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Abstract

This paper introduces FAE (Forecaster Agent
and Explainer), a multi-agent system that au-
tomates and explains multivariate time series
forecasting pipelines integrated with an Au-
toML tool called AutoDCE-TS. The system
integrates three cooperative agents to execute
pipelines, handle errors, summarize interme-
diate steps, and generate user-oriented expla-
nations using Large Language Models. FAE
autonomously performs data preprocessing,
model configuration, forecasting, and result in-
terpretation, while supporting interactive expla-
nations through Retrieval-Augmented Genera-
tion. Experimental results show that AutoDCE-
TS configured by FAE achieves predictive per-
formance comparable to manual configurations
across multiple datasets and horizons. A case
study with different LLMs highlights trade-offs
between reasoning depth, efficiency, and com-
munication quality. The results demonstrate the
potential of agent-based LLM systems to auto-
mate forecasting workflows while improving
transparency and interpretability.

1 Introduction

In recent years, Machine Learning (ML) has driven
the development of new architectures applied to
several domains, with the goal of learning gen-
eralizable patterns capable of producing accurate
predictions on unseen data (Vieira et al., 2020).
However, achieving this objective depends on a
complex, time-consuming, and error-prone process
that involves multiple decisions, such as data pre-
processing, model selection, and hyperparameter
definition, which directly impact the final perfor-
mance of the models.

In response to these challenges, Automated Ma-
chine Learning (AutoML) emerged with the aim
of automating the construction of ML pipelines,
reducing human effort, the need for task-specific
modeling, and intensive data manipulation (Luo
et al., 2023). In time series forecasting — a central

task for planning and control activities across dif-
ferent domains — AutoML approaches play a par-
ticularly relevant role, since these problems require
specialized technical knowledge to handle inherent
properties of temporal data, such as trend, seasonal-
ity, and temporal dependence (Paldino et al., 2021).

Despite the wide availability of AutoML tools
designed for time series forecasting, such as Auto-
GluonTS (Alexandrov et al., 2019), PyCaret (Ali,
2020), Fedot (Nikitin et al., 2022), AutoTS (Wang
et al., 2022), and AutoDCE-TS (Lucas et al., 2025),
these solutions still demand considerable techni-
cal expertise for proper configuration and use,
which imposes barriers to adoption by non-expert
users (Fischer and Saadallah, 2024).

More recently, intelligent agents based on Large
Language Models (LLMs) have introduced a new
layer of automation into AutoML systems, en-
hancing the interaction between users and systems.
These agents have been employed to support tasks
such as hyperparameter tuning, explanation of the
pipelines used, and, in some cases, the complete
planning and execution of the ML process (Trirat
et al., 2024; Guo et al., 2024a; Liu et al., 2024; Xu
et al., 2024).

In the domain of time series forecasting, the only
agent-based AutoML system identified in the lit-
erature is TimeSeriesScientist (Zhao et al., 2025),
a multi-agent system aimed at fully automating
pipelines for univariate time series. This system is
composed of four agents responsible, respectively,
for diagnosing the input time series, selecting mod-
els and hyperparameters, generating forecasts, and
producing a final report in natural language.

Therefore, a gap in the literature can be observed
regarding agent-based AutoML systems for time
series forecasting, particularly in addressing multi-
variate problems. In this context, this work pro-
poses the development of a multi-agent system
called FAE (Forecaster Agent and Explainer), inte-
grated with AutoDCE-TS. AutoDCE-TS automates



the stages of a MISO (Multiple Input, Single Out-
put) pipeline, ranging from feature extraction and
selection to model construction and forecast gen-
eration. However, the system presents limitations
related to the handling of missing data, the con-
figuration of time series decomposition strategies,
the definition of lag window size, and the lack of a
user-friendly communication interface, especially
with respect to explaining the final pipeline. FAE
aims to complement AutoDCE-TS by providing a
more accessible user interface, automating data pre-
processing and its configurations, and generating
explanatory reports that facilitate the understanding
and interpretation of the results by the end user.

2 Preliminary Concepts

2.1 AutoML

Automated Machine Learning (AutoML) refers to
systems capable of automatically recommending
optimized machine learning pipelines for specific
tasks (Zoller and Huber, 2021). A pipeline con-
sists of a sequence of operations that transforms
a feature vector X into a target y, encompassing
steps such as data preparation, feature engineering,
and model generation, including hyperparameter
selection and tuning (He et al., 2021).

