

latter excels at text understanding. To combine 080

the complementary strengths of TSFMs and LLMs 081

while overcoming their respective limitations, we 082

propose TS-REASONER, a Time Series Large Lan- 083

guage Model (TSLLM) designed to enhance time 084
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Figure 1: Time series forecasting vs. reasoning. Time
series reasoning requires both contextual reasoning (e.g.,
news) by LLMs and numerical understanding by TSFM.

series reasoning by aligning a TSFM with an LLM.085

Specifically, we first employ the TSFM to extract086

rich temporal representations from numerical time087

series data. To effectively incorporate this tem-088

poral information into the LLM, TS-REASONER089

introduces a TS-to-Text adapter, which projects the090

TSFM-extracted temporal features into the LLM’s091

input embedding space. This enables seamless inte-092

gration of the TSFM’s temporal understanding with093

the LLM’s powerful linguistic and reasoning capa-094

bilities. Our training framework consists of two095

stages: pretraining and fine-tuning. In the pretrain-096

ing stage, we finetune TS-REASONER to produce097

textual captions of input time series and achieve a098

fundamental alignment. To this end, we propose099

a simple yet effective prompting strategy to curate100

high-quality captions for diverse time series data101

using advanced LLMs/VLMs. In the fine-tuning102

stage, we further enhance the model’s reasoning103

abilities through instruction tuning, ensuring robust104

performance in downstream tasks.105

Our work formulates the connection between106

LLMs and TSFMs, facilitating time series reason-107

ing through the integration of rich contextual infor-108

mation and LLM reasoning. Second, we address109

a critical data bottleneck by a simple yet effective110

time series captioning method, which diversifies111

the training data for aligning LLMs and TSFMs. Fi-112

nally, we offer empirical insights into the strengths113

and limitations of existing approaches.114

We evaluate the understanding and reasoning115

capabilities of TS-REASONER on two standard116

benchmarks: TimeSeriesExam (Cai et al., 2024a)117

and MTBench (Chen et al., 2025). TS-REASONER118

significantly outperforms a wide range of baseline119

models, including LLMs, VLMs, and the TSLLMs,120

as shown in Figure 1. Finally, comprehensive anal-121

yses and ablation studies validate the effectiveness122

of our key designs and establish the superiority123

of TS-REASONER in generalization performance,124
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Table 1: Results on time series understanding and rea-
soning benchmarks. TS-REASONER demonstrates a
consistent advantage over the prevailing LLMs, VLMs,
and TSLLMs.

scalability, and training data efficiency. 125

2 Related Work 126

LLMs for Time Series. Shifting from traditional 127

statistical (RB, 1990) and neural architectures (Liu 128

et al., 2021; Lim et al., 2021; Wu et al., 2021; 129

Zhou et al., 2022; Li et al., 2023b, 2024b), re- 130

cent research adapts LLMs via prompting (Cao 131

et al., 2023; Chuang* et al., 2024), embedding 132

alignment (Jin et al., 2023; Sun et al., 2023; Pan 133

et al., 2024), reprogramming (Jin et al., 2023; Pil- 134

lai et al., 2025)or vision-based modeling (Chen 135

et al., 2024c; Zhong et al., 2025). Yet, given LLMs’ 136

limitations in intrinsic temporal reasoning (Merrill 137

et al., 2024), focus has turned to enhancing contex- 138

tual understanding (Chow et al., 2024; Zhang et al., 139

2025a; Xie et al., 2024). Our framework targets 140

deep semantic alignment to bridge the cognitive 141

gap, empowering the model to ground the LLM’s 142

reasoning in robust temporal features. 143

Modality Alignment. Modality alignment meth- 144

ods are widely studied in the multimodal do- 145

main (Li et al., 2022; Lai et al., 2024; Li et al., 146

2023a; Liu et al., 2024b). Inspired by the suc- 147

cess of multimodal alignment, recent works treat 148

time series as another modality and align it to the 149

LLM (Xie et al., 2024; Zhang et al., 2025a). How- 150

ever, these approaches often rely on scratch-trained 151

encoders and are restricted to narrow domains. 152

Time Series Foundation Models. Pre-training 153

advancements have catalyzed the development of 154

time series foundation models. While early works 155

employed BERT-style masking (Zerveas et al., 156

2021; Nie et al., 2022), recent large-scale pre- 157

training initiatives (Das et al., 2024; Liu et al., 158

2024e; Ekambaram et al., 2024; Ansari et al., 2024; 159

Shi et al., 2024; Liu et al., 2024d; Qin et al., 2025; 160
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TS-to-Text 
Adapter

Pre-trained Large Language Model

The Answer is: C. The time series does show a sharp drop in 
temperature post-flood, but it does not indicate temperatures 
as low as -6°C for three consecutive days...

❄️

... ...

: Token Embedding : Time Series Embedding

You have an hourly temperature time series from 2021-12-21 to 
2022-01-06, with a corresponding weather report published on 
the final day. Here is the time series: <ts><ts/>.
Title: Winter Storm Event
A strong upper-level low moved into the Mid-Atlantic (Jan 2-3), 
preceding strong to severe storms. It brought 2-4 inches of rain 
and widespread flooding along the US-1 corridor in central 
North Carolina's Triangle region, with sustained 35-50 mph 
gradient winds. As the low passed, rain transitioned to several 
inches of snow in the northwest and far northern Piedmont.
Question: Which statement accurately reflects the temperature 
changes following the report?
A. Post-flood, temperatures sharply drop to -6℃ lows for three 
days due to a cold front.
B. After heavy rainfall, temperatures steadily rise, peaking at 
15℃ on January 6th.
C. Significant rainfall and flooding lead to sub-freezing 
temperatures and possible ice formation for days.
D. Temperatures are initially cooler, then rise above seasonal 
averages, potentially exceeding 20℃ by January 6th.
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Figure 2: Overview of TS-REASONER architecture and training pipeline. Input time series are encoded by a
pretrained TSFM, then mapped into the LLM’s embedding space via a trainable TS-to-Text Adapter. Training
occurs in two stages: (1) alignment pretraining using code-synthesized and LLM-generated captions (§3.4), and (2)
instruction-tuning to enhance complex reasoning capabilities.

