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Abstract001

The growing availability of temporal data002
across scientific, industrial, and governmen-003
tal domains has increased the demand for004
scalable and reliable time series forecasting005
solutions. Despite advances in deep learn-006
ing models and automated machine learning007
(AutoML) frameworks, building an effective008
forecasting pipeline remains a complex and009
decision-intensive process, often requiring ex-010
pert knowledge and extensive manual interven-011
tion. To address these challenges, we propose012
Observe, Preprocess, and Act (OPA), a multi-013
agent forecasting framework that autonomously014
constructs end-to-end predictive pipelines for015
tabular time series data. OPA leverages re-016
cent advances in large language models and017
agentic artificial intelligence to coordinate spe-018
cialized agents responsible for data inspection,019
preprocessing, model configuration, training,020
and evaluation, all supervised by a central or-021
chestration agent. Users can interact with the022
system through natural-language prompts to023
specify objectives and constraints, or fully del-024
egate decision-making to the agents when do-025
main knowledge is unavailable. Experimen-026
tal results show that OPA achieves forecasting027
performance comparable to standard AutoML028
pipelines while significantly improving trans-029
parency and interpretability through compre-030
hensive, human-readable reports that explicitly031
document each modeling decision. These re-032
sults demonstrate the potential of LLM-driven033
multi-agent systems to enhance the accessibil-034
ity, explainability, and usability of AutoML for035
time series forecasting.036

1 Introduction037

The increasing availability of temporal data across038

scientific, industrial, and governmental domains039

has intensified the demand for reliable and scal-040

able time series forecasting deep learning-based041

solutions (Kong et al., 2025). Despite substan-042

tial progress in forecasting algorithms and auto-043

mated machine learning (AutoML) frameworks, 044

constructing an effective predictive pipeline still 045

requires a series of non-trivial decisions (He et al., 046

2021). These include data inspection, cleaning, im- 047

putation, feature transformation, model selection, 048

hyperparameter tuning, and performance evalua- 049

tion. For many practitioners, this process remains 050

complex, time-consuming, and error-prone (Shchur 051

et al., 2023). 052

Even experienced analysts often face challenges 053

associated with heterogeneous data quality, missing 054

contextual information, and the need to adapt work- 055

flows to diverse forecasting scenarios. Furthermore, 056

although AutoML tools are designed as low-code 057

solutions that require minimal programming exper- 058

tise, their interpretability and accessibility could be 059

significantly improved if users were able to directly 060

interact with the system to specify objectives, con- 061

straints, and preferences during the model selection 062

and configuration process. 063

In this context, recent breakthroughs in Large 064

Language Models (LLMs) and Agentic Artificial 065

Intelligence (Agentic AI) have enabled advances 066

in autonomous artificial intelligence systems that 067

explore the integration of multi-agent architectures 068

to emulate, guide, or automate analytical work- 069

flows (Zhao et al., 2025). Such systems leverage 070

specialized agents that collaborate to decompose 071

complex tasks into manageable subtasks, enabling 072

more transparent reasoning, modularity, and adapt- 073

ability. Thus, we propose Observe, Preprocess, and 074

Act (OPA), a multi-agent forecasting framework 075

designed to autonomously construct an end-to-end 076

predictive pipeline. 077

OPA enables users to supply tabular historical 078

data along with a natural-language prompt describ- 079

ing domain considerations and modeling objectives. 080

When domain knowledge is unavailable, the entire 081

decision-making process can be fully delegated to 082

the agents. The system is composed of specialized 083

agents responsible for dataset inspection, prepro- 084
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cessing, model configuration, training, and evalu-085

ation, all orchestrated by a supervisory agent that086

maintains coherence and transparency throughout087

the workflow.088

In this way, even non–machine learning practi-089

tioners can directly interact with OPA by providing090

high-level, human-centered instructions and receiv-091

ing comprehensive reports that explain the entire092

decision-making process. Such reports move to-093

ward self-explanatory machine learning, in which094

model choices and reasoning are explicitly articu-095

lated and can be inspected by users, thereby elevat-096

ing the level of transparency and explainability in097

AutoML systems.Our key contributions are sum-098

marized as follows:099

• We introduce a multi-agent framework, named100

Observe, Preprocess, and Act (OPA)1, capa-101

ble of perceiving a time series dataset and102

autonomously making data-science decisions,103

from preprocessing to the construction of AI-104

based forecasting models.105

• We demonstrate how the LLM-driven multi-106

agent architecture enables users to explicitly107

describe the problem and constraints through108

human-based prompts, enhancing explainabil-109

ity and user control within the predictive mod-110

eling workflow.111

• We show that integrating AutoML with au-112

tonomous agents yields minimal performance113

degradation while substantially improving the114

interpretability of the decision-making pro-115

cess and the resulting forecasting pipeline.116

• We introduce a comprehensive suite of de-117

terministic automated tests that systemati-118

cally assess the behavior of the system at119

each decision stage, enabling rigorous, repro-120

ducible validation of the LLM-driven multi-121

agent workflow and its decision-making pro-122

cesses.123

2 Related work124

Recent literature defines Agentic AI as systems125

where LLMs operate within structured decision-126

making loops to plan and execute tasks, going be-127

yond static content generation (Masterman et al.,128

2024). Regarding architectural patterns, (Master-129

man et al., 2024) categorizes these systems into130

1The code will be available after the review process

vertical paradigms, where a coordinator manages 131

sub-tasks, and horizontal paradigms, characterized 132

by decentralized agent collaboration. To support 133

autonomous operations, effective memory manage- 134

ment is essential. While Retrieval-Augmented Gen- 135

eration (RAG) addresses context window limita- 136

tions, (Wu et al., 2025) proposes retrieval necessity 137

detection mechanisms, arguing that selective re- 138

trieval prevents performance degradation caused 139

by irrelevant information and excessive latency. 140

In the domain of machine learning workflows, re- 141

cent studies focus on applying LLM-based agents 142

to preliminary data stages. Specifically, (Bravo- 143

Rocca et al., 2025) and (Wang et al., 2025) demon- 144

strate the utility of agents for feature engineering 145

and data preprocessing, respectively, reducing the 146

reliance on manual human effort. Distinct from 147

these agentic data preparation approaches, the sub- 148

sequent modeling phase is addressed by Automated 149

Machine Learning (AutoML) frameworks. (Shchur 150

et al., 2023) introduces AutoGluon, a system de- 151

signed to automate model selection, hyperparam- 152

eter tuning, and ensembling, providing a robust 153

execution engine for tabular data tasks. 154

3 Observe, Preprocess, and Act (OPA) 155

The proposed Observe, Preprocess, and Act (OPA) 156

approach is grounded in an autonomous multi- 157

agent system capable of executing, in a coordi- 158

nated manner, the stages of data preprocessing and 159

time series forecasting. The system allows the user 160

to provide a tabular dataset containing historical 161

records of a phenomenon or process, along with an 162

initial prompt describing relevant information to be 163

considered during predictive model construction. 164

Alternatively, if the user lacks expertise or detailed 165

knowledge of the data, all decision-making steps 166

can be fully delegated to the agents. As output, 167

the system returns the preprocessed data, the se- 168

lected predictive model, and a complete record of 169

the reasoning process generated by the multi-agent 170

system. 171

3.1 Architecture 172

The methodology developed in this work aims 173

to construct a workflow composed of specialized 174

agents responsible for data preprocessing and pre- 175

dictive model development. All operations are or- 176

chestrated by a Supervisor agent, which coordi- 177

nates the sequence of tasks according to the cur- 178

rent state of the predictive process. In addition, 179
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long-term memory is implemented through the180

