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Abstract001

Large language models (LLMs) are increas-002
ingly being used for automated decision-003
making systems in finance, healthcare, or en-004
vironmental monitoring. Time series data are005
ubiquitous in these fields, yet hard to process006
automatically. Can time series be analyzed by007
LLM agents? We examine three approaches:008
providing the agent with raw numerical data,009
using the LLM as a coding agent, or a combi-010
nation of both. In the coding agent setup, the011
model iteratively queries the data using Python012
code. Using two time series understanding013
benchmarks, we show that agents with code014
access can outperform models processing raw015
data by up to 10%. However, even the best016
performing agent still answers about 22–34%017
of the questions incorrectly. To get insights018
into models’ strategies and reasoning gaps, we019
analyze the model outputs with a strong LLM020
judge. Our analysis reveals that coding agents021
can select appropriate statistical tests, but of-022
ten miss important nuances. Meanwhile, mod-023
els with access to raw data can reach the right024
conclusions using back-of-the-envelope calcu-025
lations.1026

1 Introduction027

Analyzing and interpreting time series data is criti-028

cal for making informed decisions. Tools for auto-029

mated time series analysis are developed in many030

domains, the most prominent being finance (Tsay,031

2005; Cipra et al., 2020), healthcare (Portet et al.,032

2009; Alsheheri, 2025), and environmental moni-033

toring (Han et al., 2024; Jafari et al., 2024). How-034

ever, time series analysis is still typically handled035

by human experts in the domain that can combine036

the output of the tools with domain knowledge037

and external context (Pirolli and Card, 2005; Imani038

et al., 2019; Holstein, 2024).039

1Our experimental code and model outputs are
available at https://anonymous.4open.science/r/
can-llm-coding-agents-reason-about-time-series
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Figure 1: LLMs adapt their approaches to analyzing
time series based on available data and tools. While
using code as an intermediate step is more interpretable
and accurate overall, coding agents can overrely on
the code results (left side). At the same time, simple
calculations on raw data can lead to correct conclusions,
bypassing code entirely (right side).

Recently, there has been a surge of interest in 040

using large language models (LLMs) to automate 041

advanced engineering tasks, including time series 042

analysis (Jin et al., 2024; Zhang et al., 2024; Heesch 043

et al., 2025). The good performance of LLMs 044

in various tasks across many domains brings the 045

promise of being able to automate high-level tasks 046

where human experts are still required today. 047

However, naive application of LLMs to time se- 048

ries analysis is unreliable. As shown by recent 049

work, LLMs systematically fail to perform cer- 050

tain types of tasks and are often outperformed by 051

domain-specific baselines (Tan et al., 2024; Fons 052

et al., 2024; Arai et al., 2025; Park et al., 2025). 053

A promising alternative that has recently emerged 054

is the use of LLMs as coding agents (Dong et al., 055

2025). This approach combines two aspects of 056
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LLMs in which their capabilities are sharply in-057

creasing: code generation and agentic behavior058

(Jimenez et al., 2024; Wang et al., 2024; Moham-059

madi et al., 2025). LLMs as coding agents can060

interact with time series data by querying it with061

Python code and use code execution results as a062

basis for their decisions (Ye et al., 2025b). In some063

respect, these models mimic a human data ana-064

lyst: using code as a tool to explore the data, test065

hypotheses, and derive conclusions from the com-066

puted results.067

Our work contributes the following:068

1. We benchmark the performance of open LLM069

agents on time series understanding in three se-070

tups: using raw data, using a coding tool, and071

combining both approaches; showing that cod-072

ing agents achieve better accuracy (Section 3).073

2. We assemble a taxonomy of model behav-074

iors applicable to all three setups, covering the075

problem solving strategy, methodological errors,076

code problems, and mismatches between the rea-077

soning trace and actual outputs (Section 4.2).078

3. We select and validate an LLM judge that079

automatically annotates the full model outputs080

against our taxonomy at scale (Sections 4.3081

and 4.4).082

4. We run the LLM judge over all benchmark083

outputs, showing that direct models fail mainly084

due to lack of viable strategies, while coding085

agents fail more subtly by misinterpreting the086

tool results (Section 4.5).087

2 Related Work088

Automating Time Series Analysis with LLMs.089

Specialized deep learning models for analyzing090

time series (Oreshkin et al., 2020; Flunkert et al.,091

2017; Wu et al., 2023) were recently accompanied092

by Transformer-based models (Zhou et al., 2021;093

Wu et al., 2021). So far, the field has focused094

mainly on building time series foundation mod-095

els by large-scale pretraining on time series data,096

which excel in specialized tasks (Ye et al., 2025a;097

Ansari et al., 2024; Das et al., 2024). LLMs, on098

the other hand, are better at understanding natural099

language and can be flexibly applied to novel time100

series tasks in a zero-shot setting (Abdullahi et al.,101

2025; Zhang et al., 2024). However, the usefulness102

of LLMs for time series tasks is still debated (Tan103

et al., 2024; Merrill et al., 2024; Fons et al., 2024;104

Arai et al., 2025). For example, Arai et al. (2025) 105

showed that models struggle when they have to per- 106

form multi-step reasoning or handle specific range 107

constraints. 108

Coding Agents and Program-Aided Reasoners. 109

One promising way to improve the reliability of 110

LLMs is to offload calculations to external tools. 111

Gao et al. (2023) proposed Program-Aided Lan- 112

guage models (PAL), which use an LLM to gener- 113

ate Python code for intermediate reasoning while 114

letting an interpreter handle the actual math. In 115

the tabular domain, BINDER (Cheng et al., 2023) 116

and RePanda (Chegini et al., 2025) have shown 117

that translating natural language into executable 118

queries, such as SQL or pandas expressions, makes 119

the reasoning process more interpretable and robust. 120

Ye et al. (2025c) extended this idea to time series 121

with TS-Reasoner, a system that decomposes com- 122

plex inference tasks into pipelines of specialized 123

operators, building upon the ReAct paradigm (Yao 124

et al., 2023b). The most related to our work is the 125

work of Ye et al. (2025b), who proposed a bench- 126

mark for LLMs as coding agents on time series 127

tasks. However, unlike us, they did not compare 128

the coding agents to direct approaches and have not 129

examined their decision process. 130

Analysis of Reasoning Traces. Evaluating the 131

reasoning process of models is essential for improv- 132

ing their reliability (Lee and Hockenmaier, 2025). 133

The attempts at automating this kind of evaluation 134

with another LLM (i.e., the LLM-as-a-judge setup) 135

have recently gained traction. According to Lee 136

and Hockenmaier (2025), numerous works show 137

that LLMs are versatile critics and can effectively 138

evaluate factuality, validity, coherence, and utility 139

in various reasoning tasks (Yao et al., 2023a; Jacovi 140

et al., 2024; Wu et al., 2024; Niu et al., 2024). 141

3 Benchmarking Time Series 142

Understanding 143

Our goal is to test the ability of LLM agents to 144

interpret and reason about the underlying character- 145

istics of time series. For instance, the goal might be 146

to identify the generative process of a time series 147

signal or characterize its statistical properties. We 148

frame this task as multiple-choice question answer- 149

ing, as this formulation gives us a mathematically 150

well-defined answer that can be calculated using 151

appropriate methods. 152

2



Figure 2: Overview of our framework for benchmarking and analyzing LLMs for time series analysis. (1) Input time
series are provided as raw text (Rraw) or structured data objects (Rdf). (2) We compare three LLM setups: direct
answering from raw data (Mdirect), coding agents using only structured data (Mcode), and hybrid agents using both
raw and structured data (Mhybrid). (3) We analyze the model outputs O (reasoning trace r, answer a, and code c
with its execution results) using a strong LLM-as-a-judge (Ljudge) based on a custom taxonomy of model behaviors.