In AutoML, the combination of these operations
is formulated as an optimization problem, in which
the pipeline structure can be represented as a Di-
rected Acyclic Graph (DAG). In this context, let G
denote the set of valid structures, A the set of algo-
rithms, and X their hyperparameters; the objective
is to find, for a dataset D, the optimal pipeline P*
that minimizes the loss function £, as expressed in
Equation 1 (Zoller and Huber, 2021; Chen et al.,
2019).
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2.2 Agents Based on Large Language Models

In the field of Artificial Intelligence (Al), an au-
tonomous agent is an entity capable of perceiving
the environment, making decisions, and execut-
ing actions independently (Xi et al., 2025). The
evolution of these agents has progressed from rule-
based systems to approaches such as reinforcement
learning, transfer learning, and meta-learning, with
LLMs being the main drivers of recent advances
due to their reasoning, planning, and tool-use capa-
bilities (Xi et al., 2025).

Intelligent agents based on LLMs are able to
plan and make decisions across multiple iterations,
access external tools (such as databases and APIs),
and use memory to store information (Masterman
et al., 2024).

Agent architectures can range from single-agent
systems to multi-agent configurations. While sin-
gle agents are suitable for well-structured tasks,
multiple agents are preferable when collaboration
is beneficial. In multi-agent systems, each agent
has a specific role and can cooperate in the planning
and execution of tasks (Guo et al., 2024b).

3 Method

This section presents FAE (Forecaster Agent and
Explainer), a multi-agent system developed to au-
tomate and explain the pipelines generated by
AutoDCE-TS. The system is composed of three
agents: the Executor, responsible for executing the
forecasting pipeline, including data preprocessing,
configuration and invocation of AutoDCE-TS, re-
sult visualization, and extraction of process-related
information; the Corrector, in charge of detecting
and handling errors during execution; and the Ex-
plainer, responsible for generating partial reports
and the final report, as well as clarifying user ques-
tions about all stages of the workflow.

FAE is structured into four modules — pipeline
execution, correction, summarization, and expla-
nation — as illustrated in Figure 1. Based on a
user request, the system automatically deploys the
entire workflow, coordinating the agents in an in-
tegrated manner to execute a new forecasting task
or generate explanations for a previously executed
pipeline. The Explainer agent is responsible for
interpreting the request and triggering the appropri-
ate modules in each case. The operation of each
module is detailed below.

3.1 Pipeline Execution

The pipeline execution module is activated after the
user requests a forecasting task, which must include
a description of the problem and the dataset to be
used. In this module, the Executor agent is con-
figured with a specific prompt and equipped with
tools for data preprocessing, forecast generation,
result visualization, and extraction of information
from AutoDCE-TS.

The prompts, described in Appendix A, fol-
low the ReAct format (Yao et al., 2022),
which enhances the agent’s reasoning capability
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Figure 1: Ilustrative diagram of FAE.

and increases the transparency of the decision-
making process through iterative thought—action—
observation cycles. Each prompt adopts the stan-
dard ReAct structure, followed by a description of
the task corresponding to a specific stage of the
pipeline.

Preprocessing: The agent is instructed, through
Prompt 1, to check for the existence of miss-
ing values in the dataset and, if necessary, to
automatically select an appropriate tool for
imputation.

Forecasting: Through Prompt 2, the agent per-
forms forecasting according to the user re-
quest, which must specify the target variable
and the forecasting horizon. Based on this
information, the agent configures AutoDCE-
TS by defining the lag window size (bounded
between 5 and 50) and deciding on the de-
composition of the endogenous time series.
Auxiliary tools may be used to analyze the
input series and support these decisions.

Result visualization: In this stage, guided by
Prompt 3, the agent generates a comparative
plot between the AutoDCE-TS forecasts and
the actual values.

Information extraction: Through Prompt 4, the
agent extracts information from the forecast-
ing process, including the causal graphs used
for variable and lag selection, as well as the
models, hyperparameters, and the importance
of each variable in forecasting the endogenous
series.

The tools available to the Executor agent are
described in Appendix B. The imputation tools
were defined based on a survey of the main tech-
niques for handling missing values in time se-
ries (Mara Ribeiro and Leite de Castro, 2022; Has-
sankhani Dolatabadi et al., 2024), and their descrip-
tions are provided to the agent to support appropri-
ate selection at each stage.