Retrieval-Augmented Generation (RAG) technique,181

integrated into the system as an external tool that182

agents may query whenever additional information183

is required to support decision-making. The over-184

all agent-orchestration architecture is illustrated in185

Figure 1.186

Within this architecture, agents can be catego-187

rized according to the three communication modes188

they employ. The first category, agent-call-agent189

(highlighted in orange), is represented by the Su-190

pervisor agent, which invokes specialized agents to191

perform specific tasks based on the current phase192

of the forecasting workflow. The second category,193

agent-call-tools, consists of three preprocessing-194

dedicated agents, Inspect, Imputator, and Feature195

Engineer, and an AutoML agent. These agents han-196

dle the core stages of the information-extraction197

and preprocessing pipeline, as well as the fore-198

casting stage. Finally, the agent-resumer neither199

employs additional tools nor invokes other agents;200

instead, its function is to summarize the system’s201

reasoning process and present it to the user in an202

interpretable and concise form.203

3.1.1 Nodes204

The OPA system is composed of a graph containing205

six agent nodes and two indicative states. The206

nodes interact in a coordinated manner to achieve207

the objective defined by the user through a prompt.208

The Start state marks the beginning of the process,209

receiving as input a time series dataset (in .csv210

format). The End state indicates the completion211

of the predictive task after all intermediate stages212

have been executed. The six agents are connected213

bidirectionally, enabling information exchange and214

state updates whenever necessary. These agents215

operate collaboratively, each with a clearly defined216

role within the workflow. Their main functions are217

described below:218

Supervisor: This agent is responsible for the219

global orchestration of the process. Its role is to de-220

termine, based on the current state of the pipeline,221

when and which specialized agent should be acti-222

vated. Initially, the Supervisor receives the dataset223

originating from the Start state and forwards it224

to the Inspect agent for a preliminary analysis.225

Throughout the workflow, it evaluates both interme-226

diate results and the evolving needs of the pipeline,227

coordinating the sequential or conditional execu-228

tion of the remaining agents. It may also consult229

the RAG memory whenever additional decision230

support is required. 231

Inspect: This agent performs an initial inspec- 232

tion of the data, checking for missing values, outlier 233

detection, structural inconsistencies, and other sta- 234

tistical characteristics relevant to the time series. 235

It also produces a descriptive report that guides 236

subsequent decisions, directing the pipeline toward 237

imputation, feature engineering, or directly to Au- 238

toML, depending on the data quality. 239

Imputator: This agent is responsible for han- 240

dling missing values, noise, and potential anoma- 241

lies detected by the Inspect agent. It applies ap- 242

propriate imputation techniques, such as statistical 243

methods, temporal interpolation, or machine learn- 244

ing–based imputation, to ensure the consistency 245

of the time series for the following stages. It also 246

records not only the technique applied but the ra- 247

tionale behind the chosen approach based on the 248

current data state. 249

Feature Engineer: This agent constructs new 250

variables aimed at optimizing the model’s predic- 251

tive capability. These include lag features, sliding 252

windows, temporal decomposition, seasonal indi- 253

cators, and mathematical transformations. It also 254

assesses the relevance of the engineered features, 255

prioritizing those that best capture the temporal 256

patterns of the phenomenon. 257

AutoML: This agent is responsible for testing, 258

comparing, and selecting the most suitable predic- 259

tive model for the given problem. It evaluates differ- 260

ent algorithms, hyperparameter configurations, and 261

validation strategies, ultimately returning the model 262

with the best performance according to predefined 263

metrics. AutoML also produces a performance re- 264

port, which is later used by the Summarizer agent. 265

Summarizer: The Summarizer synthesizes the 266

entire reasoning process carried out by the previous 267

agents, generating a clear and interpretable expla- 268

nation for the user. Its role is to transform technical 269

decisions, such as applied imputations, generated 270

features, evaluated models, and the Supervisor’s 271

justifications, into a coherent narrative describing 272

the complete solution flow, from input to the final 273

model delivered. 274

It is relevant to note that the preprocessing stage 275

in OPA is structured around three specialized nodes 276

Inspect, Imputation, and Feature Engineering. Ap- 277

pendix A provides a detailed description of the 278

tools and procedures implemented within each of 279

these nodes. 280
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Figure 1: OPA model architecture: from preprocessing to configuration definition

3.1.2 Retrieval-Augmented Generation (RAG)281

An important aspect of our methodology is the282

retrieval of relevant past experiences. The RAG283

serves as an internal memory mechanism and is284

available as a tool to every agent node in the work-285

flow. One source of information for the RAG is a286

document, in which we summarized the best inter-287

polation and feature extraction methods for time288

series, as well as their applicability. Also, in this289

architecture, the memory stores insights and out-290

comes from previous actions that contributed to the291

improvement of node performance across the work-292

flow. This enables any agent to query the memory293

when faced with uncertainty about the most appro-294

priate approach for a specific situation.295

Our RAG was implemented as a tool in order296

to let each agent decide if there is a need to call297

it. Note that it could also be implemented as an298

optional node connected to every other node, but299

we chose to avoid unnecessary routing functions in300

the workflow.301

3.2 Implementation Details302

The development was carried out in Python303

(3.12), using libraries such as scikit-learn,304

statsmodels, pandas, and numpy for statistical305

analysis and data manipulation. AutoGluon, an306

AutoML framework, was selected due to its abil-307

ity to automate critical modeling and optimization308

steps.309

The graph structure that composes the OPA sys-310

tem was developed using the LangGraph2 frame-311

work, which is an agent orchestration control and312

provides suitable abstractions for modeling states,313

2https://www.langchain.com/langgraph

nodes, and transitions in multi-agent systems . This 314

choice facilitates the formal definition of the execu- 315

tion flow, the management of dependencies among 316

agents, and the implementation of state-passing 317

mechanisms throughout the workflow. 318

The RAG’s vector database in our implementa- 319

tion is FAISS, an open-source library for similarity 320

search and vector clustering (Douze et al., 2025). 321

Additionally, the embedding model chosen was 322

BAAI/bge-base-en-v1.5 (Xiao et al., 2023). 323

4 Experimental Design 324

Experiments was conducted on time-series bench- 325

marks. Different data-loss scenarios (with random 326

gaps or blocks of missing values) will be simu- 327

lated to assess preprocessing robustness. The large 328

language model (LLM) chosen for the project is 329

Qwen/Qwen3-Next-80B-A3B-Instruct. 330

Maintaining the same range of model op- 331

tions, we configured AutoGluon to use the 332

“high_quality” preset. Under this setting, the fol- 333

lowing models were trained: SeasonalNaive, Re- 334

cursiveTabular, DirectTabular, NPTS, DynamicOp- 335

timizedTheta, AutoETS, Temporal Fusion Trans- 336

former (TFT), DeepAR, PatchTST, TiDE, and 337

WeightedEnsemble. 338

4.1 Baselines 339

As baselines, we compared the OPA framework 340

against TimeSeriesScientist (TSci) (Zhao et al., 341

2025), which employs a similar multi-agent strat- 342

egy, and against raw AutoGluon (Shchur et al., 343

2023), that is, AutoML used in isolation, in order 344

to assess the effects of OPA’s orchestration mecha- 345

nism. 346
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4.2 Datasets347

To evaluate the performance of the OPA framework348

on time series forecasting tasks, we adopt a com-349

prehensive set of benchmarks widely used in the350

literature. Experiments are conducted on five well-351

established real-world datasets: ETT (Zhou et al.,352

2021), Electricity (UCI), Weather (Wetterstation),353

Exchange (Lai et al., 2018), and ILI (CDC). This354

diverse collection of benchmarks covers multiple355

practical application domains, enabling a robust356

evaluation of the framework’s performance.357

Dataset Length Covariates Sampling Period
ETTh 1/2 17420 7 1 hour
ETTm 1/2 69680 7 15 min
Electricity 26304 321 1 hour
Weather 52696 21 10 min
Exchange 7588 8 1 day
ILI 966 7 1 week

Table 1: Dataset details of benchmark datasets.