3.1 Problem Definition153

Let X = (X1, . . . , XN ) be a collection of time se-154

ries, where each series Xi = (x1, . . . , xT ) consists155

of T real-valued observations. The data is repre-156

sented using a function R(X). We consider two157

variants of R(X):158

• Rraw(X): the series is available directly in the159

prompt in plain text, following the raw data for-160

mat from each dataset (see Appendix A.2 for161

details),162

• Rdf(X): the series is loaded in a pandas163

DataFrame2 object through which X can be164

queried.165

We formulate the problem as a multiple-choice166

question answering task. The model receives a time167

series representation, a natural language question168

Q, and k candidate answers A = {a1, . . . , ak}.169

The goal is to select the correct option a∗ ∈ A. The170

model output O = (r, a) consists of the reasoning171

trace r and its final answer a. Optionally, the model172

output may also contain c: code that is executed173

over Rdf to help the model determine the answer174

(see Section 3.2).175

To evaluate the model performance, we mea-176

sure accuracy, i.e., the percentage of questions177

2https://pandas.pydata.org/pandas-docs/stable/
reference/api/pandas.DataFrame.html

Setup Representation Tools Loop

Mdirect Rraw - ✗
Mcode Rdf Code ✓
Mhybrid Rraw, Rdf Code ✓

Table 1: Overview of the evaluated LLM agent setups.

answered correctly. 178

3.2 Agent Setups 179

In our experiments, we compare three ways of pre- 180

senting this task to an LLM (see Table 1). 181

• Direct Agent: Mdirect is our baseline setup that 182

has access only to the textual representation of 183

time-series Rraw(X). In this setup, the model 184

needs to produce an answer in a single turn. How- 185

ever, it can produce a reasoning trace before gen- 186

erating the answer. 187

• Code Agent: In the Mcode setup, the model 188

receives the time series data loaded into the 189

dataframe Rdf(X). The model is instructed to 190

write Python code to analyze the data before an- 191

swering the question. We execute the code and 192

feed both the standard and error output from the 193

code back to the model. The loop continues until 194

the model decides that it has enough information 195

and proceeds to select the answer. 196
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• Hybrid Agent: This setup is equivalent to197

Mcode, but the model additionally receives the198

Rraw(X) representation in the prompt.199

Throughout the paper, we refer to Mcode and200

Mhybrid as coding agents.201

3.3 Benchmarks202

We evaluate the agents on two multiple-choice203

question answering benchmarks:204

• TIMESERIESEXAM (Merrill et al., 2024) is a205

multiple-choice question benchmark. It contains206

746 questions designed to assess LLMs’ time se-207

ries understanding. It spans 5 categories (with 13208

total subcategories): pattern recognition, noise209

understanding, similarity analysis, anomaly de-210

tection, and causality.211

• TSFU (Time Series Feature Understanding;212

Fons et al., 2024) is based on a taxonomy of213

important time-series features. It contains 2000214

questions spanning 10 categories (trend, season-215

ality and cyclical patterns, anomalies, etc.), de-216

signed to test LLMs’ proficiency in extracting217

and understanding those features.3218

3.4 Experimental Setup219

Models For our experiments, we required mod-220

els that (a) are highly capable, (b) provide open221

access to their reasoning trace, (c) can handle tool222

calling to a sufficient degree, and (d) can run on223

our computational infrastructure. The following224

models satisfy our requirements:225

• gpt-oss-120b4 (Agarwal et al., 2025),226

• qwen3-next-80b5 (Yang et al., 2025).227

We use these models as a backbone in each setup228

(Mcode, Mhybrid, and Mdirect). The setups differ in229

the ways the model is prompted and in its access230

to tools.231

Implementation We include the full prompts for232

all approaches in Appendix B.4 (Figures 5 to 7).233

For the final answer, we prompt the model to repro-234

duce the chosen answer <answer> tag and parse235

its output using edit-distance matching (see Ap-236

pendix B.2 for details). The Mcode and Mhybrid237

agents can at any point decide to execute code by238

3We transform the TSFU dataset to unify its format with
TIMESERIESEXAM. Details are described in Appendix A.1.

4https://huggingface.co/openai/gpt-oss-120b
5https://huggingface.co/Qwen/

Qwen3-Next-80B-A3B-Thinking-FP8

Dataset Model Setup Acc.

TSE

gpt-oss-120b
Mcode 70.4%
Mdirect 65.3%
Mhybrid 78.0%

qwen3-next-80b
Mcode 59.1%
Mdirect 63.5%
Mhybrid 68.1%

random 40.1%

TSFU gpt-oss-120b
Mcode 63.0%
Mdirect 55.6%
Mhybrid 65.6%

random 29.3%

Table 2: Accuracies of agents on time series understand-
ing benchmarks, compared to the random baseline (TSE
= TIMESERIESEXAM).

emitting an appropriate tool-calling API signature. 239

We execute the code of the coding agents in a se- 240

cure environment using llm-sandbox.6 241

Output Token Limits We limit the maximum 242

number of thinking tokens (see Appendix B.3). If 243

the model passes this limit, we interrupt the conver- 244

sation with "The time to think is up, output now." 245

while providing their reasoning history.7 246

3.5 Time Series Understanding Results 247

The overall results for both time series understand- 248

ing benchmarks are provided in Table 2. In Ap- 249

pendix E, we also provide detailed results for indi- 250

vidual problem categories in each dataset (Tables 7 251

and 8) and token counts in all setups (Table 10). 252

Raw data improves coding agents’ accu- 253

racy. The Mhybrid setup consistently outper- 254

forms Mdirect and Mcode across both models and 255

datasets. The best accuracy achieved by the 256

Mhybrid setup is 65.6% on TSFU and 78.0% on 257

TIMESERIESEXAM. The gpt-oss-120b model 258

outperforms qwen-3-next-80b in all setups. No- 259

tably, qwen-3-next-80b lacks coding proficiency 260

and works better as Mdirect. Using code is always 261

helpful for gpt-oss-120b. 262

Problem type matters. The Mhybrid setup is 263

the best for all categories on TIMESERIESEXAM. 264

The pattern is more nuanced on TSFU, where the 265

Mcode setup can better analyze problems related 266

to correlation, fat tails, and trend detection. The 267

6https://github.com/vndee/llm-sandbox
7Despite this limit, qwen3-next-80b struggled with pro-

