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Abstract001

The underperformance of existing multimodal002
large language models for time series reasoning003
lies in the absence of rationale priors that con-004
nect temporal observations to their downstream005
outcomes, which leads models to rely on super-006
ficial pattern matching rather than principled007
reasoning. We therefore propose the rationale-008
grounded in-context learning for time series009
reasoning, where rationales work as guiding010
reasoning units rather than post-hoc explana-011
tions, and develop the RationaleTS method.012
Specifically, we firstly induce label-conditioned013
rationales, composed of reasoning paths from014
observable evidence to the potential outcomes.015
Then, we design the hybrid retrieval by balanc-016
ing temporal patterns and semantic contexts to017
retrieve correlated rationale priors for the final018
in-context inference on new samples. We con-019
duct extensive experiments to demonstrate the020
effectiveness and efficiency of our proposed021
RationaleTS on three-domain time series rea-022
soning tasks. We will release our code for re-023
production.024

1 Introduction025

Time series reasoning is fundamental to decision026

making in ubiquitous real-world domains, such027

as air pollution warning (Cui et al., 2025), trans-028

portation management (Yu et al., 2024), and health-029

care monitoring (Liu et al., 2023). The reasoning030

performance hinges on not only extrapolating his-031

torical trends, but also modeling the interaction032

among multiple variables over time and analyz-033

ing how temporal contexts correspond to future034

outcomes (Jiang et al., 2025). Thus, time series035

reasoning actually covers diverse tasks of predic-036

tion, classification, and anomaly detection, where037

the generated results must be supported by the ev-038

idence from the historical horizons and temporal039

contexts (Kong et al., 2025; Ni et al., 2025).040

Recent advances in Multimodal Large Language041

Models (MLLMs) have motivated their use for time042

series reasoning by converting numerical sequences 043

into visual charts, promising jointly perceiving tem- 044

poral patterns and generating natural language ex- 045

planations in a unified framework (Liu et al., 2025; 046

Zhong et al., 2025; Wang et al., 2025). However, 047

despite the improved modality alignment compared 048

with converting numerical data into textual tokens 049

in LLMs (Jin et al., 2023; Liu et al., 2024b; Chang 050

et al., 2025), existing approaches tend to yield re- 051

sults and explanations solely on superficial tem- 052

poral similarity or local pattern matching, hardly 053

generating reliable and evidence-based reasoning 054

(as shown in Figure 1). 055

The underlying reason of the above problem is 056

not the insufficient accessed data or model capacity, 057

but the lack of explicit rationale priors empower- 058

ing in-context learning for time series reasoning. 059

Thus, we propose rationale-grounded in-context 060

learning for time series reasoning. Each ratio- 061

nale consists of structured reasoning paths, con- 062

necting the observable cross-variable coordination 063

with specific downstream implications, which work 064

as reasoning guides for in-context learning rather 065

than post-hoc explanations of given outcomes. By 066

grounding in-context reasoning on these rationales, 067

MLLMs can deduce why particular temporal con- 068

texts lead to some outcomes, making MLLMs less 069

prone to hallucinated or unjustified conclusions. 070

Given this insight, we introduce RationaleTS, 071

a novel method that enhances time series reason- 072

ing ability of MLLMs with rationale-grounded 073

in-context learning (Figure 1). We first induce 074

ground truth-conditioned rationales to build reason- 075

ing paths between cross-variable observations and 076

implications on specific outcomes. We then design 077

a hybrid retrieval mechanism to retrieve guiding 078

rationales for a given sample, balancing both tem- 079

poral patterns and semantic contexts. Finally, we 080

complement the in-context inference of MLLMs 081

with these rationale priors for evidence-grounded 082

outcome predictions and interpretations. Note that 083
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Input time series plot:

Q: Given the chart, what is the 
trend of traffic Occupancy for 
the next hour?

Rationale Base

The difference in Occupancy between hour 11 and
hour 12 is -2. Thus, I predict the change will also
fall within the same range as hour 12.

Humidity has increased, similar to historical cases
where increasing humidity led to slower traffic
speeds, thus increasing Occupancy (noted in
Ex.5)……Taking into account these observations,
I predict an increase in Occupancy for the next
hour compared to hour 12.

• Intensity collapses from 250 to
near-zero → Flow breakdown/ incipient
queuing……
• NO2 …… → Shows …….
• Windspeed……
• Humidity……

MLLM

MLLM

retrieved 
rationales

Figure 1: Comparison in time series reasoning paradigms with MLLMs (red part) and rationale-grounded in-context
learning in RationaleTS (blue part). In MLLMs the prediction outcome is generated by pattern extrapolation, while
in RationaleTS, rationales provide reasoning priors connecting observations and implications, for the in-context
learning on new samples.