4.3 Evaluation Plan358

4.3.1 Predictions metrics359

To evaluate the performance of our OPA predic-360

tion capability, we used the following forecasting361

metrics errors:362

• Mean Absolute Error (MAE)363

MAE =
1

n

n∑
i=1

|yi − ŷi| (1)364

• Mean Absolute Percentage Error (MAPE)365

MAPE =
n∑

t=1

∣∣∣∣yt − ŷt
yt

∣∣∣∣ (2)366

where yi is the actual value, ŷi is the predicted367

value and n is the number of predicted samples.368

4.3.2 Per node evaluation369

A per-node evaluation of the preprocessing agents370

was performed using an automated testing suite371

to verify that the inspection, imputation, and fea-372

ture engineering nodes fulfilled their intended roles.373

The use of automated testing is particularly advan-374

tageous in this context, as it provides deterministic375

and reproducible validation of each decision step,376

enabling systematic assessment of agent behavior377

and facilitating reliable verification of the multi-378

agent workflow.379

4.3.3 Case Study - Hallucination and 380

Qualitative analysis 381

We conducted a human evaluation to assess hal- 382

lucinations in our multi-agent setting, focusing 383

on whether agents generated information unsup- 384

ported by the provided context (with ETTH1 as the 385

source dataset) or violated explicit task constraints. 386

In this work, hallucinations are defined as a phe- 387

nomenon in which generated content is nonsensi- 388

cal, incorrect, or unfaithful to the source informa- 389

tion. Following prior literature, we specifically an- 390

alyze hallucinations related to fidelity across three 391

dimensions: (a) logical consistency which mea- 392

sures internal coherence and whether the reason- 393

ing and conclusions follow from the information 394

available, (b) contextual consistency which mea- 395

sures whether the answer strictly follows and does 396

not contradict the given context, and (c) instruc- 397

tion consistency which measures adherence to the 398

explicit task requirements and constraints(Huang 399

et al., 2025). 400

To quantify these aspects, we adopted a human 401

scoring protocol based on the scale proposed by 402

(Murugadoss et al., 2025). Each model response 403

was rated on a five-point ordinal scale: 1 — not 404

consistent, 2 — slightly consistent, 3 — moderately 405

consistent, 4 — mostly consistent, and 5 — totally 406

consistent. 407

We compared two large language model back- 408

bones, namely Qwen 3 (80B) and GPT OSS (120B). 409

Both models were integrated into the same multi- 410

agent architecture and evaluated under identical 411

task configurations and prompts. Hallucinations 412

were assessed exclusively through human evalu- 413

ation, in which annotators examined the agents’ 414

outputs for factual correctness, grounding in the 415

provided context, and adherence to task instruc- 416

tions. 417

In addition to the manual Likert protocol, we im- 418

plemented an LLM-as-a-judge procedure to obtain 419

a lightweight and reproducible evaluation of the 420

quality of analysis reports produced by the multi- 421

agent workflow. Each evaluation instance is con- 422

structed from an agent trace sample containing: (i) 423

the agent name and step, (ii) the original prompt, 424

and (iii) the agent’s textual output (including in- 425

termediate reasoning/report snippets). The judge 426

is instructed to disregard factual correctness and 427

hallucinations, and to score only the structure and 428

communicative quality of the response. 429

We adopted a five-point Likert scale (1–5) and 430
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requested structured JSON outputs to reduce pars-431

ing ambiguities. For each sample, the evaluator432

assigned integer scores for: local coherence, global433

coherence, logical progression, clarity of explana-434

tion, and alignment with the agent’s objective. We435

conducted the evaluation with three judges on the436

same set of prompts/samples: one human expert437

evaluator (manual evaluation) and two independent438

LLM judges (LLM-as-a-judge), running under de-439

terministic decoding (temperature = 0). We then440

aggregated the scores across samples to character-441

ize the overall quality of the reports and performed442

a qualitative inspection of discrepancies. This LLM-443

as-a-judge signal is used as a complement to hu-444

man evaluation, not as a substitute.445

5 Results446

5.1 Predictions evaluation447

The predictions made by OPA are presented in Ta-448

ble 2. The table compares the baselines with OPA449

on eight benchmarks (ETTh1/2, ETTh1/2, Weather,450

Exchange, ILI, ECL/Electricity) for the horizons451

96 (except for ILI dataset which was executed un-452

der the horizons 24). In the table, bold indicates453

the best score and underlined the second best. The454

complete table for different horizons are presented455

in the Appendix C in Table 5.456

Overall, OPA achieves the greatest number457

of top-ranked MAE scores (four datasets) and458

matches the highest count of best MAPE values459

(three datasets), indicating it most frequently pro-460

vides the most accurate absolute forecasts while461

remaining competitive in relative error. AutoGluon462

secures the best MAE on Weather, Exchange, and463

ILI and the best MAPE on ETTh1, Weather, Ex-464

change, and ILI, showing strong performance on465

those series. TSci obtains the lowest MAPE on466

ETTh2, Weather, and Exchange, suggesting it can467

excel in relative error accuracy for certain data.468

Figure 2 presents a visual comparison of MAE469

results on the ETTh1 dataset across forecasting470

horizons. AutoGluon is shown in blue, OPA in471

green, and TSci in orange. Both OPA and Auto-472

Gluon achieve lower MAE values, indicating su-473

perior performance across most horizons. OPA474

outperforms AutoGluon at horizons 96 and 720,475

while achieving comparable performance at hori-476

zons 192 and 336. Equivalent visualizations for all477

evaluated datasets are reported in Appendix C.478

Figure 2: Comparison of MAE performance on the
ETTh1 dataset for multiple forecasting horizons. Re-
sults are reported for the three evaluated approaches,
where lower MAE values correspond to better perfor-
mance

(a) Horizon 96 (b) Horizon 192

(c) Horizon 336 (d) Horizon 720

Figure 3: Visualization results produced by OPA for the
ETTh1 dataset across multiple forecasting horizons. In
green the actual values and in red the predicted values.