viding an answer, outputting long reasoning chains, especially
on the TSFU data. Therefore, we were only able to provide
qwen3-next-80b results for the TIMESERIESEXAM dataset.
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Mdirect setup then wins for the structural break268

category, i.e. problems related to detecting abrupt269

changes in the series. We return to the differences270

between the specific problem types in Section 4.5.271

Agents reasoning over raw data are token-272

hungry. There is a marked difference in the num-273

ber of tokens consumed for reasoning between274

the direct and coding agents for gpt-oss-120b.275

For example, the model in Mdirect setup on TIME-276

SERIESEXAM spends 3.3× the per-question bud-277

get of Mcode (while reaching 5.1% points lower278

accuracy). The Mhybrid setup is similarly effi-279

cient, even more than Mcode on TSFU. On TIME-280

SERIESEXAM, 26.8% of Mdirect answers from281

gpt-oss-120b were explicitly cut off before com-282

pletion, compared with 4.2% for Mcode and 8.2%283

for Mhybrid. However, this relation cannot be ob-284

served for qwen3-next-80b, which has a general285

tendency to produce long reasoning chains (14–17k286

tokens) regardless of setup.287

4 Analyzing the Reasoning Traces288

The accuracy results from Section 3.5 are too crude:289

they do not allow us to understand how the agents290

approach the problem, where their weak spots are,291

or whether they answer correctly only by chance.292

To understand the model behavior in detail and293

provide insights into the models’ reasoning gaps,294

we use an LLM judge to analyze the model outputs295

using a custom taxonomy of model behaviors.296

4.1 Methodology297

We analyze the model output O, which consists of298

the reasoning trace r, the answer a, and – if appli-299

cable – the code c with its execution results. We300

use Ljudge, a strong reasoning model acting as an301

automated evaluator (LLM judge). We first develop302

a taxonomy of model behaviors (Section 4.2) and303

turn it into a structured questionnaire presented to304

Ljudge alongside O (Section 4.3). The judge model305

itself is selected from candidate models based on306

our own manual annotation on a small development307

set (Section 4.4).308

4.2 Taxonomy of Model Behaviors309

We assembled a taxonomy of failure modes and310

model behaviors iteratively. First, we collected311

reasoning traces from our benchmarks. We then312

concatenated these traces and asked Gemini 3 Pro313

to identify common error patterns (see Appendix C314

for the prompts and initial categories). Following315

this, we manually reviewed a subset of the traces 316

to refine the categories. 317

The resulting taxonomy is shown in Table 3. It 318

is organized into several sections. Each section 319

focuses on a different aspect of the reasoning pro- 320

cess, ranging from assessing the core strategies 321

applied by the models to catching methodological 322

issues, code generation problems, or general rea- 323

soning mismatches. Importantly, the taxonomy is 324

designed to be applicable to both correct and incor- 325

rect answers; this allows us to detect cases where 326

the model arrived at the right conclusion through 327

faulty reasoning. 328

4.3 Judging the Model Outputs 329

We present the taxonomy to Ljudge as a struc- 330

tured questionnaire (see Appendix B.5 for the full 331

prompt). Each item in the questionnaire is a tu- 332

ple of (aspect, explanation), where aspect is a 333

question about a specific aspect of model behav- 334

ior that should be assessed using a boolean or an 335

enum (a string value from a predefined set), and 336

explanation is a string justifying the choice. We 337

instruct the model to output a JSON object with 338

predefined keys and value types. 339

4.4 Selecting and Validating the Judge 340

We select a single Ljudge model and ensure that its 341

outputs agree strongly with human judgment. To 342

select the best model configuration, we constructed 343

a 36-example development set spanning all com- 344

binations of (dataset, setup, model) from our main 345

experiments. For each of the 12 combinations, we 346

sampled 3 examples with roughly balanced cor- 347

rect and incorrect answers. We then ran five judge 348

configurations against the set. Four out of five 349

configurations were based on the models we ran 350

for our main experiments: qwen3-next-80b and 351

gpt-oss-120b (see Appendix D for details). We 352

also added the commercial gpt-5.4-mini to the 353

model pool.8 354

Two authors independently annotated each ex- 355

ample using a custom annotation interface. The 356

inter-annotator agreement was Cohen’s κ = 0.565. 357

The gpt-oss-120b model with a custom system 358

message achieved the highest agreement with the 359

manual labels at 90.3% (Table 6), and we use it as 360

Ljudge for all subsequent analysis. 361

8Unlike for the main experiments, we did not need access
to Ljudge’s reasoning trace, so we were able to use an external
commercial model for better grounding of our results.
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Aspect Type Description

General
Core reason for answer enum Primary basis for answer (code, raw data, question format, other)
Core problem-solving strategy enum Primary strategy (statistical test, spectral analysis, curve fitting,

rolling stats, simple arithmetic, other)

Methodological Problems
Conceptual misunderstanding bool Fundamental misunderstanding of key concepts
Wrong core strategy bool Strategy choice unsuitable for the question
Wrong method within strategy bool Right strategy, but wrong specific method or threshold
Unsupported assumption bool Unjustified data assumption (e.g., assumes stationarity)
Implementation errors bool Coding mistakes affecting result validity
Incorrect interpretation bool Misinterpretation of computed results
Insufficient evidence bool Answer given without sufficiently convincing evidence

Code Problems
Code result enum Overall code success (success, partial failure, complete failure, no code)
Tool usage trouble bool Trouble calling the code tool correctly
Other bool Other code issue not in the above categories

Other Problems
Reasoning–answer mismatch bool Final answer differs from conclusion in the reasoning trace
Reasoning–tool mismatch bool Planned to use code in reasoning but answered directly
Hallucinated values bool Introduced numerical values absent from data or code output

Table 3: Taxonomy of model behaviors and failure modes used in the LLM-as-a-judge evaluation. For each item,
the judge also provides a free-text explanation.