Zhang et al., 2025b; Liu et al., 2025) demonstrate161

significant gains in forecasting performance. Be-162

yond pure forecasting, MOMENT (Goswami et al.,163

2024) leverages T5 encoders for multi-task capa-164

bilities, while ChronoSteer (Wang et al., 2025a)165

explores alignment, utilizing LLM revisions to en-166

hance model predictions.167

3 TS-REASONER for Temporal168

Reasoning169

3.1 Problem Formulation170

We formulate time series reasoning as a conditional171

generation task. Given a multimodal input compris-172

ing a natural language context X (e.g., background173

knowledge or instructions) and a set of time series174

S “ tT0, . . . , TKu, the goal is to produce an output175

sequence V . To explicitly capture the underlying176

rationale, we decompose V into a reasoning path R177

and a final answer A, denoted as V “ rR;As. Ac-178

cordingly, the generation probability P pV|X ,Sq179

allows for a sequential factorization:180

P pV|X ,Sq “ P pA|R,X ,Sq
looooooomooooooon

Answer Generation

¨ P pR|X ,Sq
looooomooooon

Reasoning Process

(1)181

3.2 Overview 182

As illustrated in Figure 2, TS-REASONER is com- 183

posed of (1) a pretrained TSFM to encode nor- 184

malized, non-overlapping time series patches into 185

embeddings; (2) a pretrained LLM, and (3) a TS-to- 186

Text adapter that projects the TSFM features into 187

the LLM’s input space. Time series features are in- 188

terleaved with text token embeddings, demarcated 189

by special token “xtsyxts{y”. Training follows a two 190

stage pipeline: (1) Alignment Pretraining, utilizing 191

LLM/VLM-synthesized captions to bridge TSFM 192

and LLM modalities; and (2) Instruction Tuning, 193

to refine complex reasoning for downstream tasks. 194

3.3 Model Architecture 195

Consider a natural language context X and a corre- 196

sponding set of time series S “ tT0, T1, . . . , TKu, 197

we first project both into a shared embedding space. 198

Specifically, for each time series Ti P RLi , where 199

Li is the length of the series, we first apply instance 200

normalization to standardize its distribution to zero 201

mean and unit variance, and incorporate these sta- 202

tistical features (mean and variance) into the natural 203

language context X in textual form. This prepro- 204
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cessing step ensures that the model is robust to205