3.2 Correction

The correction module is activated after each stage
of the pipeline, using the Corrector agent, guided
by Prompt 5. In this way, each step carried out by
the Executor agent is analyzed, and if an error oc-
curs, the Executor receives feedback incorporated
into the prompt specific to that stage, enabling the
task to be re-executed. This module is essential for
automating error handling.



3.3 Summarization

The summarization module is activated after the
approval of each pipeline phase in the correc-
tion stage, using the Explainer agent, guided by
Prompt 6. In this way, each step conducted by the
Executor agent is summarized and stored, so that
the Explainer agent has access to a summarized
database of what was performed at each stage of
the pipeline. The summaries are important because
LLMs have a context limit, that is, a restriction on
the amount of text they can process simultaneously.
By storing only the summaries, the Explainer agent
can access this database in the subsequent stage
(Explanation) without the need to reprocess lengthy
texts.

3.4 Explanation

When the user request involves a new forecasting
task, the explanation module is activated at the end
of the pipeline. The Explainer agent, guided by
Prompt 7, uses the summary database and the in-
formation returned by AutoDCE-TS to generate a
complete report of the process, including aspects
such as value imputation, defined parameters, se-
lected variables, chosen models, and their respec-
tive hyperparameters.

If the user requests additional explanations about
a previously executed pipeline, this module is acti-
vated in isolation, allowing direct interaction with
the agent. For this purpose, the summaries, the
final report, and other information extracted from
the AutoML system are stored in a vector database,
employing the Retrieval-Augmented Generation
(RAG) technique. During the dialogue, the Ex-
plainer agent retrieves relevant information through
semantic search, enabling accurate responses.

The possibility of additional queries is essential,
as reports generated by agents are not fully deter-
ministic and may omit relevant details, especially
in multivariate scenarios with a large number of
variables and results.

4 Experiments

This section presents the evaluations conducted on
the FAE multi-agent system:

1. Comparison between FAE and AutoDCE-
TS: The impact of LLM agent-based automa-
tion on the performance of the AutoDCE-TS
method is evaluated. The comparison assesses
the accuracy of point forecasts for 1, 15, and

30 steps ahead on four multivariate time se-
ries.

2. Case study: The complete execution of FAE
is examined based on six evaluation criteria,
using four different LLM models. In addition,
the overall final report generated by FAE is
presented using the model that achieved the
best performance in this evaluation.

4.1 Comparison between FAE and
AutoDCE-TS

The experiments were conducted with the objective
of comparing the results obtained by AutoDCE-TS
in the publication (Lucas et al., 2025) with those
obtained by AutoDCE-TS configured by FAE. In
the paper, the authors present results with and with-
out decomposition and conclude that the use of
decomposition yields better performance, therefore
recommending its adoption. FAE was configured
with the meta-llama/Llama-4-Maverick-17B-128E-
Instruct-FP8 model' , with temperature set to 0 and
a maximum limit of 1024 tokens. The search space
available for the agent to define the lag window size
was the interval [1, 50]. The experiments were car-
ried out by splitting the time series into 10 windows
and forecasting horizons of 1, 15, and 30, follow-
ing the same experimental methodology described
in (Lucas et al., 2025). The selected datasets were:
Bitcoin, Eolic, Air, and ETO. A summarized de-
scription of these datasets is presented in Table 1.
The metric used to compute forecasting accu-
racy in the experiments was the Normalized Root
Mean Squared Error (NRMSE), calculated accord-
ing to Equation (2), where 9,42 and Y, are the
maximum and minimum values of the test dataset.

NRMSE — Vi) —9(1))%)

Ymazx — Ymin

2)

The results obtained in this evaluation are
presented in Table 2. For these experiments,
AutoDCE-TS and AutoCE-TS were configured by
the authors with a window size of 20, with and
without decomposition, respectively. FAE, in turn,
performed the configuration according to each data
window, consistently opting for the use of decom-
position when the endogenous time series was sta-
tionary. In most cases, the lag window size was

"https://github.com/marketplace/models/azureml-
meta/Llama-4-Maverick-17B-128E-Instruct-FP8



Table 1: Description of the datasets.