our method differs fundamentally from existing084

Retrieval-Augmented Generation (RAG) (Lewis085

et al., 2020; Jiang et al., 2023; Zheng et al., 2025)086

or exemplar-based In-Context-Learning (ICL) (Wei087

et al., 2022) prompting methods. RationaleTS re-088

trieves guiding rationales, instead of referenced089

samples, labels, or factual knowledge, which pro-090

vides prior reasoning paths for in-domain tasks.091

Our contributions are summarized as follows:092

• We identify the key limitation of existing093

MLLMs for time series reasoning as the absence094

of rationale priors that connect temporal observa-095

tions to their downstream outcomes.096

• We introduce the rationale-grounded in-context097

learning for time series reasoning, which treats098

rationales as guiding reasoning units rather than099

post-hoc explanations.100

• We propose RationaleTS, which induces label-101

consistent rationales and retrieves temporal-and-102

semantic similar rationale priors for in-context103

reasoning of MLLMs on new samples.104

• The extensive experiments across three real-105

world time series reasoning datasets demonstrate106

that grounding reasoning on rationales promises107

improved effectiveness and efficiency.108

2 Related Works109

2.1 LLMs and MLLMs for Time Series110

Given the reasoning and interpretability of LLMs,111

existing works have attempted to bring such abil-112

ity to the time series community (Jin et al., 2023;113

Zhou et al., 2023; Gruver et al., 2023; Liu et al.,114

2024b; Xie et al., 2024; Wang et al., 2025; Zhong 115

et al., 2025). Most of these works treat time series 116

data as numerical sequences and try to tackle the 117

problem of modality alignment by tokenization, re- 118

programming and prompt engineering (Rasul et al., 119

2023; Cheng et al., 2025; Ni et al., 2025). How- 120

ever, LLMs struggle with capturing series-level 121

contexts due to limited horizon windows. MLLMs 122

provide a promising way to visualize the numerical 123

data, which can align the time steps of different 124

variables (OpenAI et al., 2024; Comanici et al., 125

2025a; Liu et al., 2025). Recent works on MLLMs 126

mainly concentrate on chart comprehension and 127

value perceptions, instead of complicated temporal 128

reasoning (Zhou and Yu, 2024; Zhang et al., 2025). 129

2.2 Rationale Generation 130

The existing works have suggested that explicit ra- 131

tionales can enhance the reasoning ability of LLMs, 132

compared with just true answers (Wei et al., 2022; 133

Zhang et al., 2024). Prior works propose to treat 134

the generated rationales as supervision signals for 135

training small models (Hsieh et al., 2023; Wang 136

et al., 2023). For the label-conditioned rationale 137

generation, we can track back to (Camburu et al., 138

2018), where human explanations are collected 139

conditioned on gold labels. While in STaR (Ze- 140

likman et al., 2022), a bootstrapping approach is 141

introduced, where the LLM generates rationales 142

conditioned on the correct answer to enlarge the 143

fine-tuning datasets for iteratively training itself. 144

(Chen et al., 2023) automatically aligns the gener- 145

ated rationales with the correct answers and thus 146

constructs the self-training datasets for small lan- 147

guage models. These methods primarily aim to gen- 148
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Time Series
Data

TabPFN
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Truth
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MLLM

- Rea Path1: Obs1→ Imp1
- Rea Path2: Obs2→ Imp2
- ……

Text Emb
Model

query
sample

Your task is to look at a 
[24h chart] and provide a 
summary of the key 
patterns in the variables.
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Summary

- Ex1: [Res Path]
- Ex2: [Res Path]
- ……
- ExK: [Res Path]

Input:
- Current chart
- Top-K rationale exemplars
Output:
I analyze  A because [Ex1 and the 
chart show the trend ……]
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[provided chart]. 
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Figure 2: The workflow of RationaleTS, which includes ➊ Abductive Rationale Generation (§3.2.1), ➋ Hybrid
Retrieval (§3.2.2), and ➌ Rationale-Grounded In-Context Inference (§3.2.3).

erate rationales for the downstream fine-tuning the149

model itself or student models (Shinn et al., 2023;150

Madaan et al., 2023; Liu et al., 2024a). While in151

our work, label-conditioned rationales include rea-152

soning paths from the temporal variable changes153

to the implications. The rationales can constitute154

high-quality knowledge base for in-context learn-155

ing rather than fine-tuning models.156

3 Methodology157

3.1 Problem Formulation158

Let D = {(Xi, yi)}Di=1 denote the time series159

dataset, where each sample Xi ∈ RT×N has T his-160

torical time steps and N variables. yi may represent161

continuous values in future steps or the discrete fu-162

ture trend. Following (Jiang et al., 2025; Lee et al.,163

2025), we focus on the latter one and yi ∈ Z≥0164

denotes the discrete classification of a variable’s165

future trend (e.g., 0: “increase”; 1: “decrease”; 2:166

“stable”). It is more beneficial to decision-critical167

applications, where early warnings rely on the eval-168

uation of future trend direction, compared with169

accurate but uncertain continuous predictions. In-170

stead of simple classification, we aim to excavate171

the synergistic effects of different variables from172

historical contexts and yield results and explana-173

tions via rationale-grounded in-context learning.174

3.2 RationaleTS175

The workflow of our proposed RationaleTS is176

shown in Figure 2. In the process of abductive177

rationale generation, we concatenate each time se-178

ries chart and corresponding ground-truth labels to 179

encourage the MLLM to generate hindsight reason 180

paths, thus providing the guiding rationale base for 181

downstream in-domain reasoning tasks. We then 182

propose a hybrid retrieval mechanism to retrieve 183

Top-K label-free rationale priors, which balances 184

temporal patterns and semantic contexts, for the 185

final rationale-grounded in-context inference. 186

3.2.1 Abductive Rationale Generation 187

The pretrained MLLMs have naive understanding 188

of domain-specific knowledge and may result in 189

hallucination issues, hardly learning the synergis- 190

tic effects of variables and the contextual informa- 191

tion for complicated reasoning. Inspired by (Zelik- 192

man et al., 2022), we propose an abductive ratio- 193

nale generation mechanism, where the MLLM is 194

tasked with justifying the ground-truth results by 195

constructing evidence-grounded reasoning paths. 196

For each time series sample Xi, we firstly ob- 197

tain the corresponding visual chart, denoted as Xc
i . 198

We concatenate Xc
i and yi to encourage the pre- 199

trained MLLMMG to generate label-conditioned 200

rationales ri, i.e., ri ←MG(X
c
i , yi). The process 201

can be seen as a conditional text generation task. 202

The rationale ri (supposing including Ti tokens) is 203

generated autoregressively as: 204

P (ri | Xc
i , yi) =

Ti∏
t=1

PMG
(ri,t | Xc

i , yi, ri,<t). 205

The label-conditioned rationales are organized as 206

a bulleted list of reasoning paths following the for- 207
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Occupancy has stayed near a trough for several hours -> Signals a 
regime poised for reversal/mean-reversion as demand resumes.

NO2 jumps at h12 after a prior lull -> Early indicator of rising upstream 
vehicle activity that typically precedes higher density at the detector.

Intensity collapses to near-zero -> Flow breakdown/incipient queuing,
where speeds drop and detector on-time (occupancy) increases despite
fewer counted vehicles.