Note that the high agreement suggests that the362

role of potential self-preference bias, i.e. preference363

of model’s own outputs, does not play a signifi-364

cant role here (Panickssery et al., 2024; Liu et al.,365

2024). This is in line with the findings of Yang et al.366

(2026), who find that breaking down a holistic judg-367

ment into granular analysis largely eliminates the368

bias.369

4.5 Results of Analyzing Model Outputs370

Next, we describe the insights gained from the full371

run of Ljudge on complete outputs of the models372

on the benchmarks described in Section 3. We373

visualize the general strategies used by the models374

in Figure 3 and the prevalence of methodological375

problems in Figure 4.376

Coding agents may not always rely on code.377

Mcode and Mhybrid base their answers on code in378

majority, but not all, cases (93.6% and 94.6%, re-379

spectively). For Mhybrid, this is natural: the model380

may gain enough information from analyzing raw381

data. A detailed look into these cases confirms this382

hypothesis: out of the Mhybrid no-code cases, the383

model based its answer on raw data in 85%. Its384

accuracy dropped in these cases, but not dramati-385

cally (59.3% with no-code vs. 68.8% overall). For386

Mcode, the story looks different: 52% of no-code387

cases are attributed to the question format, meaning 388

that the model guessed the answer based on hints 389

in how the question was formulated. However, the 390

hints are confabulated: in the no-code cases, accu- 391

racy of Mcode drops to 42.0% (vs. 63.7% overall), 392

i.e. close to the random baseline. Looking further, 393

not using code forces the model to answer with- 394

out sufficient evidence in 80% (Mhybrid) and 92% 395

(Mcode) of cases. 396

The agents still miss problem details even when 397

the code runs correctly. The “wrong method 398

within strategy” errors occur in 25% of Mcode and 399

19% of Mhybrid answers, giving hints that there 400

is a subtler issue with models’ reasoning. Other 401

flags suggest that the model is over-trusting the se- 402

lected approach: 95% of these answers are marked 403

as incorrect interpretation and 85% as relying on 404

unsupported assumptions. The judge explanations 405

repeatedly point to ad hoc decision rules and weak 406

proxies, such as setting arbitrary thresholds that 407

makes the tests overly strict, or ignoring possi- 408

ble phase shifts and higher harmonic frequencies, 409

which leads to misrepresenting the overall pattern. 410

One such failure case is illustrated in example (b) 411

in Table 4: the agent extracts one convenient signal 412

from the series and then treats it as if it described 413
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Figure 3: Core strategies and reasoning patterns em-
ployed by our agent setups for answering questions
in time series understanding benchmarks, aggregated
across benchmarks and models, in absolute numbers.

the whole pattern, missing the fact that the square-414

wave behavior changes later in the sequence. Pos-415

sibly, these failure modes could be mitigated by416

using multi-modal agents that have access to the417

visual representation of the series. However, that418

approach would require models capable of process-419

ing time-series charts and further research would be420

needed to ensure that these models are not taking421

shortcuts based on the visual representation.422

Simple calculations can go long way. Across423

all setups, simple arithmetic is a commonly used424

strategy: it spans 47.4% of annotated answers (Fig-425

ure 3). Naturally, it is a method of choice for the426

Mdirect agents, as computing advanced statistics427

manually in the reasoning trace would be impre-428

cise and token-consuming. However, even though429

coding agents have more versatile tools to choose430

from, simple arithmetic still accounts for 27.9%431

of Mcode and 31.6% of Mhybrid answers. In these432

cases, the code is used for direct measurements433

similar to what the agent can deduce from the raw434

data using back-of-the-envelope calculations, but435

arguably in a more robust and interpretable way.436

The calculations include comparing amplitudes or437

variances across segments, counting transitions or438

intervals, detecting flat runs or spikes from first439

differences, or reading off correlation and kurto-440

sis statistics. This approach is mostly successful441

for the problems in pattern recognition, statistical442

property recognition, and outlier detection.443

Conc. mis-
understanding

Wrong core
strategy

Wrong method

Unsupported
assumption

Implementation
errors

Incorrect inter-
pretation

Insufficient
evidence

Code problems

Tool usage
trouble

Reas.-ans.
mismatch

Reas.-tool
mismatch

Hallucinated
values

Accuracy

40% 31% 31%

33% 9% 9%

7% 25% 19%

40% 35% 29%

N/A 4% 3%

40% 33% 32%

47% 29% 25%

N/A 6% 5%

N/A 7% 4%

1% 2% 2%

N/A 2% 2%

0% 0% 0%

59% 64% 69%

Figure 4: Problem rates for judge-annotated taxonomy
attributes across all models and datasets, broken down
by agent strategy, along with the overall accuracy. Each
cell shows the fraction of answers exhibiting the given
problem. We explicitly denote code issues for Mdirect
as not applicable (the agent cannot use code).

Lack of tools limits viable strategies for ana- 444

lyzing the series. The agents operating on raw 445

data are often bound to select a wrong strategy for 446

solving the problem: the wrong core strategy is 447

marked for 33% of cases of Mdirect agents (vs. 9% 448

for the coding agents). Among the 1,147 Mdirect 449

answers with a wrong strategy, 88% are incorrect; 450

i.e., in these cases, the model would be better off 451

with random guessing. This suggests that having 452

access to the data through the code tool is essential 453

to model performance. A closer look at individ- 454

ual domains (Tables 7 to 9) reveals that Mdirect 455

stays competitive on problems where simple in- 456

spection can reveal the right answer, matching or 457

exceeding Mcode on outliers (74.0% vs. 64.8%), 458

structural breaks (52.0% vs. 44.0%), anomaly de- 459

tection (54.8% vs. 48.8%), and noise understanding 460

(72.0% vs. 68.5%). Where the dominant strategy 461

demands statistical tests or rolling statistics (station- 462

arity, volatility, causality analysis), the gap opens: 463

Mdirect scores 28.0% on stationarity vs. 46.0% for 464

Mcode, and 15.0% vs. 27.5% on volatility. Note 465

that in contrast to the strategy selection, the “con- 466

ceptual misunderstanding” category is seemingly 467

related to the overall agent’s capability: this is sup- 468

ported by the fact that it stays comparable across 469

the agent types (40% for Mdirect vs. 31% for the 470

coding agents). 471
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Example (a): Mdirect Example (b): Mcode Example (c): Mcode

Both time series have a cyclic compo-
nents. Which time series has a higher
amplitude of the cyclic component?:
A) Time series 2 has higher amplitude
B) Time series 1 has higher amplitude

The given time series has square wave
pattern. How does its period change from
the beginning to the end?
A) Decrease
B) Remain the same
C) Increase

Select one of the following answers:
A) The time series are positively corre-
lated
B) The time series are negatively corre-
lated
C) The time series are not correlated

Excerpts from the agent’s output
[. . . ]
The data appears to be long, many points.
The amplitude can be approximated by
the range of the series (max - min) di-
vided by 2.
[. . . ]
Let’s parse the values. The values start
near 0.0257, then go up to about 7.3,
[. . . ]
Okay, this is getting repetitive. Let’s step
back.
[. . . ]
[user]: The time to think is up, output
now.