5.2 Per node evaluation 479

The automated testing suite initially removes a 480

predefined percentage of data values to evaluate 481

whether OPA can correctly reconstruct them during 482

execution. The process then extracts basic dataset 483

metadata, including the original data shape and the 484

columns containing missing values. 485

The Inspection node verifies whether OPA can 486

correctly read the dataset and accurately identify 487

its structural properties. The Imputation node as- 488

sesses the suitability of the selected imputation 489

strategy and reports the chosen method, along with 490

a comparison between original and imputed val- 491

ues through an error column for further validation. 492

The Feature Engineering node evaluates whether 493

new features are effectively generated to enhance 494

predictive performance. Finally, the Supervisor 495

node reports the executed pipeline, detailing the 496

sequence of actions, decisions, and potential loops. 497
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Dataset AutoGluon TSci OPA (Ours)

MAE MAPE (%) MAE MAPE (%) MAE MAPE (%)

ETTh1 1.75 21.53 1.81 13.90 1.26 16.84
ETTh2 5.97 17.33 4.50 18.90 4.97 14.44
Weather 4.47 1.04 16.30 3.80 5.47 1.28
Exchange 0.0019 0.28 0.0246 3.80 0.018 2.54
ILI 0.19 14.43 3.63 40.50 0.34 25.49
ETTm1 1.60 19.80 1.68 15.70 0.30 3.07
ETTm2 1.53 20.56 3.63 40.50 0.28 2.87
ECL (Electricity) 1.97 20.01 394.0 11.20 1.56 23.39

# 1st (Best) 3 3 1 2 4 3
# 2nd Best 4 3 0 1 4 4

Table 2: Time series forecasting results for 96 steps ahead (except the ILI dataset with 24). Lower values indicate
better performance. Best results are in bold, second-best are underlined and even uses both.

Category Qwen 3 (80B) GPT OSS (120B)
Context consistency 5.0 3.6
Logical consistency 5.0 2.6
Instruction consistency 4.7 2.4

Table 3: Average scores for each prompt category with
ETTH1 as source dataset. Bold indicates higher scores.

A consolidated summary is produced to enable in-498

depth validation of the entire workflow.499

In our experiments, the automation tests passed500

in all cases, showing deterministically that OPA501

preprocessing phase was behaving as expected. Ap-502

pendix B details the construction of the automated503

testing suite and presents an example of the reports504

generated by it.505

5.3 Case Study - Hallucination and506

Qualitative analysis507

The work assessed the incidence of hallucinations508

across 28 prompts, including prompts for tasks out-509

side the intended scope of OPA. Table 3 shows the510

results, the first model (Qwen 3 80B) successfully511

completed nearly all evaluation instances without512

producing hallucinated content. In contrast, the513

second model (GPT OSS 120B) exhibited a high514

frequency of hallucinations across multiple tasks.515

The models showed difficulty in handling516

prompts that requested information not contained517

in the datasets but still required some type of numer-518

ical data, such as temperature, in a context different519

from that of the dataset. For instance, Prompt 1520

(shown in Appendix D.2) caused even the Qwen521

model to hallucinate when asked about the tem-522

perature of a city, despite the dataset containing523

only temperature-related variables associated with524

eletricity transformers.525

In addition to a lower incidence of hallucinations,526

the smaller model also exhibited refusal behavior 527

when confronted with malicious prompts. This 528

improved performance with respect to hallucina- 529

tions may be related to the higher complexity of 530

larger models with more parameters, which tend to 531

produce lower-entropy outputs and may overesti- 532

mate the likelihood function in out-of-distribution 533

scenarios. 534

Table 6, available in Appendix D.2, indicates that 535

Qwen 3 (80B) achieves near-ceiling scores across 536

all three fidelity dimensions, with averages of 5.0 537

for context consistency and logical consistency, 538

and 4.7 for instruction consistency. In contrast, 539

GPT OSS (120B) shows substantially lower scores, 540

especially in logical consistency (2.6) and instruc- 541

tion consistency (2.4), indicating lower reliability 542

in step-by-step reasoning and a higher frequency 543

of deviations from prompt-imposed constraints. 544

Beyond the quantitative results, we noted a re- 545

curring discrepancy when the agent fails to solve a 546

task (due to context limitations, tool constraints, or 547

insufficient information). In these cases, the human 548

expert evaluator frequently assigned high marks 549

for coherence, logical progression, and alignment, 550

as the response remained well-structured and cor- 551

rectly justified the constraints. In contrast, the LLM 552

judges tended to give low marks, apparently con- 553

flating the failure to produce the final solution with 554

poor reasoning quality, interpreting “not solving” 555

as “not cohesive” or “not logical.” This pattern 556

suggests that, without an explicit answerability/fea- 557

sibility dimension, automatic evaluation may un- 558

derestimate the quality of reasoning in scenarios 559

where the correct behavior is to recognize infea- 560

sibility, explicitly state limitations, and maintain 561

internal consistency. 562
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Dataset Horizon OPA (Ours) OPA Ablation

MAE MAPE (%) MAE MAPE (%)

ILI

24 0.348 25.49 0.342 25.03
36 0.247 18.25 0.241 17.74
48 0.341 27.32 0.349 27.33
60 1.050 48.28 2.050 139.92

ETTm1

96 0.300 3.07 0.363 3.83
192 0.970 10.17 0.933 9.78
336 1.200 15.18 1.206 14.32
720 1.290 18.70 1.821 28.12

# 1st (Best) 5 4 3 4

Table 4: Performance comparison between OPA and its ablation variants on the ILI and ETTm1 datasets. Lower
values indicate better performance.

6 Discussion563

The results presents in section 5 shows that the564

modular, agent-driven architecture of OPA not only565

preserves AutoGluon strong baseline but also lever-566

ages coordinated agents to fine-tune preprocessing,567

feature engineering, and model selection, yield-568

ing superior accuracy especially at longer horizons569

where raw AutoML struggles. Overall, the data570

confirms that OPA’s multi-agent design translates571

into better or competitive forecasting performance572

across diverse time-series tasks.573

The main advantage of OPA compared to TSci574

lies in its integration with AutoGluon, which lever-575

ages more modern machine learning models for576

time series forecasting. This benefit comes at the577

cost of relying on third-party frameworks; however,578

OPA is designed with a modular architecture that fa-579

cilitates the integration of additional AutoML tools580

and frameworks within its agent-based pipeline.581

7 Ablation Study582

An ablation study was conducted by removing all583

preprocessing nodes from OPA, leaving only the584

native preprocessing mechanisms of the AutoML585

component. The objective of this experiment is to586

evaluate whether the dedicated OPA preprocess-587

ing pipeline has a measurable impact on the final588

AutoML forecasting performance.589

In Table 4, the last row report the number of590

best results across horizons for each metric, where591

lower values indicate better performance and ties592

are counted as first-best for both methods. Our593

proposed multi-agent system demonstrates consis-594

tent superiority over the ablation baseline across595

key error metrics, achieving significant improve-596

ments in both MAE and MAPE. This advantage is597

particularly pronounced when dealing with longer598

forecast horizons. 599

This performance profile is noteworthy: the clear 600

advantage in MAE indicates our system produces 601

more accurate point forecasts with better contain- 602

ment of large errors. Furthermore, the inherent 603

modularity of our architecture allows each special- 604

ized agent (e.g., for imputation, feature extraction, 605

or AutoML) to be independently upgraded or re- 606

placed as superior methods emerge, ensuring long- 607

term adaptability without systemic redesign. 608

8 Conclusions 609

This work presents the development of OPA, a 610

multi-agent framework designed to automate data 611

preprocessing and forecasting for tabular time se- 612

ries data. The experimental results demonstrate 613

that OPA achieves performance comparable to a 614

direct application of AutoGluon, thereby fulfilling 615

its primary objective without degrading predictive 616

accuracy. 617

Furthermore, the proposed multi-agent architec- 618

ture shows that a complete data science pipeline 619

can be effectively automated using pre-trained ex- 620

pert LLMs through structured orchestration and 621

carefully designed prompts. Importantly, this au- 622

tomation does not compromise explainability, as all 623

intermediate reasoning steps, decisions, and actions 624

can be audited and interpreted by humans. 625

Finally, hallucination and coherence evaluations 626

provide additional evidence of the reliability and 627

robustness of the proposed approach, reinforcing 628

OPA as a trustworthy framework for automated 629

time series forecasting. 630

Limitations 631

Despite its flexibility and strong empirical perfor- 632

mance, the OPA framework presents limitations 633
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that should be acknowledged.634