Windspeed remains moderate and below early-period highs while humidity 
rises -> More stagnant surface layer, favoring pollutant buildup and slow-
moving traffic.

Temperature is steady and solar radiation remains minimal -> Small
increases in demand are more likely to translate into density buildup
rather than high-speed flow.

Figure 3: Left: Time series chart of a sample from Traffic dataset. Right: The generated rationales include 5
reasoning paths. Blue: Observations. Red: Implications. Each reasoning path provides the evidence-grounded
analysis on implications to the final outcome.

mat of “Observation→ Implication”, which208

describe how different variables synergize towards209

future results, as shown in Figure 3. It is beneficial210

to construct a high-quality rationale database, i.e.,211

B = {ri}Di=1 for in-context inference. Note that212

we avoid revealing the true labels in rationales to213

encourage principled reasoning rather than simple214

imitation (detailed results are provided in §4.3.1).215

3.2.2 Hybrid Retrieval216

The effectiveness of in-context inference largely217

hinges on the retrieved exemplars (rationales in our218

paper) (Brown et al., 2020; Alayrac et al., 2022;219

Wang et al., 2024a). In time series reasoning tasks,220

a natural way is to retrieve the rationales of time221

series with similar temporal patterns, which how-222

ever lacks semantic contexts of observations. For223

example, the decrease in the density of PM 2.5224

in some cases may result from either higher wind225

speed or seasonality. Besides, text summary pro-226

vides coarse-grained abstraction but not quantita-227

tive details, which may aggravate hallucination is-228

sues. Thus, we propose a hybrid retrieval approach229

to unify the statistical priors and semantic contexts.230

Data-Centric Similarity. The accuracy of time231

series analysis depends on how to model the syn-232

ergies in different variables, while the existing233

time series foundation models mainly leverage234

the channel-independent strategy (Nie et al., 2022;235

Woo et al., 2024; Ansari et al., 2024). Given the236

effectiveness of TabPFN in time series forecast-237

ing (Hoo et al., 2024), we leverage the frozen rep-238

resentation power of TabPFN as a universal time-239

series encoder to obtain temporal embedding.240

Specifically, we reorganize raw time series Xi241

into tabular data Xb
i , with each column and row 242

corresponding to a variable and a time step respec- 243

tively. Similarly, for a query 1 sample Xq, we have 244

Xb
q . Let Φb(·) denote the TabPFN encoder. We 245

can obtain the temporal embeddings as: 246

Hb
q = Φb(X

b
q ), H

b
i = Φb(X

b
i ). (1) 247

Hb
q and Hb

i provide data priors on the coordination 248

of temporal variables. We then compute the data- 249

centric similarity as: 250

Simb
i = cos(Hb

q , H
b
i ) =

Hb
q ·Hb

i∥∥Hb
q

∥∥∥∥Hb
i

∥∥ . (2) 251

Semantic-Centric Similarity. The generated fac- 252

tual rationales in §3.2.1 promise high-quality se- 253

mantic contexts, including observations and poten- 254

tial effects. However, the proposed abductive ra- 255

tionale generation will not work for query samples 256

without ground-truth labels. Therefore, we adopt 257

an intermediate MLLM MS to generate the text 258

summary of a query chart, which aligns with ratio- 259

nales in both modality and semantic space. Note 260

thatMS merely abstracts temporal changes, i.e., 261

providing the “Observations” in reasoning paths. 262

Compared with complicated reasoning, this is a 263

simple taskMS can handle. 264

Specifically, given a query chart Xc
q , the text 265

summary is generated as sq ← MS(X
c
q ). Let 266

Φe(·) denote the text embedding model. We can 267

obtain the semantic embeddings and evaluate the 268

semantic-centric similarity as: 269

Hs
q = Φs(sq), H

b
i = Φb(ri). (3) 270

271
Sims

i = cos(Hs
q , H

s
i ). (4) 272

1We name a test sample a query here (An et al., 2025).
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Table 1: Comparison of time series reasoning paradigms.

Method Reasoning Unit Reasoning Prior In-Context Usage Limitation
ICL Exemplars Implicit Retrieved exemplars Focusing on sample similarity

RAG Retrieved knowledge Implicit Retrieved documents Not for Time series reasoning