[. . . ]
Let’s compute sign of series: positive vs
negative. Then find sign changes.
[. . . ]
sign_change =
np.where(np.diff(sign) != 0)[0]
+ 1

[. . . ]
The sign changes only go up to index
510. After that, the series stays positive
(sign=1) for the rest of the series (indices
511 to 1023). So the square wave pattern
stops after index ~510, and the series be-
comes a constant positive region.
[. . . ]

[. . . ]
So the plan is: use pandas to compute the
correlation between ’value1’ and ’value2’
columns.
[. . . ]
SyntaxError: unexpected
character after line
continuation character

[. . . ]
I think I have to accept that the code tool
is not working as expected, but for the
purpose of this problem, I’ll assume that
the correlation is positive, so the answer
is A.
[. . . ]

Excerpts from the Ljudge outputs
Wrong method within strategy: true

Explanation: Even within a rough vi-
sual/arithmetic approach, the agent used
an unreliable heuristic and did not isolate
the cyclic component’s amplitude from
the surrounding trend. That led it to com-
pare the series incorrectly.

Conceptual misunderstanding: true

Explanation: The agent assumed the pe-
riod of the square wave can be captured
solely by sign changes and that it stays
constant, overlooking that the pattern
changes later in the series.

Core reason for answer: other

Explanation: Agent did not obtain valid
code output due to persistent syntax er-
rors and had no access to raw data for
eyeballing, so the answer was a guess
without evidence.

Table 4: Three annotated examples illustrating different failure modes identified by Ljudge. (a) The agent exhausts
its thinking budget and is cut off before reaching a conclusion. (b) The agent incorrectly uses sign changes to find
the square-wave period, missing the fact that the pattern changes halfway through the series. (c) The agent never
obtains valid code output and ultimately guesses the answer without evidence.

5 Conclusion472

We benchmark three agent setups for time se-473

ries analysis on two multiple-choice understanding474

benchmarks. We show that code access consis-475

tently improves accuracy and that combining code476

with raw data yields the strongest results. To inves-477

tigate how the agents approach the problems, we478

build a taxonomy of model behaviors and use an479

LLM judge to annotate model outputs at scale. Sim-480

ple arithmetic methods account for a large share of 481

successful answers across all setups, but as the only 482

strategy for agents accessing raw data, it is often 483

insufficient. Coding agents choose from a larger 484

variety of methods and get better overall results, 485

but overtrust the returned numbers and often miss 486

crucial details. Our findings suggest that coding 487

agents have potential for dealing with time series 488

tasks if they are carefully managed. 489
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Limitations490

Benchmark coverage. Multiple-choice question491

answering captures only part of what time series492

analysis involves. Benchmarks that require agents493

to write analysis pipelines from scratch, produce494

free-form interpretations, or deal with noisy and in-495

complete data would more accurately test whether496

agents can replace a human analyst. The results we497

report should therefore be read as a lower bound498

on the difficulty of the general problem; agents499

that perform well here are not necessarily ready500

for more open-ended tasks. That said, the agents501

we evaluate are far from perfect even on these con-502

strained benchmarks, which makes multiple-choice503

a meaningful starting point.504

Model recency. Open reasoning models evolve505

rapidly. Some of the failure patterns we document506

may be partially addressed by models released after507

our experiments. Replicating our analysis pipeline508

on newer model generations would be straightfor-509

ward and likely worthwhile.510

Commercial models. For our main experiments,511

we evaluated only open-weight models whose rea-512

soning traces are fully accessible. Commercial513

models are generally more capable, but their rea-514

soning chains are either unavailable or restricted,515

making the trace-level analysis we perform here516

difficult or impossible.517

Specialized time series models. Models pre-518

trained specifically on time series data might handle519

raw numerical series better than general-purpose520

LLMs. We chose general-purpose models because521

they currently undergo the most rapid progress,522

making them interesting to practitioners.523

Ethics Statement524

Automated analysis tools for time series data could525

help domain experts in genuinely useful ways. That526

being said, automated analysis has its own threats,527

such as giving up human oversight or introducing528

biases. The current generation of models is still far529

from perfect and overrelying on them could lead530

to mistakes with real-world consequences. Our531

analysis of failure modes is designed to help prac-532

titioners understand where risks are and how to533

mitigate them. We also hope that our work encour-534

ages the development of more interpretable and535

reliable models for time series analysis.536

We used AI assistants to help with writing exper- 537

imental code and to improve the clarity of the text. 538

All generated content was manually reviewed and 539

verified by the authors. 540
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The original TSFU dataset (Fons et al., 2024) is 804

designed to be answered in two phases: 805

1. detect whether the time-series contains that fea- 806

ture, 807

2. if detected, classify that feature (such as which 808

specific cyclic pattern the time series contains). 809

We transform this dataset into a multiple-choice 810

question answering format, similar to TIMESERIE- 811

SEXAM. Specifically, we directly ask the model 812

for classifying the feature and extend its answer op- 813

tions with a negative choice (e.g., The time series 814

does not exhibit any of these volatility patterns). 815

11
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A.2 Raw Input Format816

The raw representation Rraw(X) serializes each817

time series as a plain text string that we add to818

the prompt. We adopt the format that was either819

determined empirically (TIMESERIESEXAM) or820

shown to be most effective in prior work (TSFU).821

TIMESERIESEXAM We represent the input as822

a JSON object. Each time series is a list of real823

values rounded to three decimal places:824

{"ts1": [-0.256, 6.3, -3.07, 0.532, ...], "ts2":
[...]}

825

TSFU We adopt the plain tabular format from826

Fons et al. (2024), which their ablation study iden-827

tified as the most effective. Each time step is repre-828

sented as a comma-separated key–value row:829

time: 2023-01-04, value1: 5.8, value2: 5.9
830

The values are already rounded to one decimal831

place in the original dataset.832

B Model Inference Details833

B.1 Hyperparameters834

We use the default parameters recommended for835

each model. Table 5 summarizes the key infer-836

ence hyperparameters. Both models are served via837

vLLM with a context window of 128,000 tokens.838

Parameter gpt-oss-120b Qwen3-Next

Temperature 0 0.6
Top-p – 0.95
Top-k – 20
Min-p – 0
Reasoning effort high high
Max output tokens 30,000 81,920
Seed 42 42

Table 5: Default inference hyperparameters for each
model. gpt-oss-120b uses greedy decoding; Qwen3-
Next uses the recommended sampling parameters from
the official documentation. The max output token limits
are discussed in Appendix B.3.

B.2 Answer Parsing839

To make the answer parsing robust, we prompt840

the model to reproduce the chosen answer inside841

an <answer> tag (e.g., <answer>A) No, they have842

different underlying distribution</answer>). We843

parse the output using edit-distance matching: for844

each option, we compare the model’s response845

against a length-matched substring of that option, 846

both with and without the leading letter, and assign 847

the nearest match. This handles both outputs that 848

contain only the answer-identifying letter or then 849

ones that omit it. 850

B.3 Thinking Output Threshold 851

We limit the maximum number of output reasoning 852

tokens for each model to prevent the model getting 853

stuck in an infinite loop. 854

• For Qwen3-Next, we limit the number of tokens 855

to 81,920 following the official recommenda- 856

tions.9 857

• For gpt-oss-120b, we perform preliminary ex- 858

periments on a TIMESERIESEXAM dataset, se- 859

lecting from {10,20,30,40},000 tokens; we find 860

30 000 tokens to be the best performing thresh- 861

old. 862

B.4 Prompts 863

The full prompts used for each setup are shown in 864

Figures 5 to 7. 865

Given this data:

{data[series]}

Answer the following question by selecting the
correct answer and outputting it word-for-word
inside of an answer tag without outputting
anything else, like this: "<answer>X) lorem
ipsum</answer>".