Number of

Number of

Dataset  Granularity . Target
samples variables
Bitcoin daily 8,469 6 Dow Jones average index
Eolic hourly 43,802 9 Wind power generation
Air hourly 35,052 10 Air quality
ETO daily 7,307 7 Evapotranspiration

defined based on a trade-off between accuracy and
computational cost.

For the Bitcoin dataset, FAE chose to use decom-
position in all windows, while selecting lag window
sizes between 10 and 20. These changes resulted in
improvements across all forecasting horizons when
compared to AutoDCE-TS.

For the Eolic dataset, FAE opted to use decom-
position with lag windows of size 20. Only in two
windows were sizes 24 and 10 used. These changes
did not lead to differences in performance for the 1-
step forecasting horizon, but resulted in worse and
better performance for the 15- and 30-step horizons,
respectively.

For the Air dataset, FAE chose not to use decom-
position and maintained, in most cases, lag win-
dows of size 20, except for one window in which
a size of 30 was adopted. This change improved
only the 1-step forecasting horizon.

For the ETO dataset, FAE used decomposition in
only 3 out of the 10 data windows and adopted lag
window sizes between 10 and 15. These changes
did not result in significant improvements, keeping
the NRMSE values close to those obtained with the
manual configuration.

Based on these results, it can be observed that
the agent adequately fulfills its automation role,
being able to trigger the appropriate tools, evalu-
ate their respective outputs, and reason about them
to configure the AutoML hyperparameters. More-
over, the performance achieved by the automated
AutoML was not inferior to that obtained through
manual configuration.

4.2 Case Study

In this case study, we demonstrate how FAE per-
forms the forecasting of reference evapotranspira-
tion (ETO) using the ETO dataset. The objective is
to highlight the agents’ decision-making process,
from data preparation to the generation of final ex-
planations. In addition, a qualitative evaluation of
the actions taken throughout the process and of the
final report presented to the user is carried out.
The evaluation was conducted through a com-

parison among four models designed for operation
in agent-based systems: meta-llama/Llama-4-
Maverick-17B-128E-Instruct-FP8? (Llama), with
17 billion parameters; NousResearch/Hermes-
3-Llama-3.1-70B> (Hermes), with 70 billion
parameters; anthropic/claude-4-opus* (Claude),
whose number of parameters is not disclosed;
and deepseek-ai/DeepSeek-V3.1-Terminus’
(DeepSeek), with 671 billion parameters.

For each model, the complete history of actions
performed by the Executor agent and the report pro-
duced by the Explainer agent were simultaneously
presented to ChatGPT® , which was assigned the
task of scoring performance based on six criteria:

1. Process Coherence: does the Executor agent
correctly follow the order of the pipeline
stages?

2. Technical Correctness and Decision Justifi-
cation: does the Executor agent present tech-
nically correct and well-grounded reasoning?

3. Quality of Tool Usage: does the Executor
agent use each tool appropriately, including
correct parameter configuration?

4. Consistency of the Final Report: does the
Explainer agent faithfully describe the actions
executed by the Executor agent?

5. Quality of Communication: does the Ex-
plainer agent produce a clear, coherent, and
informative report?

6. Operational Efficiency: does the Executor
agent avoid redundant or unnecessary steps?

Table 3 presents a comparative evaluation of
the Claude, DeepSeek, Hermes, and Llama mod-

https://github.com/marketplace/models/azureml-
meta/Llama-4-Maverick-17B-128E-Instruct-FP8

3https://huggingface.co/NousResearch/Hermes-3-Llama-
3.1-70B

*https://www.anthropic.com/claude/opus

Shttps://api-docs.deepseek.com/news/news250922

®https://chatgpt.com/



Table 2: NRMSE forecasting results obtained by FAE, AutoDCE-TS, and AutoCE-TS on the Bitcoin, Eolic, Air,

and ETO datasets.
Bitcoin Eolic Air ETO
1 15 30 1 15 30 1 15 30 1 15 30
AutoDCE-TS 022 025 030 0.08 037 051 0.16 036 038 023 026 0.38
AutoCE-TS 0.02 0.03 0.09 2.1 6.2 2.2 0.1 049 0.51 1.6 2.0 0.57
FAE 0.04 021 024 009 049 041 005 040 047 028 0.25 040

els considering six criteria related to agent perfor-
mance throughout the complete time series fore-
casting workflow: process coherence, technical
correctness, tool usage, operational efficiency, con-
sistency between reasoning and the final report,
and quality of communication. These criteria re-
flect both the technical capabilities of the models
and their ability to execute the task in a structured
manner aligned with the system’s objective.