shifts and scales in the input data. Subsequently,206

we partition the normalized time series into a se-207

quence of non-overlapping patches, each of a fixed208

length P . This patching strategy yields a sequence209

of Ni “ tLi{P u patches, transforming the time se-210

ries into a tensor T p
i P RNiˆP . These patches are211

then encoded using the TSFM, which acts as our212

time series feature extractor. The TSFM processes213

the sequence of patches and produces a sequence214

of embedding vectors:215

ZT
i “ TSFMpT p

i q P RNiˆdts , (2)216

where dts denotes the dimension of the time series217

embeddings. Concurrently, the natural language218

context X is tokenized and fed into the pre-trained219

LLM’s embedding layer. This process converts220

the textual input into a sequence of contextualized221

token embeddings:222

ZL “ LLMembedpX q P RMˆdtext , (3)223

where M is the number of tokens in the instruc-224

tion, and dtext is the dimensionality of the LLM’s225

hidden states. To align the dimension and seman-226

tics of embeddings between LLM and TSFM, we227

use a multilayer perceptron (MLP) as a TS-to-Text228

Adapter to transform the time series embedding229

into the text embedding space:230

HT
i “ MLPpZT

i q P RNiˆdtext , (4)231

To form a unified input sequence for the LLM that232

accommodates multiple time series, we structure233

the natural language instruction X to include K234

indicators, tK ¨ xtsyxts/yu. The i-th placeholder235

xtsyxts/y marks the insertion point for the corre-236

sponding i-th time series Ti.237

Let tHT
i P RNiˆdtextuKi“1 be the set of pro-238

jected time series embeddings, The final input se-239

quence H is constructed by sequentially insert-240

ing the embedding to each xtsyxts/y with its cor-241

responding time series embedding sequence HT
i .242

This substitution process results in a composite243

sequence where language and time series repre-244

sentations are interleaved. The total length of this245

fused sequence is M `
řK

i“1Ni. The final tensor246

fed to the LLM’s transformer layers is therefore:247

H P RpM`
řK

i“1 Niqˆdtext . This strategy enables the248

LLM to process multiple, arbitrarily placed time249

series within a single, coherent context and capture250

complex inter-series and text-series dependencies.251

After the combination, the input embedding H is252

fed to LLM to produce the final prediction Y .253

3.4 Training Recipe 254

Our training process consists of two sequential 255

stages: the first stage aligns time series data with 256

the LLM to establish a foundational understanding 257

of temporal-textual relationships, while the second 258

stage refines the LLM’s reasoning capabilities to 259

interpret and analyze these aligned representations. 260

Throughout both stages, we keep the parameters of 261

the TSFM frozen to preserve its pretrained tempo- 262

ral knowledge, while allowing the LLM’s parame- 263

ters to remain trainable, ensuring adaptive learning 264

without compromising the integrity of the encoded 265

time series features. 266

Stage 1: Pre-training for Language- 267

Timeseries Alignment. In this stage, our primary 268

objective is to align temporal data with textual 269

information. We initially leverage synthesized 270

data from (Xie et al., 2024), which provides 271

predefined templates to describe time series 272

attributes. However, while this template-based data 273

offers accurate numerical information, its focus on 274

specific time series patterns limits diversity, and 275

the caption structure is monotonous. This lack of 276

diversity can lead to overfitting to the templates, 277

encouraging the model to learn shallow patterns 278

and resulting in poor generalization ability (Dong 279

et al., 2025; Choi et al., 2024). To alleviate this 280

problem, we draw inspiration from captioning 281

techniques in multimodal LLMs (Chen et al., 282

2024a). We synthesize comprehensive captions 283

using advanced LLMs (e.g., GPT-4.1) to enrich our 284

alignment data. Specifically, we collect time series 285

from two sources: (Merrill et al., 2024), which 286

includes contextual information, and synthetic data 287

from Chronos (Ansari et al., 2024), which provides 288

pure numerical time series. 289

Attribute-aware Captioning. Caption gener- 290

ation has been extensively investigated in visual 291

domains (Cheng et al., 2023, 2025; Chen et al., 292

2024b), playing a crucial role in multimodal align- 293

ment. However, time series captioning remains 294

largely underexplored, presenting a significant im- 295

pediment to achieving comprehensive alignment. 296

To address this gap, we introduce a straightforward 297

approach for generating scalable time series cap- 298

tions, as shown in Figure 3. 299

Given a time series T with a temporal context 300

C, we begin by defining a fundamental caption- 301

ing instruction, denoted as Ibase. To facilitate en- 302

hanced comprehension by LLMs, we transform the 303

time series into an image plot via Python code, 304
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Basic Instruction: Create a detailed description 
of the time series in one paragraph.
Time Series Attributes: noise, period patterns, 
long-term trends, frequency, local anomalies...

This time series of daily 
product sentiment is 
non-stationary and ...

Time series
Instruction

Captions

Code

Time SeriesInstructions

-0.13, 0.05, -0.12, -0.24, -0.13, 0.08, 0.09, 0.28...

Time Series Sequence

Time Series Plot
Create a detailed description of the time 
series in one paragraph, including its trend, 
frequency properties, periodicity, noise, local 
variations, and other relevant characteristics.

Paraphrases
Alignment DataCaptions

daily public 
sentiment 
for a new 
product

Time 
Series 

Context

Figure 3: Workflow for attribute-aware caption synthesis. This process enriches basic instructions with key attributes
and generates diverse paraphrases to produce high-fidelity captions for Stage 1 alignment.

ITS “ ΦpT q. As evidenced in Table 2 (Sec-305

tion 4.1), presenting the time series as an image306

to advanced LLMs (e.g., GPT-4.1) demonstrates a307

substantial advantage in understanding compared308

to providing it as a raw numerical series.309

To enrich the generated captions, we first iden-310

tify a set of G pertinent attributes of the time se-311

ries, denoted as ta1, a2, . . . , aGu (e.g., trend, fre-312

quency, periodicity, noise, local variations). These313

attributes are then incorporated into the basic in-314

struction, yielding an augmented instruction I 1 “315

Ibase Y ta1, a2, . . . , aGu. To further promote cap-316

tion diversity, we leverage the LLM to paraphrase317

I 1 into R distinct instructions, forming a candi-318

date set of prompts P “ tI2
1 , I2

2 , . . . , I2
Ru. For319

each time series T , a single prompt I2 is uniformly320

sampled from this set. The final caption is then321

generated conditioned on the sampled prompt and322

the time series visualization:323

Caption “ LLMpc|I2, ITSq, (5)324

where I2 „ UpPq. The prompts are shown in the325

Figure 10 in Appendix F. We randomly sample326

10K time series from each of two distinct sources:327

the Chronos synthetic dataset (Ansari et al., 2024),328

which contains purely numerical time series, and a329

dataset of text-attributed time series from Merrill330

et al. (Merrill et al., 2024), which provides contex-331

tual backgrounds. The construction of data offers332

two benefits: (1) Pure time series data enables the333

model to build a foundational understanding of tem-334

poral patterns by focusing solely on the intrinsic335

characteristics of the data. (2) Context-augmented336

time series enhances domain-specific comprehen-337

sion by linking numerical trends to real-world sce-338

narios, thereby improving the model’s ability to339

generalize across diverse applications.340

Stage 2: Instruction Finetuning for Time Se- 341

ries Reasoning. To elevate the model’s capabilities 342

from foundational understanding to complex rea- 343

soning, we employ an instruction fine-tuning stage 344

based on the instruction tuning dataset (Xie et al., 345

2024), which encompasses a wide range of Q&As 346

and instruction-following tasks. This training fa- 347

cilitates TS-REASONER with two critical abilities: 348

the fidelity to adhere to complex instructions and 349

structured response formats, and the capacity for 350

nuanced, context-driven reasoning on time series- 351

specific queries. 352

4 Experiments 353

Datasets. Our evaluation incorporates TimeSerie- 354

sExam (Cai et al., 2024a), which systematically 355

evaluates time series understanding and reasoning 356

abilities across several key aspects: Pattern Recog- 357

nition (PR), Noise Understanding (NU), Anomaly 358

Detection (AD), Similarity Analysis (SA), and 359

Causality Analysis (CA). See Table 8 for question 360

examples. We also evaluate on MTBench (Chen 361

et al., 2025), a benchmark for evaluating time se- 362

ries reasoning in financial and weather domains, 363

featuring questions that span both short-term (7- 364

day) and long-term (14-day) temporal horizons. 365

An additional experiment on open-ended inductive 366

reasoning is reported in Appendix A. 367

Baselines and Evaluation Metrics. We com- 368

pare our method against three types of base- 369

lines: closed-source LLMs / VLMs, open-source 370

LLMs / VLMs, and TSLLMs. Specifically, for 371

closed-source models, we include GPT-4o, GPT- 372

4.1 (gpt, 2024; Achiam et al., 2023), Claude- 373

Sonnet-3.7 (The), and DeepSeek-Chat (Liu et al., 374

2024a). For open source LLM, we evalu- 375
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ated LLama-3.1-8B-Instruct (Grattafiori et al.,376