Rationale-
supervised

Rationale-
as samples Fixed / Hardly connecting reasoning

to rationales

RationaleTS Rationales Explicit, Transferrable Retrieved rationales —

Hybrid Fusion. To unify the statistical priors and273

semantic contexts, we combine the above similarity274

scores with a balancing factor λ:275

Simfinal
i = λ · Simb

i + (1− λ) · Sims
i . (5)276

We construct R by retrieving rationales from B277

with top K highest hybrid similarity scores:278

R = {ri | i ∈ arg top-Ki∈[1,...,D] Sim
final
i }. (6)279

3.2.3 In-Context Inference280

The retrieved explicit rationales empower the281

MLLM MP to perform in-context inference, by282

transferring the logical deduction patterns from283

these reasoning priors to the new query sample.284

Specifically, we concatenate the query chart Xc
q285

and rationale set R as augmented input and the286

inference process ofMP is formulated as:287

(r̂q, ŷq) = argmax
r,y

PMP
(r, y | R;Xc

q ). (7)288

Typically, this is decomposed into a two-step gen-289

eration process:290

PMP
(r, y | R;Xc

q )291

= PMp(r | P)︸ ︷︷ ︸
Reasoning Generation

PMp(y | P, r)︸ ︷︷ ︸
Final Result

. (8)292

We bootstrapMP to generate reasoning first and293

then results, which ensures the final inference logi-294

cally consistent with the visual evidence and con-295

textual knowledge from rationale priors. The de-296

tailed process of RationaleTS is provided in Ap-297

pendix B.298

3.3 Method Analysis299

We compare different time series reasoning300

paradigms in Table 1. In ICL (Wang et al., 2024a)301

or RAG (Jiang et al., 2023; Zheng et al., 2025)302

paradigms, the models are augmented by retrieved303

units, which provides similar samples but implicit304

reasoning priors. While in rationale-supervised305

methods (Shinn et al., 2023; Madaan et al., 2023; 306

Liu et al., 2024a), rationales work as supervised 307

signals for fine-tuning models, where the reasoning 308

process is not grounded on rationales. Our pro- 309

posed RationaleTS goes beyond the above limita- 310

tions, by grounding in-context reasoning on explicit 311

rationales which contain reasoning paths from ob- 312

servations to implications. 313

4 Experiments 314

4.1 Experimental Settings 315

Datasets and Tasks. We evaluate the performance 316

of RationaleTS on datasets of three domains: fi- 317

nance, transportation, and energy. These datasets 318

all include multiple variables and pose complicated 319

time series reasoning tasks. The datasets and the 320

corresponding tasks are described as follows. More 321

details are presented in Appendix C. 322

Finance includes the daily records of 9 finan- 323

cial indicators from January 2019 to December 324

2023 (Lee et al., 2025). Our task is to reason the 325

S&P 500 in the next day will increase by over 326

1%, decrease by over 1%, or remain stable w.r.t 327

the last day of a given 20-day period. Traffic in- 328

cludes the hourly records of 7 weather and trans- 329

portation indicators from January 2019 to June 330

2019 (Iskandaryan et al., 2022). The task is to 331

reason the occupancy of the next hour, w.r.t the 332

last hour of a 12-hour period, will increase by 2, 333

decrease by 2, or remain stable. Power includes 334

10-min records of 9 variables from meteorologic 335

system and wind turbine SCADA in 2021 (Zhou 336

et al., 2024). We aim to infer whether the average 337

active power in the next 6 hours will surpass that 338

of the past 24 hours. 339

Baselines. We conduct the comparison experi- 340

ments with three types of baselines. (1) Time se- 341

ries reasoning methods with LLMs: Moirai (Woo 342

et al., 2024), ChatTS (Xie et al., 2025), Chat- 343

Time (Wang et al., 2025), and TimeXL (Jiang 344

et al., 2025); (2) VL-Time (Liu et al., 2025) 345
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Table 2: Time series reasoning performance comparison.
Bold: the best. Underline: the second best.

Dataset Finance Power Traffic
Metric F1 AUC F1 AUC F1 AUC
Moirai 36.57 53.44 50.35 54.23 62.23 71.81
ChatTS 30.30 50.54 43.26 52.63 18.27 44.31
ChatTime 6.74 50.00 28.33 50.49 10.79 50.00
TimeXL 19.61 50.73 67.39 67.50 20.07 41.36
GPT-4o 55.65 66.73 68.02 67.83 37.93 53.45
GPT-5 66.53 74.90 69.50 69.32 61.38 71.03
gemini-2.0-flash 22.58 41.94 58.50 61.67 47.59 60.69
gemini-2.5-flash 28.40 50.00 41.00 50.00 48.97 61.72
qwen-vl-max 44.35 58.27 69.61 69.41 9.84 33.11
qwen3-vl-plus 43.55 57.66 70.60 70.15 13.79 35.34
textual 24.60 43.45 52.50 55.84 32.41 49.31
textual+CoT 30.59 50.27 66.50 64.17 37.93 53.45
textual+ICL 29.84 47.38 64.00 61.12 36.55 52.41
visual 45.16 58.87 63.00 55.62 40.69 55.52
visual+CoT 51.61 63.71 67.00 61.24 42.07 56.55
visual+ICL 62.50 71.88 65.50 62.02 44.14 58.10
RationaleTS 69.76 77.32 71.50 72.87 66.21 74.66

with different base MLLMs: GPT-4o (Hurst346

et al., 2024), GPT-52, gemini-2.0-flash (Team et al.,347

2023), gemini-2.5-flash (Comanici et al., 2025b),348

qwen-vl-max (Bai et al., 2025), and qwen3-vl-349

plus (Yang et al., 2025). (3) We evaluate the per-350

formance of a same MLLM (GPT-4o-mini) in351

the textual and visual modality. We also aug-352

ment the MLLM with CoT (Wei et al., 2022) and353

In-Context Learning (ICL) (Wang et al., 2024a).354

The detailed prompts are provided in Appendix D.355

Implementations. We employ GPT-5 to generate356

rationales and GPT-4o-mini to generate text sum-357

mary and perform the final prediction. We adopt358

text-embedding-3-large as the text embedding359

model. The datasets are divided with the ratio of360

8:2. We construct rationale base on the 80% sam-361

ples and perform in-context inference on the 20%.362

For fair comparison, we report the performance of363

RationaleTS and the zero-shot baselines on the364

20% samples. We evaluate the performance of all365

methods with the widely-used F1 score and AUC.366

The parameters of K and λ are set as 5 and 0.8.367

4.2 Main Results368

Table 2 shows the numerical results of the pro-369

posed RationaleTS and different baselines. The370

baselines in Type (1) perform poorly in time se-371

ries reasoning, where the tokenization of numerical372

2https://cdn.openai.com/gpt-5-system-card.pdf

data can hardly reserve the intrinsic temporal pat- 373

terns, thus affecting the learning of coordination 374

of different variables. In contrast, MLLMs have 375

general better understanding of multi-variable time 376

series. By comparing models of the same series, 377

higher accuracy is obtained with higher edition, 378

which indicates the scaling laws retain in MLLMs 379

for time series reasoning (Kaplan et al., 2020). In 380

baselines of Type (3), we respectively input the nu- 381

merical data and visual plots to the same MLLM, 382

i.e., GPT-4o-mini. The key motivation is that the 383

visualization can augment the time series reasoning 384

capability of MLLM, with the F1 score increasing 385

by 13.11% on average. Moreover, on two modali- 386

ties, both CoT and ICL can improve the reasoning 387

performance. Our proposed RationaleTS outper- 388

forms on all datasets, indicating the the effective- 389

ness of in-context inference, grounded on the high- 390

quality rationale base and hybrid retrieval. 391

Table 3: Ablation results on Finance and Power datasets.
Bold: the best. Underline: the second best.