According to the results, the Claude model
achieved the best overall performance, with a fi-
nal average score of 8.83, standing out particu-
larly in the criteria of technical correctness (10)
and quality of communication of the final report
(9). This suggests that, despite its complexity and
larger number of parameters, the model is able to
technically justify its decisions and produce clear
and well-structured reports. According to the anal-
ysis performed by ChatGPT, the points penalized
for the Claude model were mostly due to a certain
level of excessive verbosity, repetition of simple ac-
tions such as printing tables, and some unnecessary
result outputs.

The other three models achieved similar final av-
erage scores, but their individual scores differ con-
siderably. Llama received a low evaluation score
because, although it follows a basic pipeline flow
and correctly uses the available tools, the presented
reasoning is poorly structured, with imputation de-
cisions made without prior data exploration and
insufficient technical justification, including con-
ceptual misconceptions about stationarity and a
lack of grounding in the choice of the imputation
method. In addition, the overall analysis is superfi-
cial and does not deeply investigate the problem.

DeepSeek exhibits issues similar to those of
Llama during processing, but to a lesser extent;
however, its score drops notably with respect to the
final report. The model shows adequate isolated
performance, but when compared to the others, its
overall result is inferior, especially due to limited
technical depth, restricted explanation of the re-
sults, and a less consistent reasoning structure.

The agent using the Hermes model presented

solid performance, with a clear and efficient
pipeline. The technical correctness is good, demon-
strating understanding of stationarity, lag structures,
and different imputation methods; however, the
choice of mean imputation was neither justified
nor based on data exploration, which weakens the
reasoning. The high operational efficiency came at
the cost of reduced analytical depth.

Overall, the analysis shows that larger models
tend to exhibit more solid technical reasoning and
more consistent justifications, as well as greater
fidelity between the process and the final report.
However, smaller models demonstrate higher oper-
ational efficiency, possibly due to a lower tendency
to explore unnecessary parallel paths. Another rele-
vant aspect is that communication quality does not
depend linearly on model size, which may indicate
that instruction alignment mechanisms and text
generation optimizations play a significant role.

The following presents the descriptions of the
user requests, as well as the final report generated
by the Claude model, which achieved the highest
score in the evaluation. In addition, an example
of a request regarding information on exogenous
variables that were not present in the final report is
included, but which were retrieved through RAG.

The report highlights FAE’s ability to statisti-
cally analyze time series, identify relevant patterns
(such as stationarity and autocorrelation), select ap-
propriate preprocessing techniques based on data
characteristics—such as the justified choice of the
imputation method—and make informed decisions
regarding model configuration, including the defi-
nition of the number of lags, the need for decompo-
sition, and the selection of the algorithm and its hy-
perparameters. Furthermore, the system provides
detailed explanations of the selected variables, their
importance, and the model’s performance, demon-
strating not only the automation of the process but
also the explanatory and analytical capabilities of
the proposed method.

User request for the forecasting task:



Process Technical Tool

Operational ~ Final Report  Final Report Final

Model Coherence  Correctness Usage  Efficiency  Consistency Quality Average
Claude 9 10 9 8 8 9 8,83
DeepSeek 8 7 8 9 5 6 7,16
Hermes 7 7 8 9 6 8 7,5
Llama 6 6 7 8 7 8,5 7,08

Table 3: Scoring results of the Claude, DeepSeek, Hermes, and Llama models across the six evaluated criteria.

Perform a 5-step-ahead forecast for the ETO column.
The dataset contains daily climate data. The ETO column
represents daily reference evapotranspiration (mm).

Final report:

Hello! I will explain the entire analysis and forecasting
process that was carried out using your evapotranspira-
tion (ETO) data.

Data Analysis and Preparation

We began by analyzing the dataset to ensure that it
was ready for modeling. During this initial analysis, it
was found that there were some missing values in the
maximum temperature (Tmax) column—specifically,
20 missing values out of a total of 2,000 records, which
represents only 1% of the data.

To better understand how to handle these missing values,
their locations were investigated, and it was observed
that they were dispersed throughout the dataset rather
than being consecutive. The statistical characteristics
of maximum temperature were also analyzed, reveal-
ing moderate variability (approximately 13.77%) with
smooth transitions between adjacent values.