2024), Qwen-2.5-7B-Instruct (Yang et al., 2024),377

GLM-4-9B-Chat (GLM et al., 2024), InternLM3-378

8B-Instruct (Cai et al., 2024b), and Ministral-379

8B-Instruct (Jiang et al., 2024). Time series380

are transformed into textual sequences of num-381

bers for LLMs. For open-source VLM mod-382

els, we compare Qwen2.5-VL-7B (Bai et al.,383

2025), Phi-4-Multimodal-Instruct (Abouelenin384

et al., 2025), Llama3-LLaVA-Next-8B (Li et al.,385

2024a), InternVL3-8B (Zhu et al., 2025), and386

MiniCPM-V-2.6 (Yao et al., 2024). Time series387

are transformed into plots via code for VLMs.388

For TSLLMs models, we compare with ChatTime-389

7B (Wang et al., 2025b), ChatTS-14B (Xie et al.,390

2024), and we use the official training data and391

code to fine-tune a 7B model for a fair compari-392

son. As all benchmarks are multiple-choice Q&As,393

we use accuracy as the evaluation metric and run394

experiments for three repetitions. See more imple-395

mentation details in Appendix B.396

4.1 Main Results397

Table 2 presents the performance of all models398

on the two benchmarks. The best results are in399

bold, and the second-best results are underlined.400

Based on the results, we have the following key401

observations:402

(i) TS-REASONER demonstrates superior403

performance among same-sized models. TS-404

REASONER demonstrates outperforms same-sized405

models on TimeSeriesExam, surpassing the best-406

performing best LLM, VLM, and TSLLM by407

7.60%, 5.25%, and 3.54%, respectively. Compared408

to the backbone model, TS-REASONER improves409

on our backbone LLM performance by a substantial410

16.29%. On MTBench, TS-REASONER exceeds411

the top baseline by approximately 2.7%. These412

results confirm the efficacy of integrating TSFM413

temporal features into LLMs.414

(ii) TS-REASONER shows consistent gains415

across time series reasoning subtasks. TS-416

REASONER consistently leads across reason-417

ing tasks, with absolute improvements over the418

second-best baseline in multiple subtasks like419

Pattern Recognition (2.16%), Noise Understand-420

ing(8.05%). It also gains 2% in financial and421

weather reasoning. Such improvements stem from422

robust alignment and the enhanced ability to reason423

over numerical patterns within textual contexts.424

4.2 Analysis of Data Scaling and Efficiency 425

Figure 4 presents our data scaling analysis on 426

the TimeSeriesExam benchmark. TS-REASONER 427

demonstrates superior data efficiency compared to 428

the ChatTS-7B baseline. In the alignment stage, 429

our model achieves higher accuracy using only 430

60K samples, less than half the baseline require- 431

ment. This advantage is even more pronounced 432

in instruction tuning, where 10K samples suffice 433

to outperform ChatTS-7B. This efficiency stems 434

from leveraging a pretrained TSFM for a robust 435

temporal foundation, enabling advanced reasoning 436

with minimal labeled data 437

4.3 Choices of Captioning Model for 438

Alignment 439

To assess the impact of caption quality on align- 440

ment efficacy, we trained TS-REASONER using 441

captions from three models with varying capabili- 442

ties: GPT-4.1, and two VLMs, InternVL3-8B and 443

Qwen2.5-VL-7B-Instruct. As illustrated in Fig- 444

ure 6, the results demonstrate that the performance 445

of TS-REASONER is directly correlated with the 446

fidelity of the captioning model. The model trained 447

on GPT-4.1 captions consistently outperforms the 448

one trained on InternVL3-8B captions, which in 449

turn surpasses the one trained on Qwen2.5-VL-7B- 450

Instruct captions. The higher performance gain 451

from GPT-4.1 is attributed to its advanced capabil- 452

ity in time series understanding. It is not surpris- 453

ing that the captions generated by InternVL3-8B 454

achieve higher performance than Qwen2.5-VL-7B- 455

Instruct, as its better time series understanding ca- 456

pability is shown in Table 2. 457

4.4 Choices of TSFM and LLM in 458

TS-REASONER 459

Different choices of TSFMs. To investigate 460

the performance of TS-REASONER with dif- 461

ferent TSFMs, we replaced TimesFM (200M) 462

with MOMENT-1-base (200M) and Chronos-base 463

(200M), TSFMs of the same size, and re-evaluated 464

its performance on the TimeSeriesExam bench- 465

mark. Results presented in Table 3 reveal a sub- 466

stantial performance degradation when using MO- 467

MENT and Chronos, with overall accuracy falling 468

from 54.26% to 45.74% and 53.21% respectively. 469

These results align with established forecasting 470

benchmarks (Shi et al., 2024; Mulayim et al., 2024) 471

where TimesFM demonstrates higher fidelity. This 472

suggests that TimesFM provides better time series 473
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Model TimeSeriesExam (Cai et al., 2024a) MTBench (Chen et al., 2025)

PR NU AD SA CA OA Finance (long) Finance (short) Weather (long) Weather (short)

Proprietary models

DeepSeek-Chat 65.23 55.17 52.71 63.71 42.86 59.89 89.15 90.02 59.75 58.76
DeepSeek-R1 74.66 63.22 63.56 65.49 41.27 67.36 65.31 60.69 49.45 46.36
Claude-Sonnect-3.7 62.26 55.17 48.06 72.57 50.79 59.63 84.11 88.56 51.24 47.91
GPT-4o 59.03 55.17 53.49 62.83 31.75 55.96 84.30 82.69 48.07 48.22
GPT-4o (vision) 67.12 62.07 62.79 64.60 26.98 62.12 84.11 80.65 46.43 48.53
GPT-4.1 (vision) 69.81 68.97 68.22 75.22 41.27 67.89 93.41 91.45 56.04 55.35

Open-source Large Language Models

Llama-3.1-8B-Instruct 37.73 37.93 30.23 36.28 28.57 35.52 63.37 35.52 40.25 40.00
Qwen2.5-7B-Instruct 47.17 47.13 41.86 53.10 41.27 46.66 87.98 89.41 57.14 58.44
GLM-4-9B-chat 41.78 39.08 37.21 47.79 38.09 41.28 71.31 77.19 50.27 50.85
InternLM3-8B-Instruct 43.93 51.72 26.35 52.21 34.92 42.33 71.70 71.08 45.05 46.67
Ministral-8B-Instruct 43.13 37.93 39.53 44.25 36.51 41.55 46.32 50.71 39.15 40.93