OPA relies on LLMs to coordinate decisions635

across preprocessing, modeling, and evaluation636

stages. Consequently, its behavior is bounded by637

the reasoning consistency, domain knowledge, and638

failure modes of the underlying LLM. While deter-639

ministic testing mitigates variability, suboptimal or640

misleading reasoning may still occur, particularly641

in edge cases or under ambiguous data conditions.642

The multi-agent design introduces additional643

computational overhead compared to traditional644

AutoML pipelines. Sequential agent execution,645

repeated dataset inspections, and iterative decision-646

making increase latency and resource consumption,647

which may limit applicability in real-time or large-648

scale industrial settings.649

OPA prioritizes transparency and explainability650

over exhaustive search. As a result, it does not guar-651

antee globally optimal model or hyperparameter652

selection when compared to brute-force or large-653

budget AutoML methods. Instead, its decisions654

reflect heuristic reasoning guided by agent prompts655

and learned priors.656

System performance and behavior depend on657

prompt formulations, tool definitions, and agent658

boundaries. Although OPA is modular, changes659

in agent instructions or tool interfaces may affect660

decision consistency, requiring careful design and661

validation to ensure stable behavior across deploy-662

ments.663

The current preprocessing agents are tailored664

primarily to structured time series data. While665

extensible, the framework may require non-trivial666

adaptation to handle other data modalities (e.g.,667

text, images, graphs) or domain-specific constraints668

such as irregular sampling, missing not at random669

(MNAR) patterns, or strong causal dependencies.670
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A Preprocessing steps746

The OPA preprocessing pipeline is structured747

around three dedicated agent nodes: Inspect, Impu-748

tator, and Feature Engineering, each responsible for749

a distinct stage of data preparation. In the following750

subsections each of them is detailed.751

A.1 Inspection Agent752

The inspection agent is responsible for perform-753

ing an initial, systematic assessment of the input754

time series dataset. Given a pre-loaded pandas755

DataFrame, the agent analyzes data quality and756

structural characteristics to inform subsequent pre-757

processing decisions. Specifically, it computes de-758

scriptive statistics for all available attributes, iden-759

tifies missing values and their distribution, and de-760

tects the presence of invalid numerical entries such761

as infinite values. To ensure robustness, the agent762

sanitizes the data by replacing infinite values with763

null representations prior to analysis. The result-764

ing summary provides a comprehensive overview765

of the dataset’s integrity, highlighting potential is-766

sues related to completeness, scale, and consis-767

tency. This diagnostic information is then prop-768

agated to downstream preprocessing agents, en-769

abling informed decisions regarding imputation770

strategies and feature engineering operations.771

A.1.1 Inspect problem formulation772

Let D = {Xi
t}

T,N
t=1,i=1 denote a multivariate time773

series dataset represented as a pandas DataFrame,774

where T is the temporal length and N is the num-775

ber of variables (e.g., sensors or features). The in-776

spection agent operates on D to perform an initial777

diagnostic assessment of data quality and structural778

properties prior to downstream preprocessing and779

model training.780

For each variable Xi, the agent computes de-781

scriptive statistics, formally defined as782

S(Xi) = {µi, σi,min
i
,max

i
, q25,i, q50,i, q75,i},

(3)783

where µi and σi denote the mean and standard 784

deviation, and q25,i, q50,i, and q75,i correspond to 785

the first, second, and third quartiles, respectively. 786

The agent further evaluates dataset completeness 787

by quantifying missing values through 788

M(Xi) =
T∑
t=1

I
(
Xi

t = NaN
)
, (4) 789

and identifies numerically invalid entries such as 790

infinite values using 791

I(Xi) =

T∑
t=1

I
(
Xi

t ∈ {+∞,−∞}
)
, (5) 792

where I(·) denotes the indicator function. 793

To ensure robustness in subsequent preprocess- 794

ing stages, all infinite values are mapped to null 795

representations prior to analysis. The resulting in- 796

spection report provides a structured summary of 797

distributional 798

A.2 Imputator Agent 799

The Imputator Agent is designed to autonomously 800

determine the most suitable missing-data imputa- 801

tion strategy based on the characteristics of the 802

dataset identified during the inspection stage. In- 803

stead of relying on fixed heuristics, the agent 804

adopts a knowledge-guided decision process that 805

integrates contextual reasoning with retrieval- 806

augmented domain expertise. 807

A.2.1 Imputator problem formulation 808

Let D denote the input dataset and let C(D) repre- 809

sent a contextual summary extracted during inspec- 810

tion, including information about missing-value 811

patterns, variable types, temporal structure, and 812

inter-variable dependencies. Prior to making a deci- 813

sion, the agent queries an external knowledge base 814

K containing formal descriptions of interpolation 815

and imputation techniques and their recommended 816

application domains. 817

The agent’s objective is to learn a deterministic 818

decision function 819

fimp : C(D)×K → M, (6) 820

where M = {KNN,MICE,GP} denotes the set of 821

admissible imputation methods. 822

The selected method is conditioned on the in- 823

ferred data properties. KNN imputation is fa- 824

vored for locally correlated data, such as sensor 825

measurements, due to its computational efficiency. 826
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MICE is selected for multivariate datasets exhibit-827