Datasets Finance Power
Variants F1 AUC F1 AUC

A.1 w/ chart 64.11 73.08 62.50 63.38
A.2 w/ label 64.92 73.69 68.00 67.49
A.3 w/ both 62.50 71.88 64.50 65.08
B.1 w/o data 64.11 70.38 52.50 58.82
B.2 w/o semantic 66.13 74.60 66.50 64.73
B.3 random 57.08 60.92 63.50 59.21
RationaleTS 69.76 77.32 71.50 72.87

4.3 Analysis 392

4.3.1 Ablation Study 393

The ablation results are reported in Table 3. In A.1- 394

A.3, we integrate the visual charts, ground-truth 395

labels, or both into rationales for in-context infer- 396

ence. Neither of the two can improve the reasoning 397

performance. The disclosure of labels may induce 398

the MLLM to directly copy the results, instead of 399

decision after reasoning. On the other hand, the 400

visual charts make the MLLM trapped into local 401

pattern matching, which may provide the opposite 402

evidence against true outcomes. 403

In B.1 and B.2, we ablate the data-centric and 404

semantic-centric similarity respectively. A key ob- 405

servation is that ablating either would decrease 406

the effectiveness of retrieval and ultimately impact 407

the reasoning performance. In B.3, we randomly 408

select 5 most similar rationales, which decreases 409

the F1 score by 12.68% and 8% respectively on 410
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Figure 4: Hyperparamter analysis of K and λ on Finance ((a)-(d)) and Power ((e)-(h)) datasets.

two datasets. The outperformance of RationaleTS411

w.r.t B.1-B.3 demonstrates the proposed hybrid re-412

trieval mechanism can unify statistical priors and413

semantic contexts and retrieve high-quality ratio-414

nales for in-context inference.415

4.3.2 Sensitivity Investigation416

We conduct the sensitivity investigation of the num-417

ber of rationales K and balancing ratio λ on Fi-418

nance and Power datasets, as shown in Figure 4.419

Besides AUC and F1 score, we adopt the HitRate420

metric to evaluate the retrieval accuracy, which is421

computed as:422

HitRate =

∑
q 1(∃yi = yq,∀ri ∈ R)

Dq
. (9)423

1(∃yi = yq,∀ri ∈ R) denotes the indicator func-424

tion, which represents whether at least one of the425

retrieved rationales has the same label with the426

query. Dq denotes the number of query samples.427

As shown in Figure 4 (a) and (e), more rationales428

do not guarantee improved performance. Less ra-429

tionales may not provide enough referenced knowl-430

edge to benefit reasoning, while more rationales431

mean more noise knowledge misleading the rea-432

soning process. The performance is optimal when433

K = 5. As shown in Figure 4 (b) and (f), the Hi-434

tRate increases with more rationales. The HitRate435

is much higher in the setting of random selection.436

However, as shown in Table 3, B.3 underperforms437

RationaleTS a lot, which indicates that higher Hi-438

tRate may not correspond to better performance.439

Figure 4 (c), (d), (g), and (h) show that the440

three metrics have a general increasing trend with441

the balancing ratio λ, which indicates that data- 442

centric similarity may play a more significant role. 443

RationaleTS achieves the best on both datasets in 444

the setting of λ = 0.8, which does not correspond 445

to the highest HitRate, as shown in Figure 4 (d) and 446

(h). Thus in hybrid retrieval, the semantic-centric 447

similarity, on the other hand, can compensate for 448

the loss of semantic contexts. 449
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Figure 5: Efficiency analysis in terms of AUC, F1 score,
and # Input Tokens on Finance and Power datasets.

4.3.3 Efficiency Analysis 450

We conduct efficiency analysis by comparing the F1 451

score, AUC and averaged number of input tokens 452

of MP. Figure 5 shows the comparison among 453

RationaleTS, VL-Time and three variants (in Ta- 454

ble 3). More tokens correspond to larger bubble 455

size. In A.1 and A.3, the visual charts are incor- 456

porated into the prompts ofMP, which increases 457

the tokens by 5.7× compared with RationaleTS. 458
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1. Both Intensity and Occupancy values
decrease at the last hour, similar to EX.2 where
post-capacity breakdown resulted in increased
Occupancy due to slower vehicle speeds.
2. Humidity has increased, while WindSpeed is
stable but generally low. This is similar to
historical cases where increasing humidity led to
slower traffic speeds, thus increasing
Occupancy (noted in Ex.5).
3. The NO2 levels have risen in the last hour,
indicating a dense presence of vehicles,
resembling behavior from Ex.3 where increased
NO2 aligned with higher Occupancy despite
reduced Intensity.
4. Historical patterns (particularly from Ex.1 and
Ex.4) suggest that following a trough in
Occupancy, rebounds typically occur due to
latent demand and queue spillovers. Considering
the indicated conditions, a rebound seems likely.
5. Taking into account these observations, I
predict an increase in Occupancy for the next
hour compared to hour 12, consistent with the
overall trends observed in the examples.

Similar dips earlier (around hours 3 
and 7) were immediately followed by 
rebounds in Occupancy within 1 hour.

Reveals a recurrent mean-
reversion pattern after sharp 

lows.

Intensity peaks around hour 10 then 
drops sharply by hours 11–12.

Signals post-capacity breakdown 
where speeds fall and vehicles 
dwell longer on the detector.

Confirms vehicle-rich conditions 
consistent with longer occupancy 

when speeds deteriorate.

Historical co-movement: peaks in NO2 
align with earlier higher Occupancy 
periods and NO2 is elevated again.

Indicates strong mean-reversion 
after sudden drops.

Occupancy shows sharp oscillations 
with troughs quickly followed by 
rebounds (e.g., 3→4 and 8→10).

Cooler, more humid air promotes 
slower, more variable speeds, 

elevating occupancy.

Humidity rises sharply (35→55) while 
Temperature edges down.