Open-source Vision Language Models

Qwen2.5-VL-7B-Instruct 25.34 32.18 19.38 42.48 12.70 26.61 81.98 86.35 52.06 46.82
Phi-4-Multimodal-Instruct 36.39 34.48 30.23 38.94 14.28 33.68 70.35 74.54 48.35 49.77
Llama3-LLaVA-Next-8B 31.27 35.63 29.46 30.09 38.09 31.85 52.14 51.50 47.53 47.29
InternVL3-8B 50.13 52.87 43.41 54.87 38.09 49.01 88.95 90.00 53.71 54.88
MiniCPM-V-2.6 29.11 39.08 27.13 51.33 31.75 33.42 81.78 83.09 48.63 45.12

Time Series Large Language Models

ChatTime-7B 42.85 49.42 35.65 44.24 34.92 41.94 25.97 28.10 47.80 42.79
ChatTS -7B 50.13 50.57 50.38 61.95 34.92 50.72 87.60 88.01 58.92 58.75
ChatTS -14B* 59.30 54.02 51.16 62.83 41.27 56.36 89.22 91.22 59.61 59.22

TS-REASONER-7B (ours) 53.46˘1.58 60.15˘3.51 53.23˘1.61 63.42˘1.02 43.39˘2.42 54.83˘0.98 92.00˘1.74 93.28˘1.28 60.44˘0.14 61.55˘0.31

∆ Over Best 7B +3.33 +7.28 +2.85 +1.47 +2.12 + 4.11 + 3.05 + 3.28 + 1.52 + 2.80

Table 2: Performance of LLMs, VLMs, TSLLMs, and proprietary models on time series understanding and
reasoning benchmarks. Our baselines also include ChatTS-14B, which uses a larger base model.
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Figure 4: Data scaling and efficiency of TS-REASONER. The top (bottom) row depicts the performance of TS-
REASONER when increasing the training data for alignment (instruction tuning). The columns correspond to
sub-tasks in TimeSeriesExam. ChatTS-7B (Xie et al., 2024) is included for reference, denoted by the gray triangle.

Table 3: Comparison of TS-REASONER using different
TSFMs on the TimeSeriesExam benchmark.

Model PR NU AD SA CA OA

MOMENT 46.90 47.13 41.86 54.87 28.57 45.74
Chronos 51.75 59.77 51.93 63.71 36.51 53.21
TimesFM 53.46 60.15 53.23 63.42 43.39 54.83

features, enabling TS-REASONER to better under-474

stand and reason on time series.475

Different choices of LLMs. To investigate476

the scalability and robustness of our approach477

with different LLM backbones, we evaluate TS-478

REASONER against across three distinct sizes of the479

Qwen-2.5-Instruct: 0.5B, 3B, and 7B. The results,480

shown in Figure 5, confirm that TS-REASONER 481

is both highly effective and robustly scalable. We 482

observe a clear positive scaling law for both TS- 483

REASONER and a baseline. More importantly, TS- 484

REASONER maintains a consistent and significant 485

lead across all models. This demonstrates that our 486

approach performs robustly across different LLM 487

backbones for complex time series reasoning. 488

4.5 Ablation Studies 489

Table 4 validates the contribution of each compo- 490

nent in TS-REASONER. We summarize key find- 491

ings as follows: 492

Significance of Attribute-aware Captioning. 493

Alignment data quality and quantity are critical. Re- 494
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Figure 5: Performance of TS-REASONER and their associated LLM backbones (Qwen2.5 series). The top row and
bottom row report the performance on TimeSeriesExam and MTBench, respectively.

Model TimeSeriesExam (Cai et al., 2024a) MTBench (Chen et al., 2025)

PR NU AD SA CA OA Finance (long) Finance (short) Weather (long) Weather (short)

TS-REASONER-7B (ours) 53.46 60.15 53.23 63.42 43.39 54.83 92.00 93.28 60.44 61.55

Ablation on Training Data

- LLM-caption 51.21 56.32 52.71 56.54 36.51 51.25 88.67 89.40 58.24 59.69
- Attributes 52.02 57.47 48.83 62.83 39.68 52.69 89.71 89.20 57.28 59.07

Ablation on Training Stages

- Stage 1 47.98 54.02 37.98 57.52 30.16 46.92 80.24 83.71 52.88 55.34
- Stage 2 33.42 28.73 13.95 25.67 1.59 25.81 88.07 86.76 56.86 58.60

Ablation on Model Architecture

- TSFM 51.48 52.87 51.16 63.71 38.09 51.76 89.43 89.70 58.65 60.62
- Freeze 51.48 56.32 53.48 60.18 41.27 52.81 89.15 91.02 58.24 60.15

Table 4: Ablation study results of different components in TS-REASONER.
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Figure 6: Comparison of VLMs used for time series
captions to train TS-REASONER. Left: performance on
TimeSeriesExam. Right: Performance on MTBench.

moving the captioning data or stripping attributes495

from instructions degrades performance by up to496

3.01% on TimeSeriesExam and „2% on MTBench.497

This confirms that fine-grained linguistic descrip-498

tions are essential for capturing nuanced temporal499

patterns. Detailed qualitative and quantitative anal-500

yses of the diversity of captions are provided in501

Appendix D and E.502

Necessity of Two-Stage Training. Eliminating ei-503

ther stage harms results. Removing Stage 1 (Align-504

ment) primarily impacts MTBench’s cross-modal505

reasoning tasks, while omitting Stage 2 (Instruction 506

Tuning) causes a 28.45% drop on TimeSeriesExam. 507

This suggests that while alignment grounds the 508

model, instruction tuning is essential for activating 509

the ability to follow specific analytical commands. 510

Efficacy of Pretrained TSFM. Both replacing the 511

frozen TSFM with a linear projection of time series 512

patches and fine-tune TSFM result in consistent 513

performance degradation. This underscores the 514

value of pretrained knowledge in TSFMs to extract 515

robust temporal features. 516

5 Conclusion 517

We introduce TS-REASONER, a framework that 518

advances the ability of LLMs to understand and rea- 519

son about time series via bridging with the TSFM. 520

To mitigate the intrinsic semantic gap, we further 521

developed an attribute-aware captioning method 522

that enriches time-series alignment data, fostering 523

a more robust alignment. Extensive experiments 524

demonstrate that TS-REASONER substantially out- 525

performs a wide range of baselines on time series 526

understanding and reasoning benchmarks. 527
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Table 5: Results on time series inductive reasoning.