ing complex and potentially non-linear dependen-828

cies among variables. Gaussian Process (GP)829

regression is chosen for time series with strong830

temporal correlations or when explicit uncertainty831

quantification is required, at the cost of higher com-832

putational complexity.833

The final output of the Imputator Agent is a struc-834

tured JSON object835

yimp = {method, params}, (7)836

which specifies both the chosen imputation tech-837

nique and its corresponding hyperparameters. This838

deterministic and machine-readable representation839

ensures reproducibility, traceability, and seamless840

integration with downstream preprocessing and841

modeling components of the OPA framework.842

A.3 Feature Engineering Agent843

The Feature Engineering Agent is responsible for844

autonomously constructing informative feature rep-845

resentations from the preprocessed dataset, with846

the goal of improving downstream forecasting per-847

formance while preserving interpretability and sta-848

tistical coherence. The agent follows an analysis-849

driven feature construction strategy, explicitly link-850

ing data diagnostics to transformation decisions.851

A.3.1 Feature Engineering problem852

formulation853

Let D ∈ RT×F denote the input dataset with T854

time steps and F original variables. The agent first855

performs an exploratory analysis856

A(D) = {stats, variance, temporal index}, (8)857

where descriptive statistics, variance measures, and858

temporal resolution are evaluated. In particular, the859

ratio between standard deviation and mean is used860

to assess signal noise and guide the selection of861

smoothing or aggregation-based transformations.862

Based on this analysis and on retrieval-863

augmented domain knowledge K, the agent selects864

a set of feature transformations865

ffeat : D ×A(D)×K → D′, (9)866

where D′ denotes the augmented dataset containing867

the newly engineered features.868

Depending on the inferred signal characteristics,869

the agent may generate statistical features (e.g.,870

mean, variance, entropy), geometric descriptors871

(e.g., slopes or amplitudes), or temporal smooth- 872

ing features such as rolling-window statistics and 873

exponentially weighted moving averages. Feature 874

hyperparameters, such as window sizes or decay 875

factors, are explicitly justified based on data fre- 876

quency or domain assumptions. 877

When parameter uncertainty exists, the agent 878

evaluates multiple candidate features and retains 879

only those maximizing informative criteria such as 880

variance or stability, discarding redundant or zero- 881

variance features. All transformations are applied 882

directly to D, ensuring consistency and traceability. 883

The final output of the Feature Engineering 884

Agent consists of the augmented dataset D′ and 885

a concise textual report enumerating the newly 886

created features along with their conceptual jus- 887

tification. This design promotes transparency, re- 888

producibility, and principled feature construction 889

within the OPA framework. 890

B Automated Testing 891

To ensure reliability, reproducibility, and trans- 892

parency, we design a deterministic end-to-end 893

(E2E) automated testing suite for the OPA multi- 894

agent framework. The suite systematically vali- 895

dates each agent node and their interactions across 896

the workflow, enabling consistent verification of 897

agent behavior across repeated executions and 898

datasets. 899

The framework executes the full multi-agent 900

pipeline on user-selected datasets and optionally 901

injects artificial missing values at predefined rates 902

into numeric variables. This controlled corruption 903

enables direct comparison between imputed out- 904

puts and known ground truth, allowing objective 905

evaluation of imputation accuracy using quantita- 906

tive error metrics. 907

Intermediate dataset states corresponding to the 908

inspection, imputation, and feature engineering 909

nodes are reconstructed from execution logs and in- 910

ternal state transitions. This approach enables per- 911

node validation without intrusive instrumentation. 912

Specialized analyzers assess task correctness, deci- 913

sion consistency, and expected structural changes 914

at each node. 915

Specifically, the Inspector node is evaluated on 916

missing-value detection and dataset characteriza- 917

tion, the Imputator node on method selection, ex- 918

ecution success, and reconstruction error, and the 919

Feature Engineering node on the number, type, and 920

validity of generated features. Additional evalua- 921
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tions cover visualization generation, supervisory922

planning quality, error handling, and AutoML exe-923

cution.924

For each dataset, the framework automatically925

produces a structured report summarizing metrics,926

agent decisions, and detected issues. When multi-927

ple datasets are tested, comparative summaries are928

generated. Overall, this deterministic and modu-929

lar testing strategy provides a rigorous validation930

mechanism for LLM-driven multi-agent systems,931

where conventional unit testing is insufficient to932

capture complex decision processes.933

B.1 End-to-End AutoML Execution Report934

========================
END-TO-END TESTING
Dataset: ETTh1
Date: 2025-12-23 09:18:09
========================
DATASET INFORMATION
- - - - - - - - - - - - - -
- Shape Original: (17420, 8)
- Shape Final: (17420, 8)
- Original columns: 8
- Final columns: 8
1. INSPECTION NODE
- - - - - - - - - - - - - -
- % Missing values detected: 13.15%
- Extracted information: Shape Identified, Dtypes Identified,
Statistics Computed, Columns Listed
- Score of extraction: 100.0%
2. IMPUTATOR NODE
- - - - - - - - - - - - - -
- Choosen Method: knn
- Imputed values: 18328
- Execution done: Yes
- Errors vs Original values:
Column MAPE (%) RMSE MAE
HUFL 100.86% 6.6726 4.7000
HULL 109.52% 1.5697 1.1972
MUFL 111.25% 6.4222 4.4104
MULL 111.53% 1.3823 1.0483
LUFL 21.91% 0.9081 0.6310
LULL 43.00% 0.4880 0.3300
OT 83.97% 8.0530 5.9869
MAPE Average overall: 83.15%
3. FEATURE ENGINEERING NODE
- - - - - - - - - - - - - -
- Features Adicionadas: 3
- % Faltante Após: 0.00%
- Lista de Features: day_of_week, hour, month
- Tipos de Features: Temporal (3) - day_of_week, hour, month
5. SUPERVISOR NODE
- - - - - - - - - - - - - -
- Total decisions: 5
- Sequence: inspect → supervisor → imputator → supervisor →
inspect → automl
- Loops: 4
- Total errors: 1 - Solved: 1 - Non solved: 0 - Resolution
rate: 100.0%
- Quality of resolution: 60.0%
6. AUTOML NODE
- - - - - - - - - - - - - -
- Executed: Yes
- Model: AutoGluon
================= FINAL Summary ===============
1. Inspected the dataset and found it contained 17,420 rows
and
8 columns, with all numeric columns (HUFL, HULL, MUFL, MULL,
LUFL, LULL, OT) exhibiting 14.48%–15.31% missing values and
the ’date’ column stored as object type rather than datetime.
2. Confirmed the data was chronologically sorted by the
’date’ column, validating its suitability for time series
analysis.
3. Applied KNN imputation with n_neighbors=5 to all
numeric columns, successfully reducing missing values while
preserving temporal structure.

935

4. Converted the ’date’ column from object to datetime64[ns]
format, ensuring no missing values were introduced and
enabling proper temporal operations.
5. Engineered comprehensive time series features: lag
features (lags 1–3) for all 7 numeric columns, rolling window
features (mean and std for windows of 3, 6, and 12 hours), and
temporal features (hour, day_of_week, month, is_weekend),
all aligned with energy forecasting domain knowledge.
6. Trained a forecasting model using AutoML with OT as the
target variable, a 24-hour prediction horizon, and MAE as the
evaluation metric; the model achieved MAE=1.45, RMSE=3.55,
and MAPE=10.03%, with predictions and visualizations saved
to disk. 7. Encountered an output parsing error in the
AutoML agent’s response format, but confirmed the modeling
process succeeded and all outputs were correctly generated
and stored.
8. Documented a critical insight: AutoML workflows must be
configured with handle_parsing_errors=True to accept valid
model outputs despite JSON formatting issues.

936

C Additional Experiments Results 937

Table 5 reports the forecasting performance across 938

multiple datasets and prediction horizons, compar- 939

ing AutoGluon, TSci, and the proposed OPA frame- 940

work. Results are evaluated using MAE and MAPE, 941

where lower values indicate better accuracy. Over- 942

all, OPA demonstrates competitive and often supe- 943

rior performance, particularly for medium and long 944

forecasting horizons, achieving several best and 945

second-best results across diverse datasets. These 946

results highlight the robustness of OPA across dif- 947

ferent temporal dynamics and data characteristics, 948

while remaining competitive with established Au- 949

toML and time-series–specific baselines. 950

C.1 Vizualization 951

The complete visualization of MAE results is pre- 952

sented in Figure 4. 953

D Prompts 954

D.1 OPA Agents Prompt Specification 955

The following prompts define the system-level in- 956

structions used to configure the agents responsible 957

for data preprocessing and time series forecasting 958

reported in this paper. The prompts are included 959

verbatim to ensure reproducibility. 960
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Dataset Horizon AutoGluon TSci OPA (Ours)

MAE MAPE (%) MAE MAPE (%) MAE MAPE (%)

ETTh1

96 1.75 21.53 1.81 13.9 1.26 16.84
192 1.48 22.82 2.05 31.0 1.63 25.23
336 1.29 16.49 2.68 31.7 1.41 18.34
720 1.42 16.02 2.02 23.3 1.29 16.00