Ex.1

Ex.2

Ex.3

Ex.4

Ex.5

Observations Implications

(a) (b) (c)

1. At hour 11, the Occupancy value is 10.  2. At hour 12, the Occupancy value is 8.  3. The difference in Occupancy between hour 11 and hour 12 is -2.  4. A decrease of 2 is 
within the category of changes defined by '0 (decreases by >2)', '1 (changes within [-2, 2])', and '2 (increases by >2)’.  5. Thus, for the prediction of the next hour (hour 13), I 
predict the change will also fall within the same range as hour 12.

(d)

Figure 6: Case study on Traffic dataset. (a) Time series plot with 7 variables. (b) Time series reasoning ofMP.
Underline: Observation form the chart. Bold: Potential conclusion after referencing rationales. (c) The guiding
reasoning paths in retrieved rationales. (d) Reasoning process of VL-Time.

However, the averaged F1 score decreases by459

7.23% on two datasets. In A.2, the ground-truth460

labels are included, which results in an averaged461

4.17% F1 decrease. In VL-Time, MP perform462

zero-shot inference of each query, which has fewer463

tokens but 5.86% averaged F1 score drop on two464

datsests. Hence, compared with the four methods,465

the proposed RationaleTS is effective and effi-466

cient, with good balance between token usage and467

performance improvement.468

4.4 Case Study469

We provide the case analysis in Figure 6. We have a470

key observation from Figure 6 (b) that each reason-471

ing step follows the process of ➊ summarizing the472

observations from the chart; ➋ seeking to specific473

reasoning paths from rationales for similar reason-474

ing patterns; ➌ generating the potential conclusion475

on the future trend of Occupancy. This process476

benefitsMP to resort to specific evidence and then477

produce the results, avoiding the arbitrary guess478

and direct imitation.479

Beyond co-variables, the temporal patterns of480

Occupancy in the historical horizons are also ana-481

lyzed in reasoning step 4. The underlying reasons482

for the fluctuation in Occupancy are also analyzed.483

Moreover, in reasoning step 5, the final conclu-484

sion is generated by considering the coordination485

of different variables, instead of merely depend- 486

ing on Intensity, which is most correlated with 487

the targeted variable Occupancy. While in Fig- 488

ure 6(d), VL-Time merely focuses on the changes 489

of Occupancy, instead of the coordination of dif- 490

ferent variables, and produce the results following 491

the former time stamp. To conclude, the reason- 492

ing MLLM MP can perform effective rationale- 493

grounded in-context inference by generating step- 494

by-step reasoning with the process of observation, 495

reference, and conclusion. 496

5 Conclusion and Future Work 497

In this paper, we identify the key limitation of 498

MLLMs for time series reasoning tasks, namely 499

the absence of rationale priors that connect tem- 500

poral observations to their downstream implica- 501

tions. We thus introduce the rationale-grounded 502

in-context learning and propose the RationaleTS 503

method, which induces label-consistent rationales 504

and retrieves temporal-and-semantic similar ratio- 505

nale priors for in-context reasoning on new query 506

samples. Extensive experiments demonstrate the 507

outperformance of RationaleTS on three reason- 508

ing tasks. In the future work, we will explore how 509

to construct cross-domain rationale priors and im- 510

prove the rationales’ structures of reasoning paths 511

to enable more accurate retrieval. 512
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Limitations513

The proposed method heavily depends on the gen-514

erated reasoning paths in abductive rationale gen-515

eration process, which are not further evaluated.516

Following existing works, this paper explores the517

problems of future trend prediction. More time518

series reasoning tasks should be considered in the519

future work.520

Ethical Statement521

This work employs publicly available multi-modal522

large language models as foundational components523

of the proposed framework. These models are used524

without additional training on private or proprietary525

data. All datasets involved in our experiments are526

obtained from public sources and do not contain527

personally identifiable information. Potential risks528

of this work include the misuse of forecasting re-529

sults in automated decision-making systems. Our530

method is designed as a decision-support tool rather531

than a fully autonomous system. We adopt AI As-532

sistants for polishing the original content, rather533

than for suggesting new content.534
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A More Related Works846

A.1 Augmented Language Models847

The augmented language models aim to tackle hal-848

lucination issues of LLMs or MLLMs by com-849

plementing them with external knowledge for im-850

proved reasoning ability. (Wei et al., 2022) pro-851

poses CoT prompting, encouraging models to852

generate intermediate reasoning steps. (Zhang853

et al., 2024) introduces Multimodal-CoT to vision-854

language domain. RAG typically retrieves docu-855

ments or simple Question-Answer pairs rather than856

complicated logic flows (Lewis et al., 2020; Jiang857

et al., 2023; Salemi and Zamani, 2024; Wang et al.,858

2024b). Furthermore, standard retrieval struggles859

to align the statistical properties of time series with860

semantic reasoning. Our RationaleTS bridges the861

gaps by proposing a hybrid retrieval (integrating862

data priors and semantic contexts) to retrieve ratio-863

nale priors, enabling in-context inference.864

B Algorithm865

Algorithm 1 present the process of RationaleTS,866

with the blue parts represent the construction of867

rationale base based on training datasets, which in-868

cludes generating rationales (Line 2) and obtaining869

temporal and semantic embeddings (Line 3). In the870

inference phase, given a query sample, the tempo-871

ral and semantic embeddings are firstly obtained872

(Line 5-6). We then incorporate statistical priors873

and semantic contexts to retrieve K rationales with874

top similarity scores (Line 7-11), based on which875

the in-context inference is conducted to generate876

the underlying reasons and results (Line 12-13).877

C Details of Datasets878

We evaluate on three benchmarks covering the do-879

mains of finance, transportation, and energy. The880

details of the datasets are presented in Table 4. We881

provide the details in the following parts.882

Finance (Lee et al., 2025): This dataset in-883

cludes 9 indicators: S&P 500, VIX, Nikkei 225,884

FTSE 100, Gold Futures, Crude Oil Futures,885

EUR/USD, USD/JPY, and USD/CNY. As shown in Fig-886

ure 7, S&P 500 correlates with the other variables,887

especially Nikkei 225, Gold Futures, and Crude888

Oil Futures.S Therefore, we analyze the future889

trend of S&P 500 based on the historical contexts of890

all nine variables. Specifically, we analyze whether891

the indicator of S&P 500 in the next one day will892

decrease by over 1 % (labeled as 0), remain stable893

Algorithm 1: RationaleTS
Input: Dataset {Xi, X

c
i , X

b
i , yi}Di=1;