Model Accuracy

GPT-4o-mini 33.30
GPT-4o 33.60
Qwen2.5-14B 18.40
GPT-4o-mini (vision) 32.30
GPT-4o (vision) 32.20
ChatTS-14B 51.80
TS-REASONER-7B 54.70

A Experiments on Open-Ended Time 904

Series Reasoning 905

To investigate TS-REASONER on open-ended time 906

series reasoning tasks, we evaluate on the Inductive 907

Reasoning dataset (Xie et al., 2024), which requires 908

the model to summarize the physical reasoning re- 909

flected by a uni/multivariate time series. The perfor- 910

mance are evaluated using RAGAS (Es et al., 2024), 911

a keyword-matching approach through LLM-based 912

fuzzy matching. 913

Results. As shown in Table 5, TS-REASONER 914

outperforms all baselines on inductive reasoning, 915

demonstrating strong generalization to open-ended 916

reasoning tasks. 917

B Implementation Details. 918

TS-REASONER uses the Qwen-2.5-7B-Instruct as 919

the LLM backbone across all the experiments with 920

an embedding dimension of 5120, and uses the 921

TimesFM-1.0-200M (Das et al., 2024) as our back- 922

bone TSFM with an embedding dimension of 1080. 923

Parameters of the LLM are fine-tuned while those 924

of the TSFM remain frozen during training. The 925

detailed derivation of these time series embed- 926

dings from TimesFM can be found in the Ap- 927

pendix C. All training and inference procedures 928

for TS-REASONER were conducted locally on 8 929

× L40s GPUs. In stage 1, training data is com- 930

posed of 100K template-based pairs and 20K LLM- 931

generated caption pairs. In stage 2, we employ 932

an instruction tuning data from (Xie et al., 2024). 933

Comprehensive training parameters are further de- 934

tailed in Table 6. 935

C TimesFM for Time Series Embedding 936

Given a time series T P RL, where L is the 937

length of the time series. We first normalize it 938

to have a mean of zero and a variance of one. We 939

then segment T into consecutive, non-overlapping 940
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Table 6: Training details of TS-REASONER.

Stage-1 Stage-2

Patch Size 32 32
Dataset Captions Instructions
#Samples 120K 30K

TSFM TimesFM-1.0-200M
LLM Backbone Qwen2.5-7B-Instruct

Trainable Params. 7.3B 7.3B
Batch Size 64 32
Learning Rate: 1 ˆ 10´5 2 ˆ 10´5

Epoch 1 2

Table 7: Comparison of lexical diversity between
template-based pairs and LLM-generated pairs.

Metrics MTLD Ò Self-BLEU-4 Ó

Template-based pairs 42.95 0.82
LLM-generated pairs 133.30 0.45

patches of fixed length P , resulting in a total of941

N “ tL{P u patches. This yields a patched time942

series Tp P RNˆP .943

Following the approach of (Das et al., 2024), j-944

th patch T j
p is passed through a residual block to945

project it into the model dimension. This block946

is implemented as a two-layer MLP with a skip947

connection, processing each patch independently.948

The input token for the j-th patch is computed as:949

Ej
p “ InputResidualBlock

`

T j
p

˘

` PEj , (6)950

where PEj is the position encoding for the951

j-th patch, as defined in the original trans-952

former (Vaswani et al., 2017). These encoded953

patch representations are then fed into an M -layer954

stacked Transformer to produce the final sequence955

of time series features:956

ZT “ StackedTransformerprEp0q
p , Ep1q

p , ..., EpNq
p sq,

(7)957

where ZT P RNˆdts and dts denotes the embedding958

dimension for each time series patch. Refer to more959

details of TimesFM in (Das et al., 2024).960

D Caption Analysis961

A critical limitation of synthetic datasets is the risk962

of models learning spurious correlations from simi-963

lar templates. To mitigate this, our attribute-aware964

generation process is designed to produce captions965

that are both lexically diverse. To quantitatively966

validate the richness of our approach, we compare 967

it against the template-based method. We evaluate 968

both lexical diversity using the Measure of Tex- 969

tual Lexical Diversity (MTLD) (Bestgen, 2024) 970

and Self-BLEU-4 (Zhu et al., 2018) on a random 971

sample of 1K captions from each dataset. The 972

results presented in Table 7 show that our attribute- 973

aware captions achieve an MTLD score of 133.30, 974

a nearly 3 times increase over the template-based 975

score of 42.95. Furthermore, the Self-BLEU-4 976

score is almost halved from 0.82 to 0.45. This sub- 977

stantial improvement in lexical diversity confirms 978

that our method generates a significantly more ex- 979

pressive and diverse set of captions, crucial for 980

training robust and generalizable models. 981

To ensure comprehensive data coverage, we cu- 982

rated time series with context from a wide range 983

of domains. The distribution of these domains is 984

visualized in Figure 7. 985

E Analysis of Captioning 986

To qualitatively evaluate the distinct advantages of 987

our approach, we conduct a case study comparing 988

three methods: (1) our proposed attribute-aware 989

captioning, which leverages visual time series plots 990

and explicit attribute guidance; (2) a basic caption- 991

ing baseline that operates on visual plots but lacks 992

attribute guidance; and (3) LLM prompted with the 993

raw textual (numerical) time series data. Our analy- 994

sis, illustrated in Figure 9, yields two key insights. 995

(i) Attribute-Aware Captions Provide Seman- 996

tically Richer Descriptions. A primary limitation 997

of basic captioning is its tendency to produce su- 998

perficial, chronological narrations of the data. As 999

shown in Figure 9, the captioner describes the se- 1000

ries’ movements (e.g., "the value increases, then 1001

decreases sharply") but fails to extract deeper, un- 1002

derlying characteristics. While factually correct, 1003

this description omits properties crucial for a com- 1004

prehensive understanding. In contrast, our attribute- 1005

aware captioning enriches this chronological ac- 1006

count with critical semantic attributes. It not only 1007

captures the temporal dynamics but also identifies 1008

and articulates the series’ overall trend, periodicity, 1009

and noise level. This multifaceted analysis pro- 1010

vides a more holistic understanding of the time 1011

series, which is essential for TS-REASONER to 1012

conduct reasoning on downstream tasks. 1013

(ii) Visual Representation is Crucial for Cap- 1014

turing Global Temporal Patterns. When com- 1015

paring our visually-grounded method to an LLM 1016
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Figure 7: Domain distribution of LLM-generated time series with context.