Based on these characteristics—dispersed missing
values, smooth transitions, and the natural gradual
behavior of temperature—it was decided to apply linear
interpolation to fill in the missing values. This method
is appropriate for temperature data, as it preserves local
trends and maintains the natural continuity of climatic
data.

Forecasting Process with AutoDCE-TS

To generate the forecasts, AutoDCE-TS (Automated
Machine Learning Based on Decomposition, Causal-
ity, and Evolutionary Multitask Optimization for Time
Series Forecasting) was used, an advanced automated
machine learning system specialized in time series.
Before applying the model, a detailed analysis of the
ETO series was performed. First, the stationarity of the
series was tested (that is, whether its statistical proper-
ties remain constant over time), and it was confirmed
that the series was stationary. Next, the autocorrela-
tion of the data was analyzed to determine the number
of past values that influence future values. Significant
correlation was identified up to 31 temporal lags, with
the strongest correlations occurring within the first 6-7
periods.

Based on this analysis, the AutoML system was
configured to use up to 15 temporal lags, seeking
a balance between capturing relevant patterns and
maintaining computational efficiency. As the series was
stationary, decomposition was not required.

Variables and Their Importance in Forecasting
The model automatically selected the most relevant
variables and lags to forecast ETO. The variables used

and their respective importance scores are presented
below:

Most important variables (present across multiple
horizons)

e Maximum temperature at time ¢ — 1: 0,263

* Solar radiation at time ¢ — 1: 0,199

» Relative humidity at time ¢ — 3: 0,044
Other relevant variables

¢ Maximum temperature at time ¢t — 3: 0,073

* Maximum temperature at time ¢ — 2: 0,067

¢ Solar radiation at time ¢t — 3: 0,062

e ETO at time t — 2: 0,061

* Precipitation at time ¢ — 1: 0,047

* Relative humidity at time ¢ — 1: 0,044

e ETO at time ¢ — 3: 0,043
These results indicate that maximum temperature
and solar radiation are highly influential factors in
evapotranspiration forecasting, which is consistent with
the physical behavior of the process.
Model Used
For forecasting the ETO variable, the system selected
the XGBoost model with the following optimized hy-
perparameters:

* Number of estimators: 75

¢ Minimum samples per leaf: 2

e Maximum number of features: 0.2 (20% of the
variables in each tree)

Results and Metrics
The forecasts for the next 5 periods were:

Forecasts = [4.615, 3.858, 4.312, 4.003, 3.815]

The model performance was evaluated using the follow-
ing metrics:

* RMSE: 0.525
* NRMSE: 0.750 (75%)
* MAE: 0.485

* MAPE: 10.58%



These results indicate that the model achieves
reasonable accuracy, with a mean percentage error of
10.58%.

Available Files
You have access to the following files:

1. modelo.pickle: Contains the complete model.
You can access:

The trained model for each variable:
modelo.dict_variables['variable name']

The selected
modelo.G_list['variable name']

variables:

2. grafico.jpg: Plot comparing actual and predicted
values.

3. grafo.jpg: Causal graph displaying relationships
between variables and their importance.

We hope this analysis has been useful. The results show
that the model satisfactorily captured temporal patterns
and interactions among climatic variables to forecast
evapotranspiration.

User request for additional explanations:

Which model and hyperparameters were used to predict
Tmax?

Response from the AutoDCE-TS-Agentic:

To predict Tmax, the XGBoost model was used
with the following hyperparameters: 75 estimators,
min_samples_leaf=2, and max_features=0.2. The vari-
ables selected for the model were: Rs (lag 3), Tmax
(lags 1,2, 3, 11), RH (lags 1, 3), and pr (lag 3).

5 Conclusion

This work presented FAE, a multi-agent system de-
signed to automate and explain multivariate time se-
ries forecasting workflows based on AutoDCE-TS.
By integrating LLM-based agents for execution,
error correction, summarization, and explanation,
FAE enables a complete workflow that combines
automation with interpretability. The experimen-
tal evaluation showed that workflows configured
by FAE achieve performance comparable to man-
ual configurations, without degrading predictive
accuracy. The case study further highlighted how
different LLMs influence reasoning quality, oper-
ational efficiency, and clarity of explanations, in-
dicating that model choice plays a critical role in
agent-based AutoML systems. Overall, the results
reinforce the potential of LLM-based multi-agent
architectures as a promising direction for the auto-
matic configuration and explanation of time series
forecasting systems.