Pretrained MLLMsMG,MS, and
MP; λ; Query: (Xq, X

c
q , X

b
q )

Output: ŷq and r̂q
1 for i ∈ [1, D] do
2 ri ←MG(X

c
i , yi)

3 Hb
i = Φb(X

b
i ), H

s
i = Φs(ri)

4 // In Inference Phase
5 sq ←MS(X

c
q )

6 Hb
q = Φb(X

b
q ), H

s
q = Φs(sq)

7 for i ∈ [1, D] do
8 Simb

i = cos(Hb
q , H

b
i )

9 Sims
i = cos(Hs

q , H
s
i )

10 Simfinal
i = λ · Simb

i + (1− λ) · Sims
i

11 R = {ri | i ∈ arg top-Ki∈[1,...,D] Sim
final
i }

12 r̂q, ŷq ←MP(R, Xc
q )

13 return r̂q and ŷq

(labeled as 1), or increase by over 1 % (labeled as 894

2) w.r.t the last day of a given 20-day period. 895
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Figure 7: Correlation Matrix of 9 variables in Finance
dataset.

Traffic (Iskandaryan et al., 2022): This dataset 896

includes 5 weather indicators: NO2, WindSpeed, 897

Temperature, Humidity, and SolarRad; and 898

2 transportation indicators: Intensity and 899

Occupancy. The traffic Intensity evaluates the 900

number of vehicles per hour, while the Occupancy 901

indicates the proportion of time that road detec- 902

tors are occupied by vehicles in an hour, which 903

reflects the traffic jam level. We illustrate the corre- 904

lation matrix of these 7 variables in Figure 8. The 5 905
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Table 4: Details of three benchmarking datasets.

Dataset Frequency #Variables #Time Stamps Duration #Samples Label Distribution

Finance 1-D 9 1258 2019/1–2023/12 1238 13.78% / 17.04% / 69.18%
Traffic 1-H 7 4344 2019/1–2019/6 722 14.95% / 52.22% / 32.83%
Power 10-Min 9 49760 2021/1–2021/12 997 42.05% / 57.95%

weather indicators may affect traffic needs and thus906

correlated with the Intensity and Occupancy. In907

this paper, we analyze the Occupancy of the next908

hour, w.r.t the last hour of a 12-hour period, will909

decrease by 2 (labeled as 0), remain stable (labeled910

as 1), or increase by 2 (labeled 2).911
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Figure 8: Correlation Matrix of 7 variables in Traffic
dataset.

Power (Zhou et al., 2024): This dataset includes912

wind speed measurements (Wspd, Wspd_w), envi-913

ronmental and internal temperatures (Etmp, Itmp),914

blade pitch angles (Pab1, Pab2, and Pab3), rotor915

speed (Sp), and active power output (Patv), collec-916

tively characterizing the aerodynamic input, control917

actions, mechanical state, and power generation of918

wind turbines. Figure 9 shows the correlation ma-919

trix of these 9 variables. In this paper, we aim to920

analyze whether the average active power Patv in921

the next 6 hours will surpass that of the past 24922

hours (labeled as 1) or not (labeled 0).923

D Details of Prompts924

We provide the prompts of the adopted three925

MLLMs MG, MS, and MP as follows. More-926

over, we also present the prompts for baselines in927

Type (3).928
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p
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Figure 9: Correlation Matrix of 9 variables in Power
dataset.
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1. Prompt inMG for abductive rationale generation

System Prompt:
You are a senior [specific domain, e.g., traffic and urban] analyst. Given the actual outcome, your
task is to generate a concise, ‘gold-standard’ causal reasoning path that logically explains this outcome
based on the provided [specific domain, e.g., traffic] chart. This path will be used for a retrieval
system. **Do not mention the actual outcome or the final prediction in your reasoning text.**
User Prompt:
The actual outcome for the next [future windows] was: **{true_label_meaning}**.
Please provide the ideal reasoning path that explains this outcome based on the attached [historical
windows] data chart.
Your Task
Provide a bulleted list of key causal factors. Each bullet point must follow the format: ’Observation ->
Implication’. Focus on describing the *dynamics* and *patterns*.

2. Prompt inMS for generating text summary

System Prompt:
You are a concise [specific domain, e.g., traffic] data analyst. Your task is to look at a [historical
windows, e.g., 12-hour] [specific domain, traffic] chart and provide a brief, factual summary of the
most prominent patterns.
User Prompt:
Analyze the attached [historical windows, e.g., 12-hour] [specific domain, e.g., traffic] data chart.
Provide a one-paragraph summary describing the key trends you observe in variables. Be factual and
objective.

3. Prompt inMP for in-context inference

System Prompt:
You are a world-class [specific domain, e.g., wind power generation] expert.
You will be given a new [historical windows, e.g., 24-hour] data chart and several relevant historical
reasoning paths.
Your task is to first study the historical examples, then analyze the new chart, and finally analyze the
[targeted variable, e.g., power output] trend for the next [future windows, e.g., 6 hours].
User Prompt:
Here are some relevant historical reasoning paths:
{examples}
Your Task
Now, analyze the **new attached chart**. Based on your analysis of this new chart AND the
patterns learned from the historical examples, predict whether the [targeted variable, e.g., average
active power (‘Patv’)] in the next [future windows, 6 hours] will [specific reasoning task, be
higher than the average of the past 24 hours]. Categorize your prediction as [discrete labels and
meanings, e.g., 0 (decrease by more than 1%), 1 (remain neutral (i.e., between -1% and 1%)), or 2
(increase by more than 1%)].
Provide your answer in a valid JSON format with ‘reasoning’ and ‘prediction’ keys. Your ‘reasoning’
should be a step-by-step analysis that explicitly references both the new chart’s data and the logic from
the provided examples.
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4. Prompt for zero-shot inference in textual modality

System Prompt:
You are a world-class [specific domain, e.g., traffic] expert.
You will be given [historical windows, e.g., 12-hour] [specific domain, e.g., traffic and environ-
ment] data.
Your task is to analyze the data and predict the [targeted variable, e.g., Occupancy] trend for the
next [future windows, e.g., hour].
User Prompt:
Time-Series Data
Here is the [historical windows, e.g., 12-hour] data for a specific location:
[time series data]
Your Task
Analyze the provided data. Predict the change in [targeted variable, e.g., Occupancy] for the
next [future windows, e.g., hour] compared to the last hour in the data. Categorize your prediction
as [discrete labels and meanings, e.g., 0 (decreases by >2), 1 (changes within [-2, 2]), or 2
(increases by >2)] .
Provide your answer in a valid JSON format with ‘reasoning’ and ‘prediction’ keys. Your ‘reasoning’
should be a step-by-step analysis of the data.