{text}
866

Figure 5: Prompt for the Mdirect setup. The raw time
series is provided in the prompt and the model is asked
to select the correct answer in a single turn.

You are given the following question:

{text}

Your goal is to answer this question. You have
an access to a python code interpreter tool
`code` to gather evidence for your answer. The
tool `code` takes a single argument "code" of
type string. You may use the tool multiple
times. Gather evidence first before answering.
When you know the correct answer, output it
word-for-word inside of an answer tag without
outputting anything else, like this: "<answer>X)
lorem ipsum</answer>".

When using the code tool, the code should
contain a single method `main` taking a single
parameter `dict_of_dfs` of type `dict[str,
pd.DataFrame]`. The argument `dict_of_dfs`
is dictionary containing the following key(s):
[{data[json_keys]}]. The dataframes under
these keys are the time series data. Each
dataframe contains a single unnamed column.

867

9https://huggingface.co/Qwen/
Qwen3-Next-80B-A3B-Thinking-FP8#best-practices
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The python version is 3.9. The libraries
available are "pandas==2.2.3", "numpy==1.26.4",
"scipy==1.14.1", and "statsmodels==0.14.5".

Here is an example `code` start:

{"code": "import pandas as pd\nimport numpy
as np\n\ndef main(dict_of_dfs: dict[str,
pd.DataFrame]):\n # `dict_of_dfs` is a
dictionary containing the following key(s):
[{data[json_keys]}].\n # Under each key is a
pandas dataframe with a single unnamed column.\n
(...)"}

868
Figure 6: Prompt for the Mcode setup. The model has
no access to raw data and must query the time series via
the code tool, which executes a main() function against
a pandas DataFrame with the time series data.

You are given this data:

{data[series]}

And a following question:

{text}

Your goal is to answer this question. You have
an access to a python code interpreter tool
`code` to gather evidence for your answer. The
tool `code` takes a single argument "code" of
type string. You may use the tool multiple
times. Gather evidence first before answering.
When you know the correct answer, output it
word-for-word inside of an answer tag without
outputting anything else, like this: "<answer>X)
lorem ipsum</answer>".

When using the code tool, the code should
contain a single method `main` taking a single
parameter `dict_of_dfs` of type `dict[str,
pd.DataFrame]`. The argument `dict_of_dfs`
is dictionary containing the following key(s):
[{data[json_keys]}]. The dataframes under these
keys are the time series data, always use
those instead of constructing your own. Each
dataframe contains a single unnamed column.
The python version is 3.9. The libraries
available are "pandas==2.2.3", "numpy==1.26.4",
"scipy==1.14.1", and "statsmodels==0.14.5".

Here is an example `code` start:

{"code": "import pandas as pd\nimport numpy
as np\n\ndef main(dict_of_dfs: dict[str,
pd.DataFrame]):\n # `dict_of_dfs` is a
dictionary containing the following key(s):
[{data[json_keys]}].\n # Under each key is a
pandas dataframe with a single unnamed column.\n
(...)"}

869
Figure 7: Prompt for the Mhybrid setup. The raw time se-
ries is provided alongside access to the code tool, com-
bining the representations used in Mdirect and Mcode.

B.5 Judge Prompt870

The full prompt used for Ljudge is shown in Fig-871

ure 8. It presents the complete model conversation872

and the correct answer, then asks the judge to fill873

in a structured JSON questionnaire following the874

taxonomy from Section 4.2.875

An LLM agent attempted to answer a question
relating to some time series data. The agent,
if given the interpreter tool, had access to a
python interpreter to inspect the data. Here is
the full conversation, including thinking traces
(surrounded by <think></think> tags) and tool
calls (surrounded by <tool code></tool code>
tags):

=== Agent’s conversation ===

{data[conv]}

=== Conversation end ===

The correct answer was {data[correct]}.

Output a json matching the template below
to answer the questions about the agent’s
conversation. Always explain your decisions
under the "X_expl" field in 1-3 sentences.

{
// "core_reason_for_answer" should be one of

the following options:
// - "code", if the agent answered mainly

based on code output.
// - "raw data", if the agent answered mainly

based on "eyeballing" the raw data.
// - "question format", if the agent answered

mainly based on strategizing about the
// exam format.
// - "other", if none of the options above

works.
"core_reason_for_answer":

enum["code", "raw data", "question format",
"other"],

"core_reason_for_answer_expl": string,

// "core_problem_solving_strategy" should be
one of the following options, based on the

// primary strategy of the agent:
// - "statistical test", if the primary

strategy was to perform a formal
hypothesis

// test or compute a test statistic and
p-value (examples: Augmented
Dickey--Fuller,

// KPSS, Granger causality, t-test, Wilcoxon
test, chi-square test, permutation test).

// - "spectral analysis", if the primary
strategy was to analyze frequency content
of

// the series (examples: FFT, periodogram,
Welch's method, Lomb--Scargle, bandpower,

// spectral peak detection).
// - "curve fitting", if the primary strategy

was to fit a parametric model to data
// (examples: least-squares polynomial/

regression fitting, AR/ARMA/ARIMA/SARIMA
// parameter estimation, nonlinear curve fits,

sklearn or statsmodels model.fit usage,
// model-based forecasting).
// - "windowed/rolling statistics", if the

primary strategy was to compute statistics
// over sliding or rolling windows, without

transforming into the frequency domain
// (examples: rolling mean/variance, rolling

correlations or cross-correlations,
// rolling regression, windowed

autocorrelation, rolling volatility).
// - "simple arithmetic", if the primary

strategy consisted of direct,
non-model-based

// summary calculations without statistical
inference or signal analysis (examples:

// global mean/median/variance, counts, ratios,
totals, expanding statistics, basic

// differencing).
876
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// - "other", if none of the above fits.
"core_strategy":

enum["statistical test", "spectral analysis",
"curve fitting", "windowed/rolling

statistics", "simple arithmetic", "other"
],

"core_strategy_expl": string,

"methodological_problems": {
// "conceptual_misunderstanding" should be

true if the agent demonstrates a
fundamental

// misunderstanding of key concepts relevant
to the question.

"conceptual_misunderstanding": bool,
"conceptual_misunderstanding_expl": optional

[string],

// "wrong_core_problem_solving_strategy"
should be true if the strategy chosen by
the

// agent ("core_problem_solving_strategy")
was not suitable for answering the
question.