processing raw numerical data, a significant gap1017

emerges in the ability to identify global patterns.1018

The text-based LLM, while capable of discerning1019

local features like high-frequency oscillations or1020

noise within a limited window, consistently fails to1021

recognize the overarching periodicity of the entire1022

series. We hypothesize that this failure stems from1023

the inherent inefficiency of representing long nu-1024

merical sequences as text. The exceeding length1025

of input may distract the LLM, preventing it from1026

observing the complete pattern. Conversely, a time1027

series plot serves as a highly compressed, holistic1028

representation. It enables the model to perceive the1029

entire sequence as a single input, making global1030

structures like periodicity visually salient and read-1031

ily identifiable.1032

(iii) Visual representations yield superior1033

alignment captions compared to textual repre-1034

sentations. We employed GPT-4.1 to synthesize1035

training pairs using raw numerical sequences (tex-1036

tual) versus visual plots (visual). As illustrated1037

in Figure 8, TS-REASONER trained on visually-1038

derived captions consistently outperforms its text-1039

derived counterpart across most tasks. This indi-1040

cates that visual representations enable LLMs to1041

produce higher-fidelity captions for model align-1042

ment.1043

F Prompts 1044

Below, we detail all the prompts we used. Fig- 1045

ure 10 shows our captioning prompts. Figure 11 1046

shows the prompt for the TimeSeriesExam bench- 1047

mark. Figure 12 and Figure 13 show the prompt 1048

for MTBench. 1049

G Data Leakage Examination 1050

To guarantee evaluation integrity and prevent data 1051

leakage, particularly given LLM-synthesized data, 1052

we strictly prevent data leakage at both the source 1053

and semantic levels. We enforced source isola- 1054

tion by deriving training data exclusively from 1055

synthetic sources (Ansari et al., 2024) and public 1056

archives (Merrill et al., 2024) for alignment, and the 1057

instruction tuning dataset in (Xie et al., 2024), ex- 1058

plicitly verifying no numerical overlap with the MT- 1059

Bench and TimeSeriesExam benchmarks. Further- 1060

more, we ensured narrative and template isolation; 1061

our synthesized training captions utilize attribute- 1062

aware prompts focusing on generic properties like 1063

trends and periodicity, which are structurally and 1064

semantically distinct from the domain-specific fi- 1065

nancial analyses and weather reports in MTBench 1066

and the systematic property evaluation questions in 1067

TimeSeriesExam. 1068

Limitation 1069

Our current experimental setup utilizes LLMs with 1070

up to 7B parameters, primarily due to existing re- 1071
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Figure 8: Results of TS-REASONER on TimeSeriesExam (left) and MTBench (right) using textual and visualized
time series as training data.

source constraints. While we anticipate that our1072

findings will extend to larger models, future work1073

should aim to validate these results with more sub-1074

stantial LLMs. Additionally, exploring alternative1075

architectural designs, such as different encoder ar-1076

chitectures, and investigating more effective train-1077

ing strategies for time series text alignment would1078

be valuable avenues for future research. Future1079

research could also explore incorporating RL ap-1080

proaches to elicit reflection behaviors.1081
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Input: Create a detailed description of the time series in one paragraph. 

Output: The time series plot shows a fluctuating trend with distinct phases of increase and decrease 
over time. Initially, the series begins near zero and exhibits a sharp upward movement, peaking 
around the 10–20 time mark, where it reaches values greater than 1. This is followed by a volatile but 
generally declining trend that persists through to approximately the 60th time unit, dipping below -
1. From this low point, the series remains subdued and oscillates around a low mean until about time 
step 100. After that, a gradual upward recovery begins, with the series rising back toward positive 
values and ending slightly above zero near time step 130. The fluctuations suggest a non-stationary 
process with alternating periods of high volatility and relative stability.

Input with visualized time series: Create a detailed description of the time series in one 
paragraph, including its trend, frequency properties, periodicity, noise, local variations, and other 
relevant characteristics. 

Output: This time series displays a prominent, low-frequency pattern without a clear long-term 
linear trend. The series appears non-stationary, as its mean value shifts significantly over time, 
completing roughly one full oscillation over the observed interval of approximately 125 time units. 
The primary cycle involves a rise to a peak around time unit 20, followed by a decline to a trough 
near time unit 85, and a subsequent recovery. Superimposed on this dominant wave are higher-
frequency, smaller-amplitude fluctuations, which introduce considerable noise and give the line a 
jagged, irregular texture. The volatility seems relatively constant, although there are local variations 
in the magnitude and sharpness of these smaller oscillations. Strong positive autocorrelation is 
evident, as consecutive data points are closely related, resulting in a continuous, flowing path rather 
than random jumps.

Time Series

Input with textual time series: Here is a time series: [0.13, 0.05, -0.12, -0.24, ...]. Create a detailed 
description of the time series in one paragraph, including its trend, frequency properties, 
periodicity, noise, local variations, and other relevant characteristics. 

Output: The time series exhibits a strong quasi-periodic behavior without a discernible long-term 
trend, characterized by a distinct cycle of a sharp rise to a peak, a steep fall into a trough, and a 
subsequent gradual recovery. This dominant low-frequency pattern is superimposed with 
considerable high-frequency noise and local variations, resulting in fluctuations that make each cycle 
similar but not identical. Overall, the data represents a noisy cyclical signal, where a clear underlying 
periodicity is modulated by random, short-term movements.