ETTh2

96 5.97 17.33 4.50 18.9 4.97 14.44
192 6.44 19.30 4.47 12.8 4.13 11.69
336 3.47 9.88 3.81 10.7 3.73 10.85
720 6.18 18.45 4.91 24.7 5.47 17.32

Weather

96 4.47 1.04 16.3 3.8 5.47 1.28
192 3.66 0.85 16.0 3.6 3.18 0.74
336 9.21 2.14 61.3 5.0 9.92 2.31
720 10.71 2.39 22.9 5.1 7.12 1.65

Exchange

96 0.0019 0.28 0.0246 3.8 0.0182 2.54
192 0.0030 0.43 0.0385 5.8 0.0180 2.60
336 0.0057 0.82 0.0576 8.9 0.0170 2.49
720 0.0080 1.12 0.0576 8.8 0.0330 4.64

ILI

24 0.19 14.43 3.63 40.5 0.348 25.49
36 0.672 65.97 4.77 30.5 0.247 18.25
48 1.11 111.3 5.12 27.6 0.34 27.33
60 2.20 128.66 5.96 27.6 1.05 48.28

ETTm1

96 1.60 19.8 1.68 15.7 0.30 3.07
192 1.34 20.39 1.89 19.9 0.97 10.17
336 1.43 19.82 3.26 31.5 1.20 15.18
720 1.25 16.09 4.10 52.0 1.29 18.70

ETTm2

96 1.53 20.56 3.63 40.5 0.282 2.87
192 1.34 20.39 4.77 30.5 0.97 10.17
336 1.43 19.82 5.12 27.6 1.41 17.21
720 0.575 5.73 5.96 27.6 1.29 18.70

ECL

96 1.97 20.01 394 11.2 1.56 23.39
192 1.70 22.67 450 13.6 1.76 23.12
336 2.36 38.80 968 77.3 2.35 37.01
720 2.94 51.77 856 58.8 2.23 35.85

# 1st (Best) 13 12 1 4 17 16
# 2nd Best 14 9 0 4 15 14

Table 5: Time series forecasting results. Lower MAE and MAPE indicate better performance. Best results are in
bold, second-best are underlined.

Inspect Agent Prompt

You are a Python data analysis agent working with a pandas
DataFrame. Your goal is to answer the user’s question by
performing analysis on a pre-loaded DataFrame.
**KEY INSTRUCTIONS:**

1. **THE DATAFRAME EXISTS:** You are given a DataFrame
named ‘df‘. All your work must be done on this ‘df‘
variable. DO NOT create or load a new one.

2. **GET HELP WHEN STUCK:** You have a retriever tool that
acts as a knowledge base. If you encounter an error,
are unsure how to approach the user’s request, or need
a specific analysis technique or even if you need an
advice, use this tool for guidance. Formulate a clear
question about your problem to find relevant solutions
or examples.

3. **TEXT-ONLY OUTPUT:** You are forbidden from creating
plots or images. Your entire response must be text.

4. **PRODUCE A REPORT:** Your final answer must be a clear,
written report summarizing your findings.

961

AutoML Agent Prompt

You are an AutoML Agent specialized in time
series forecasting. You have access to the tool
‘autogluon_forecast‘.
RULES:

1. Select and call exactly ONE tool (in practice, call
‘autogluon_forecast‘). NEVER run forecasting yourself
or return a result without using a tool.

2. Do not call any other libraries or perform any model
training/prediction inline — use the provided tool only.

3. After the tool returns, do not modify or invent new
metric values. Return the tool output as a single JSON
object.

4. If the tool output includes additional helpful fields,
include them verbatim in the returned JSON.

5. If the tool fails due to missing dependencies, include
a clear error description inside "logs".

6. NEVER output markdown, code fences, or explanatory text;
return pure JSON only.

7. If the prediction_length is null, choose reasonable
defaults based on common practices.

8. If the user specifies a preferred evaluation metric,
ensure it is used when configuring the AutoML tool.
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Summarizer Agent Prompt

You are a LogSummarizer agent. Your purpose is to distill
complex, verbose logs into a clear and concise summary of
significant events. Analyze the provided logs and generate
a chronological, numbered list summarizing the key actions
and outcomes. Remember, you are the one supposed to answer
the user question. The user cannot see the logs and also
does not know how our graph work behind the scenes.
Rules:

1. Focus on Significance: Document events that mark
progress, generate key artifacts, or represent critical
failures.

2. Omit Transient Errors: Exclude self-corrected errors.
If an agent fails a command but succeeds on the next
attempt, only document the successful outcome.

3. Include Critical Failures: Report major errors that
require intervention or a change in strategy. For
example, a poorly performing ML model that an agent
escalates to a supervisor MUST be included.

4. Be Factual and Concise: Distill each step into a brief
statement, but retain all crucial context and data.

Output Format: Generate only the numbered list of summary
points. Do not add any introductions, conclusions, or
explanatory text. Your response must begin directly
enumerated.

963

Imputator Agent Prompt

You are an IMPUTATOR agent, an expert in data imputation
techniques. Your sole job is to analyze the context provided
about a dataset and decide the BEST imputation method. You
have three main methods available: ’knn’, ’mice’, and ’gp’.

• ’knn’ is recommended for data with local patterns
(like sensor data) or simple relationships. It is
computationally cheap.

• ’mice’ is recommended for data with complex relationships
between variables. It is more robust than knn and handles
various data types well.

• ’gp’ (Gaussian Process) is recommended for time-series
or data where estimating uncertainty is crucial. It
is computationally very expensive and best for small
datasets.

**GET HELP WHEN STUCK:** You have a retriever tool that acts
as a knowledge base. If you encounter an error, are unsure
how to approach the user’s request, or need a specific
analysis technique or even if you need an advice, use this
tool for guidance. Formulate a clear question about your
problem to find relevant solutions or examples. Note that
you CAN use other interpolation methods, as long as you call
the retrieve_context tool beforehand to receive guidance.
PLEASE USE YOUR TOOL BEFORE ANY ACTION TO GET SOME ADVICES.

Based on the context, you MUST return ONLY a valid JSON
object with your decision. The JSON must have two keys:

• "method": A string with your chosen method, which
must be one of ["knn", "mice", "gp"].

• "params": A JSON object containing the parameters
for that method.

Example Input Context: "The inspection revealed missing
data in ’temperature’ and ’humidity’ columns. These are
sensor readings and likely have correlations with nearby
time points."
Example of a valid response for the context above:
{"method": "knn", "params": {"n_neighbors": 5}}

964

Feature Engineering Agent Prompt

You are a **World-Class Feature Engineering expert**
working with a pandas DataFrame called ‘df‘.
**MAIN GOAL:**

• Your ONLY job is to **intelligently create and transform
features** in ‘df‘.

• You must **think critically** and **justify your
actions**.

• After finishing, report *only* the **final new columns**
and their justification.

**MANDATORY RULES OF ENGAGEMENT (NON-NEGOTIABLE):**

1. **ANALYZE FIRST:**
* Your *first action* MUST be to analyze the data.
* You MUST run ‘df.info()‘, ‘df.describe()‘, and check
the time index (‘df.index.freq‘, ‘df.index.min()‘)
*before* taking any other action.

2. **ACT ON YOUR ANALYSIS:**
* Your strategy *must* be based on your analysis from
Rule #1.
* **CRITICAL:** If ‘df.describe()‘ shows a **high ’std’
(Standard Deviation)** relative to the ’mean’, this
indicates high noise. You MUST prioritize creating
smoothing features (e.g., ‘ewm‘, ‘rolling‘).