// For example, if the model decided to use
curve fitting, when using a statistical

// test would have been better.
"wrong_core_problem_solving_strategy": bool,
"wrong_core_problem_solving_strategy_expl":
optional[string],

// "wrong_method_within_strategy" should be
true if the strategy chosen by the agent

// ("core_problem_solving_strategy") was
suitable for answering the question, but

// failed due to the specific method chosen
within the strategy. For example, the
model

// selected an incorrect statistical test,
heuristic, threshold, or algorithmic

// variant.
"wrong_method_within_strategy": bool,
"wrong_method_within_strategy_expl":

optional[string],

// "unsupported_assumption" should be true
if for the method that the agent chose, it

// made an unjustified assumption about the
data or the options. For example, assuming

// stationarity without evidence.
"unsupported_assumption": bool,
"unsupported_assumption_expl": optional[

string],

// "implementation_errors" should be true if
there were coding or algorithmic mistakes

// that affect the validity of the result.
Code execution errors are that caused the

// code to fail are not included in this
category.

"implementation_errors": bool,
"implementation_errors_expl": optional[

string],

// "incorrect_result_interpretation" should
be true if the agent incorrectly
interprets

// the result of any of his computations.
For example, the model wrongly conclude
that

// the difference is statistically
significant.

"incorrect_result_interpretation": bool,
"incorrect_result_interpretation_expl":

optional[string],

877

// "insufficient_evidence_guess" should be
true if the agent answered whilst not
having

// gathered sufficiently convincing evidence.

"insufficient_evidence_guess": bool,
"insufficient_evidence_guess_expl": optional

[string]
},

// This section is primarily meant for agents
that had access to a code interpreter

// tool.
"code_problems": {

// "code_result" should be one of the
following options, indicating the overall
success

// of the code the model produced (if any):
// - "success", if the agent managed to

obtain the data it intended. If the code
// initially failed due to errors, but the

agent managed to fix the errors, it still
// counts as a success.
// - "partial failure", if the agent failed

to obtain some of the desired data, but
// managed to get at enough results to

produce an answer. For example if the code
// failed after printing sufficient evidence.

// - "complete failure", if the agent failed
to obtain the results and gave up or ran

// out of turns.
// - "no code", if the agent didn't produce

any code.
"code_result":
enum["success", "partial failure", "complete

failure", "no code"],
"code_result_expl": optional[string],

// "tool_usage_trouble" should be true if
the agent had some trouble following

// instructions to use the tool correctly.
This mainly includes cases where the agent

// generated an improper coding tool call or
had trouble calling the tool properly.

// Regular errors and exceptions that caused
the code to fail are not included in this

// category.
"tool_usage_trouble": bool,
"tool_usage_trouble_expl": optional[string],

// "other" should be true if there was some
other issue with the code that does not

// fall into any of the other categories.
"other": bool,
"other_expl": optional[string]

},

"other_problems": {
// "reasoning_answer_mismatch" should be

true if the agent settled on one answer in
the

// thinking trace and then answered
differently.

"reasoning_answer_mismatch": bool,
"reasoning_answer_mismatch_expl": optional[

string],

// "reasoning_tool_usage_mismatch" should be
true if the agent claims it will use the

// coding tool (such as saying "let's
compute", or crafting a code solution in
the

// thinking trace) but then goes straight to
answering.

"reasoning_tool_usage_mismatch": bool,
878
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"reasoning_tool_usage_mismatch_expl":
optional[string],

// "hallucinated_values_in_reasoning" should
be true if the agent introduces numerical

// values that do not appear in the data or
the code output. Reasonable rounding does

// not count.
"hallucinated_values_in_reasoning": bool,
"hallucinated_values_in_reasoning_expl":

optional[string]
}
},

879
Figure 8: Prompt for the LLM judge. The model re-
ceives the full conversation trace of the agent, including
the question, the reasoning trace, the code (if applica-
ble), and the final answer, along with the correct answer.
The model is then asked to fill in a structured JSON
questionnaire following the taxonomy described in Sec-
tion 4.2. Note that we abbreviate explanation to expl
in the field names for visualization purposes.

C Constructing the Error Taxonomy880

We built an initial set of error categories by run-881

ning two rounds of Gemini 3 Pro inference on a882

subset of incorrect gpt-oss-120b outputs. In the883

first round, Gemini 3 Pro received each incorrect884

trace paired with the correct answer and produced885

a short description of where the agent went wrong886

(Figure 9). In the second round, we fed all those887

descriptions into a single prompt asking Gemini888

to cluster them into fewer than ten categories and889

assign one to each entry (Figure 10).890

Gemini returned seven preliminary categories:891

1. Skipping the Coding Phase: The agent by-892

passed the coding tool or failed to execute893

planned code, relying on guesses instead.894

2. Statistical Misinterpretation & Methodolog-895

ical Errors: Wrong statistical test, misread p-896

values or R2, or failure to account for stationar-897

ity and distribution properties.898

3. Visual/Data Hallucination (Manual Inspec-899

tion): The agent described values and patterns900

from raw JSON without computing them.901

4. Conceptual & Semantic Misunderstandings:902

Misunderstood core time series concepts (lag,903

amplitude, variance) or the specific definitions904

given in the problem.905

5. Coding Logic & Implementation Errors:906

Buggy code, wrong library functions, or incor-907

rectly implemented formulas.908

6. Flawed Heuristics & Rigid Thresholds: Arbi-909

trary numerical thresholds (e.g., 10−6 tolerance,910

0.05 margin) producing incorrect binary deci- 911

sions. 912

7. Reasoning–Output Mismatch & Process Fail- 913

ures: The agent ignored its own correct rea- 914

soning or code output when selecting the final 915

answer. 916

These categories informed the failure mode sec- 917

tion of the final taxonomy (Table 3). We expanded 918

and restructured the section manually, adding the 919

strategy and code problem categories. 920

You are given a conversation with a coding LLM
agent. In the conversation, the agent attempts
to answer a question by repeatedly producing
python code to programmatically query about
the relevant time series. The agent answered
wrong. The correct answer was "{data[correct]}".
Analyze where the error happened.
Answer in plain text. Do not produce more than
2 paragraphs.
=== Agent’s Conversation ===
{data[conv]}

921
Figure 9: Prompt for per-trace error analysis. Each
incorrect model output is analyzed individually.

{analysis 1}
—
(...)
—
{analysis n-1}
—
{analysis n}
======
Each chunk of text represents an analysis of
where an LLM coding agent made an error in
answering a question about time series. Cluster
all these errors into less than 10 error
categories. Then output a list assigning each
entry the error type. If an entry fits multiple
error types, select the most relevant one.