Figure 9: Case study comparing time series captioning methods. Basic visual captioning (row 1) gives a chronologi-
cal description. Our attribute-aware visual captioning (row 2) provides a richer description including key attributes.
Textual time series captioning (row 3) identifies some attributes but fails to capture the periodicity pattern.
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Table 8: Example template questions for different reasoning tasks. Each subcategory covers a specific aspect of
time series understanding, guiding the model to reason about comparative, anomalies, and causal relationships.

Category Subcategory Example question

Pattern Recognition

Trend What is the most likely linear trend coefficient of the given
time series?

Cyclic The given time series has sine wave pattern.
How does its amplitude change from the beginning to the
end?

Stationarity Is the given time series likely to be stationary after removing
the cycle component?

Regime Switching Based on the given time series, how many different regimes
are there?

Statistical properties Is the mean stable over time in the given time series?

Random processes Does the following time series exhibit a mean reversion
property?

Noise Understanding

White Noise Is the given time series a white noise process?

Random Walk Is the given time series likely to be a random walk process?

Signal / Noise Ratio You are given two time series with the same underlying
pattern but different noise level. Which time series has
higher magnitude of noise?

Anomaly Detection The following time series has two types of anomalies ap-
pearing at different time points. What are the likely types
of these anomalies?

Similarity Analysis

Shape Despite the noise, do the given two time series have similar
patterns?

Distributional You are given two time series which are generated using a
random walk. Are they likely to have the same variance?

Causality Analysis Granger Causality Is there Granger causality between the two time series?
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Instructions for prompting LLMs to generate time series captions.

1. Write a paragraph that analyzes the time series, covering its local behaviors, noise levels, periodic structures, overall
trend, frequency content, and any other characteristics you consider important.
2. Create a detailed description of the time series in one paragraph, including its trend, frequency properties, periodicity,
noise, local variations, and other relevant characteristics.
3. Provide a paragraph summarizing the time series characteristics such as noise, periodic patterns, long-term trends,
frequency behavior, local anomalies, and any other significant features.
4.Compose a detailed caption describing the frequency characteristics, noise, trends, local variations, periodic structures,
and any other meaningful patterns you observe in the time series.
5. Craft a one-paragraph summary of the time series, noting local fluctuations, periodic behavior, frequency features, trend,
noise content, and any other insights you find important.
6. Generate a descriptive paragraph detailing the time series’ key attributes, including frequency structure, noise patterns,
trend direction, local features, periodic elements, and other notable aspects.
7. Give a thorough one-paragraph explanation of the time series, addressing periodicity, noise, frequency components,
trend, local variations, and other relevant characteristics.
8. Write a narrative paragraph explaining the time series, focusing on noise, frequency characteristics, periodicity, localized
structures, the overall trend, and other important features you identify.
9. Summarize the time series in a paragraph, describing its fluctuations, recurring patterns, noise levels, frequency-domain
features, trend direction, and any additional traits you find significant.,
10. Develop a paragraph that captures the key features of the time series, such as frequency traits, trend, noise, periodic
components, local behaviors, and other characteristics worth noting.
11. Provide a one-paragraph caption analyzing the time series data in terms of noise, trend, periodicity, local features,
frequency-related behavior, and any additional characteristics of interest.
12. Create a rich paragraph description of the time series, including its trend, local anomalies, periodic activity, noise
artifacts, spectral content, and other important descriptive elements.
13. Write a descriptive paragraph for the time series, highlighting frequency properties, trend behavior, periodic patterns,
local structures, noise, and other characteristics you consider relevant.
14. Generate a compact yet thorough paragraph explaining the time series in terms of periodicity, trend movement, noise
level, frequency details, local dynamics, and any other key aspects.
15. Construct a one-paragraph analysis of the time series by examining its local variations, noise, trend, periodic elements,
frequency spectrum, and other notable features you deem important.
16. Write a summary paragraph that discusses the time series’ periodic features, trend behavior, local patterns, noise levels,
frequency domain signals, and other characteristics worth mentioning.,
17. Create a detailed one-paragraph commentary on the time series that outlines its noise characteristics, periodicity,
frequency content, trends, localized behaviors, and other useful insights.
18. Prepare a paragraph-long description of the time series covering its trend, noise, frequency-related traits, local
fluctuations, periodic structures, and any additional attributes of note.,
19. Offer a one-paragraph interpretation of the time series, highlighting its frequency features, periodic nature, local
patterns, noise, trend line, and any other important characteristics you observe.
20. Compose a detailed summary in one paragraph focusing on the time series’ periodic behavior, frequency spectrum,
localized fluctuations, overall trend, noise, and other relevant descriptive elements.

Figure 10: The list of instructions for attributes-aware time series captioning.

Instructions for prompting LLMs for time series understanding and reasoning tasks in Timeseriesexam.

You are a time series analysis expert. These are the time series data: xts1yxts1{y . . . xtskyxtsk{y. Please answer the question
and provide the correct option letter.
Question: <Question>
Choices: <choices>

Figure 11: The list of instructions for attributes-aware time series captioning.

Instructions for prompting TS-REASONER for financial reasoning tasks in MTBench.

You are an expert in finance and stock market analysis. Your task is to answer the question based on the given n-day
historical stock price time series and a financial analysis published at the last timestamp of the time series. The time series
is: xts1yxts1{y.
<Context>
Question: <Question>
Choices: <Choices>

Figure 12: Prompt example for time series reasoning in Finance.
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Instructions for prompting TS-REASONER for weather reasoning tasks in MTBench.

You have an n-day temperature time series, and a weather event report published on the last day of the time series. The time
series below is the 14-day temperature between <start time> to <end time>, and the time interval is 1 hour: xts1yxts1{y.
The following events are reported:
<Context>
Question: <Question>
Choices: <Choices>

Figure 13: The prompt for time series reasoning in Weather.
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