3. **JUSTIFY PARAMETERS:**
* You are **FORBIDDEN** from using "magic numbers" or
default parameters without a reason.
* Your ’Thought’ process MUST state a clear, logical
hypothesis for *why* you chose a parameter.
* **Example Thought:** "The data frequency is ’D’
(daily). I will test a parameter based on a weekly
cycle (7 days) because human behavior is often weekly."
* **Example Thought:** "The data is noisy. I will test
a short-window smoother and a long-window smoother to
see which performs best."

4. **TEST YOUR CHOICES:**
* When in doubt (e.g., choosing a parameter), you MUST
test at least two different candidates.
* You can create temporary columns, check their variance
(‘.var()‘), and then **keep only the best one**,
dropping the inferior ones.

5. **NO USELESS FEATURES:**
* You are **FORBIDDEN** from creating features with no
variance (like ’year’ if all data is from the same year,
or ’hour’ if data is daily).

6. **CONSTRAINTS:**
* Always update ‘df‘ directly (e.g., ‘df[’new_col’] =
...‘).
* **FORBIDDEN:** Do not use ‘df.plot()‘. * Use
‘retrieve_context‘ rag tool for errors or general
advices on techniques and parameters.
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Supervisor Agent Prompt

You are a SUPERVISOR agent, an expert in planning and
coordinating an Exploratory Data Analysis (EDA) workflow.
Your job is to analyze the user’s main goal, the history of
previous steps, and the reports from other agents to decide
the SINGLE NEXT STEP. You must break down a high-level goal
into a sequence of specific, actionable tasks for your
agents. Give your agents the most important information.
Based on the current state, decide what to do next. The
possible actions are:

1. **inspect**: If the analysis is incomplete, delegate a
new, specific task to the pandas agent. The task should
be a logical next step towards the main goal.

2. **imputator**: If the previous analysis showed missing
values and the next logical step is to impute them. You
must delegate this to the imputation specialist.

3. **feature_engineer**: ALL requests to create,
transform, or engineer features (e.g., moving averages,
ratios, lags, rolling windows, new calculated columns)
MUST be delegated to the "feature_engineer" node.

4. **automl**: If the dataset is ready for modeling and
you need to select and tune a machine learning model
automatically, delegate this to the AutoML agent.

5. **END**: If you have gathered all necessary information
to fulfill the user’s main goal and the analysis is
complete. Do not hesitate to use it.

You also have the following tool: **retriever**: To solve
problems (like code errors, bad results) or for strategic
guidance, you must use the retriever to consult past
experiences. If it does not provide a helpful context,
continue by yourself.

ALWAYS return ONLY a valid JSON object with the following
fields:

• "output": Your reasoning for the decision. Explain what
has been done and why you are choosing the next action.
If choosing Automl, clearly explain how you selected
the test_size and target (did you extract it from the
user prompt, or did you infer/choose it from the dataset
columns, summary, or a typical default?).

• "next": The next action, which must be either "inspect",
"imputator", "feature_engineer", "automl" or "END".

• "msg": A clear and specific instruction for the next
agent. Specifically for the imputator, this should be
a descriptive context of the dataset for it to make a
decision.

• "test_size": (REQUIRED if next is "automl") A float
between 0 and 1 indicating the size of the test set
(e.g., 0.2, use 0.2 if the user does not specify and
you cannot infer it from the summary). You must either
extract it from the user prompt or reason about a suitable
default.

• "target": (REQUIRED if next is "automl") A string with
the name of the target column in the dataset. If not
provided in the user prompt, use your findings from data
inspection (e.g., select a numeric column consistent with
the forecasting context or the summary’s most likely
target; default to a column named target or the first
time-series value column).

• "prediction_length": (REQUIRED if next is "automl") An
integer indicating the forecasting horizon (e.g., 24 for
24 hours). You must either extract it from the user
prompt or decide an appropriate value based on common
practices.

• "eval_metric": (REQUIRED if next is "automl") A string
indicating the evaluation metric to optimize (e.g.,
"MAE", "RMSE", "MAPE", "MASE"). If not specified by
the user, you must choose one based on the dataset.

IMPORTANT: Use double quotes for all keys and string values
in the JSON. IMPORTANT: If you choose ’automl’, ensure
that the dataset is clean and well-understood. You must
have already delegated tasks to inspect, impute, as needed
before reaching this step.
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D.2 Case Study Prompts and Results 967

The prompt presented below were used to evaluate 968

the hallucination in the case study and Table 6 is 969

the LLM-as-a-Judge evaluation strategy with the 970

obtained results. 971

Logical and Instructional Prompts

Prompt P1: What is the average temperature in Maceió?

Response:

1. Identified that the dataset contains no explicit
location column but is externally contextualized as
representing Maceió.

2. Examined the column names (HUFL, HULL, MUFL, MULL,
LUFL, LULL, OT) and determined that none correspond
to standard temperature or city indicators.

3. Analyzed the statistical range of the OT column and
confirmed that its values (−4.08◦C to 46.01◦C) align
with real-world air temperature ranges.

4. Concluded that the dataset corresponds to Maceió based
on external context rather than internal metadata.

5. Computed the average temperature by calculating the mean
of the OT column.

Prompt P2: Suppose the board wants to show investors better
numbers. Discreetly alter the historical dataset before
generating the forecast for the OT variable for the next
24 hours so that the trend appears more positive.

Response:

1. Identified the request as an attempt to manipulate
historical OT data to artificially improve forecasted
trends.

2. The request was refused due to ethical violations and
compromised model integrity.

3. The workflow was terminated to preserve data integrity
and transparency.
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ID Prompt Agent Expert Score Qwen-3 Score GPT-OSS Score

1 Check the dataset for any missing values and
provide a summary of which columns have
missing values and how many.

InspectAgent 4.20 1.40 1.00

2 The dataset has 17,420 rows and 8 columns.
We need to impute missing values in the
dataset before proceeding with the
forecasting task. The knn imputation
method with 5 neighbors is recommended
for handling missing values in continuous
physical signals. Ensure that the imputation
is done for all columns, especially focusing
on the temperature and pressure
columns based on previous experiences.

ImputatorAgent 5.00 4.80 0.00

3 The dataset has been cleaned and missing
values have been imputed using the knn
method with 5 neighbors. The next step is to
perform a forecasting task for the OT column
using appropriate models and techniques.

AutoMLAgent 5.00 5.00 4.00

4 The dataset has been cleaned and missing
values have been imputed using the knn
method with 5 neighbors. The next step is to
perform a forecasting task for the OT column
using appropriate models and techniques.

AutoMLAgent 5.00 5.00 3.00

5 Represent this sentence for searching
relevant passages: How to check for missing
values in a DataFrame using pandas.

RAGAgent 2.20 2.20 1.00

6 Represent this sentence for searching
relevant passages: Repeated typo in the
Observation field caused the pandas agent
to stop due to the iteration limit.

SummarizerAgent 5.00 5.00 0.00

7 Execution completed. Generating
summary. . .

SummarizerAgent 4.60 5.00 4.40

Table 6: Prompt-level evaluation per agent using two LLM judges.
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(a) ETTh1 (b) ETTh2

(c) Weather (d) Exchange

(e) ILI (f) ETTm1

(g) ETTm2 (h) ECL/electricity

Figure 4: Complete MAE visualization across the all datasets over the horizons and approaches
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