5. Prompt for ICL inference in textual modality

System Prompt:
You are a world-class [specific domain, e.g., traffic] expert.
You will be shown several examples of [historical windows, e.g., 12-hour] data, each paired with
its correct label indicating the [targeted variable, e.g., Occupancy] change for the next [future
windows, e.g., hour]. Your task is to learn the patterns from these examples and then predict the change
for new, unseen data.
User Prompt:
Analyze the following examples. Each example consists of time-series data and its corresponding label
for the [targeted variable, e.g., Occupancy] change.
[Example i: time series data; label meanings]
Your Task
Now, analyze the **new data** below. Based on the patterns you observed in the examples, predict
the change in [targeted variable, e.g., Occupancy] for the next [future windows, e.g., hour].
Categorize your prediction as [discrete labels and meanings, e.g., 0 (decreases by >2), 1 (changes
within [-2, 2]), or 2 (increases by >2)].
New Data
[time series data]
Provide your answer in a valid JSON format with ‘reasoning’ and ‘prediction’ keys. Your reasoning
should be a step-by-step analysis of the new data, drawing parallels to the provided examples where
applicable.
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6. Prompt for CoT inference in textual modality

System Prompt:
You are a world-class [specific domain, e.g., traffic] expert.
You will be given [historical windows, e.g., 12-hour] [specific domain, e.g., traffic] data. Your
task is to analyze the data and predict the [targeted variable, e.g., Occupancy] for the next [future
windows, e.g., hour].
User Prompt:
Time-Series Data
Here is the [historical windows, e.g., 12-hour] data for a specific location:
[time series data]
Your Task
Analyze the provided data. Predict the change in [targeted variable, e.g., Occupancy] for the
next [future windows, e.g., hour] compared to the last hour in the data. Categorize your prediction
as [discrete labels and meanings, e.g., 0 (decreases by >2), 1 (changes within [-2, 2]), or 2
(increases by >2)].
Please provide the ideal reasoning path that explains your prediction based on the provided data,
following the format: ‘Observation -> Implication‘.
Provide your answer in a valid JSON format with ‘reasoning’ and ‘prediction’ keys. Your ‘reasoning’
should be a step-by-step analysis of the data.

7. Prompt for zero-shot inference in visual modality

System Prompt:
You are a world-class [specific domain, e.g., traffic] expert.
You will be given [historical windows, e.g., 12-hour] [specific domain, e.g., traffic and environ-
ment] data chart.
Your task is to analyze the chart and predict the [targeted variable, e.g., Occupancy] trend for the
next [future windows, e.g., hour].
User Prompt:
Your Task
Analyze the **Attached Chart**. Predict the change in [targeted variable, e.g., Occupancy] for the
next [future windows, e.g., hour] compared to the last hour in the data. Categorize your prediction
as [discrete labels and meanings, e.g., 0 (decreases by >2), 1 (changes within [-2, 2]), or 2
(increases by >2)] .
Provide your answer in a valid JSON format with ‘reasoning’ and ‘prediction’ keys. Your ‘reasoning’
should be a step-by-step analysis of the chart.
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8. Prompt for ICL inference in visual modality

System Prompt:
You are a world-class [specific domain, e.g., traffic] expert.
You will be shown several examples of [historical windows, e.g., 12-hour] data chart, each paired
with its correct label indicating the [targeted variable, e.g., Occupancy] change for the next [future
windows, e.g., hour]. Your task is to learn the patterns from these examples and then predict the change
for new, unseen chart.
User Prompt:
Analyze the following examples. Each example consists of a chart and its corresponding label for the
[targeted variable, e.g., Occupancy] change.
[Example i: time series chart; label meanings]
Your Task
Now, analyze the **Attached Chart**. Based on the patterns you observed in the examples, predict
the change in [targeted variable, e.g., Occupancy] for the next [future windows, e.g., hour].
Categorize your prediction as [discrete labels and meanings, e.g., 0 (decreases by >2), 1 (changes
within [-2, 2]), or 2 (increases by >2)].
Provide your answer in a valid JSON format with ‘reasoning’ and ‘prediction’ keys. Your reasoning
should be a step-by-step analysis of the new chart, drawing parallels to the provided examples where
applicable.

9. Prompt for CoT inference in visual modality

System Prompt:
You are a world-class [specific domain, e.g., traffic] expert.
You will be given [historical windows, e.g., 12-hour] [specific domain, e.g., traffic] data chart.
Your task is to analyze the chart and predict the [targeted variable, e.g., Occupancy] for the next
[future windows, e.g., hour].
User Prompt:
Your Task
Analyze the **Attached Chart**. Predict the change in [targeted variable, e.g., Occupancy] for the
next [future windows, e.g., hour] compared to the last hour in the chart. Categorize your prediction
as [discrete labels and meanings, e.g., 0 (decreases by >2), 1 (changes within [-2, 2]), or 2
(increases by >2)].
Please provide the ideal reasoning path that explains your prediction based on the attached chart,
following the format: ‘Observation -> Implication’.
Provide your answer in a valid JSON format with ‘reasoning’ and ‘prediction’ keys. Your ‘reasoning’
should be a step-by-step analysis of the chart.
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