922
Figure 10: Prompt for clustering the per-trace descrip-
tions into error categories.

D Selecting and Validating Ljudge 923

Development set. We build the development set 924

from the configuration space C = D × S × M, 925

where: 926

D = {TIMESERIESEXAM,TSFU}, 927

S = {Mdirect,Mhybrid,Mcode}, 928

M = {gpt-oss-120b,Qwen3-Next}, 929

giving |C| = 12. We sample 3 examples per con- 930

figuration for 36 total. Each configuration’s triple 931

contains either 2 correct + 1 incorrect or 1 correct 932

+ 2 incorrect answers, chosen with equal proba- 933

bility, keeping the set roughly balanced. Since 934
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Judge configuration Accuracy

qwen3-next-80b (single-phase) 86.5%
qwen3-next-80b (two-phase) 88.1%
gpt-5.4-mini-2026-03-17 89.3%
gpt-oss-120b (no system msg.) 89.3%
gpt-oss-120b (system msg.) 90.3%

Table 6: Agreement of each candidate judge configura-
tion with manual labels on the 36-example development
set.

Qwen3-Next was not evaluated on the full TSFU935

dataset, the three TSFU × Qwen3-Next configu-936

rations were sampled from a separate pool of 60937

randomly selected TSFU questions. No question938

appears more than once.939

Judge configurations. We test five judge setups940

on the development set, all applying the taxonomy941

from Section 4.2:942

• Qwen3-Next (single-phase): the model gener-943

ates the required JSON output directly. Con-944

strained decoding prevents it from emitting rea-945

soning tokens, so judgments lack explanations.946

• Qwen3-Next (two-phase): the model first an-947

swers in free-form text, then rewrites its response948

into the JSON schema in a second turn, recover-949

ing reasoning at the cost of an additional infer-950

ence call.951

• gpt-oss-120b (no system message): the annota-952

tion task is specified entirely in the user message.953

• gpt-oss-120b (system message): the same954

model with a custom system message priming it955

as an expert annotator.956

• gpt-5.4-mini: an alternative commercial model,957

helps to better ground the judge capabilities.958

Results. Table 6 reports agreement with manual959

labels for each configuration. gpt-oss-120b with960

a system message scores highest at 90.3%, while961

Qwen3-Next single-phase scores lowest at 86.5%.962

The accuracy gap between the models is small over-963

all. We select the best performing configuration964

gpt-oss-120b with a system message as Ljudge.965

E Additional Results966

Tables 7 and 8 break down accuracy by question967

category. Table 9 shows the distribution of strategy968

choices across domains. Table 10 shows the token969

usage statistics across all setups.970

category Mcode Mdirect Mhybrid

gpt-oss-120b

similarity analysis 70.0% 65.0% 75.8%
pattern recognition 75.7% 69.1% 80.9%
causality analysis 65.3% 45.8% 75.0%
noise understanding 71.4% 76.2% 81.0%
anolmaly detection 55.6% 57.4% 70.4%

qwen3-next-80b

similarity analysis 60.8% 65.8% 65.8%
pattern recognition 59.9% 66.0% 70.7%
causality analysis 69.4% 61.1% 68.1%
noise understanding 65.5% 67.9% 75.0%
anolmaly detection 42.6% 50.9% 56.5%

Table 7: Per-category accuracies on TIMESERIESEXAM
for both models and all three setups. The best score for
each category across both models and all three setups is
in bold.

gpt-oss-120b

category Mcode Mdirect Mhybrid

fixed correlation 79.5% 72.2% 78.8%
lagged correlation 42.5% 30.0% 37.5%
anomalies 65.0% 74.0% 75.0%
seasonality 63.0% 56.0% 72.5%
fat tail 86.5% 69.0% 85.0%
stationarity 46.0% 28.0% 51.5%
structural break 44.0% 52.0% 49.5%
trend 96.5% 88.0% 96.5%
volatility 27.5% 15.0% 31.0%

Table 8: Per-category accuracies on TSFU for all
three setups. Only gpt-oss-120b results are shown;
qwen3-next-80b was not evaluated on the full TSFU
dataset (see Section 3.4). The best score in each row is
in bold.
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simple
arith.

stat.
test

rolling
stat.

curve
fitting

spectral
analysis other n

Domain d c h d c h d c h d c h d c h d c h

TimeSeriesExam
Anomaly detection 67 40 63 0 12 7 0 14 6 0 9 13 0 12 8 33 13 4 637
Pattern recognition 80 37 42 0 19 17 0 4 4 0 24 24 0 10 10 20 7 3 2,171
Similarity 81 30 33 0 21 22 0 0 3 0 30 29 0 18 12 19 1 1 718
Noise understanding 69 26 32 0 38 40 0 11 10 1 10 10 0 9 8 30 7 1 504
Causality analysis 73 3 17 1 29 29 0 67 54 0 1 0 0 0 0 27 0 0 430

TSFU
Outliers 79 73 95 0 1 2 0 26 3 0 0 0 0 0 0 21 0 0 599
Trend 91 0 0 0 78 55 0 0 0 0 22 46 0 0 0 8 0 0 600
Statistical property 97 93 80 0 7 20 0 0 0 0 0 0 0 0 0 3 0 0 598
Correlation 96 25 15 0 75 85 0 0 0 0 0 0 0 0 0 4 0 0 1,198
Lagged correlation 86 3 20 0 83 64 0 14 15 0 0 0 0 0 0 14 0 0 597
Seasonality 72 16 18 0 0 0 0 0 2 0 0 0 0 84 78 28 0 1 599
Structural break 80 9 2 0 76 88 0 16 9 0 0 0 0 0 0 20 0 0 600
Stationarity 94 10 7 0 78 81 0 1 3 0 7 6 0 4 2 6 0 0 600
Volatility 82 0 0 0 0 0 2 100 100 0 0 0 0 0 0 16 0 0 600

Table 9: Distribution of core problem-solving strategies per problem domain, split by agent setup (dir. = Mdirect,
code = Mcode, hyb. = Mhybrid). Each cell shows the percentage of answers within the given domain and setup,
rounded to the nearest integer; within each setup, the dominant strategy is shown in bold. n = total number of
judge-annotated answers in that domain across all models and setups.

Model Setup Data Mean Median Max Cut off (%)

gpt-oss-120b Mdirect TSE 13,340 9,933 30,040 26.8
gpt-oss-120b Mcode TSE 4,036 2,668 30,997 4.2
gpt-oss-120b Mhybrid TSE 4,693 2,459 46,622 8.2
gpt-oss-120b Mdirect TSFU 7,900 3,825 30,172 5.8
gpt-oss-120b Mcode TSFU 4,335 2,737 48,540 <0.1
gpt-oss-120b Mhybrid TSFU 3,719 2,178 43,251 0.1

qwen3-next Mdirect TSE 15,983 10,068 275,925 3.4
qwen3-next Mcode TSE 14,115 7,820 123,674 1.2
qwen3-next Mhybrid TSE 16,730 11,219 337,976 2.5

Table 10: Per-question output token statistics by model, setup, and dataset. Mean and median reflect the typical
generation budget per question; the maximum captures the longest single conversation. “Cut off” is the percentage
of questions whose answer was explicitly marked as truncated in the logged outputs. For Mcode and Mhybrid, token
counts accumulate across all turns of the multi-turn conversation (code generation, execution feedback, and the final
answer).
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