Limitations

This section describes the main limitations of the
proposed multi-agent system, named FAE. First,
the experiments showed that the quality of the anal-
yses performed on the input time series is strongly
dependent on the Large Language Model (LLM)
employed. Smaller models tend to strictly adhere to
the explicit instructions provided in the prompt, ex-
hibiting limitations in decision-making when more
in-depth data analyses are required. In contrast,
larger models demonstrate a greater ability to ex-
plore time series data, enabling more well-founded
and justified choices throughout the analytical pro-
cess.

In addition, the quantitative evaluation of FAE
proved to be limited by the absence of comparable
agentic AutoML frameworks specifically designed
for handling multivariate time series. This gap
in the state of the art restricts the possibility of
conducting direct and more comprehensive com-
parisons with existing approaches.
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A  Appendix A

This appendix presents the prompts used to guide
the FAE agents.

Prompt 1

You are an assistant specialized in time series prepro-
cessing, with a focus on missing value imputation.
Rules:

1. Check all columns of the dataframe to detect missing
values.

2. If missing values exist, use the most appropriate tool
for imputation.

Pay attention to the following observation: {feedback
from the Reviewer.}

Prompt 2

You are an assistant specialized in time series forecast-
ing. Your only task is to generate forecasts for the
problem described by the user: user message.

Rules:

1. Automatically define, always with a brief justifi-
cation: - The maximum number of lags (‘max_lags®),
choosing between 5 and 50 to balance accuracy and
computational cost. - Whether decomposition (‘decom-
position*) should be used or not.

2. Use the tool ‘testar_estacionariedade® if it is neces-
sary to decide about stationarity.

Pay attention to the following observation: {feedback
from the Reviewer.}

B Appendix B

This appendix describes the tools made available
to the Executor agent.

Linear interpolation: applies a linear function
between adjacent points to estimate missing
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Prompt 3

You are an assistant specialized in time series visualiza-
tion.

Rules:

1. Focus only on the data visualization task.

2. The dataset has two columns corresponding to the
real and predicted values.

2. Generate a plot comparing the real and predicted
values.

3. Return the figure in Base64 format ready for use,
without explanations or additional text.

Pay attention to the following observation: {feedback
from the Reviewer.}

Prompt 4

You are a model analysis assistant.

Rules:

1. Extract information generated by the AutoML model
using the tool extrair_informacao_automl.

2. Respond only in the format of a valid Python dictio-
nary.

3. Do not include explanations, comments, or text out-
side the dictionary.

The tool will return the following technical information
within a dictionary:

- The dictionary 'modelo_dict’ contains a key for each
variable. Each variable was predicted by a specific
model, with its associated hyperparameters.

- The causal graphs generated for the variables are in the
dictionary ’grafo’. Each key corresponds to a variable,
and the value is a dataframe where True indicates that
the variable (column) was selected at the corresponding
lag (row).

Your task:

Based on this information, generate a structured re-
sponse in the format: {{ "modelos": {{ "variablel":
"Short text describing the model and its hyperparam-
eters.", "variable2": "Short text describing the model
and its hyperparameters.” }}, "variaveis_selecionadas":
"variablel": "Short text describing the selected vari-
ables and their lags.", "variable2": "Short text describ-
ing the selected variables and their lags." }} }}
Objective: Generate a compact and informative dictio-
nary, with no extra text outside the requested structure.
Pay attention to the following observation: feedback
from the Reviewer.

Prompt 5

You are an error corrector for an agent that uses the
following tools: {list of tools}.

During the stage stage name, the agent executed the
following actions: {log of the Executor’s actions}, but
an error occurred in the last action, interrupting the
execution.

Your task is:

1. Identify which was the last action performed before
the error.

2. Analyze the format of the call made to that tool and
verify whether it complies with the expected format.

3. Briefly explain to the agent the correct format of the
tool call.

Return only a valid JSON object, without code blocks,
without explanatory text, and without markdown. The
format must be exactly one of the following two:

{ "avaliacao": "no", "feedback": "Describe here what
the agent did wrong and how to correct the tool call." }
Do not add anything before or after the JSON.

Prompt 6

You are the Summarizer Agent. You will receive two
blocks below: - steps: alternating lines following the
pattern "THOUGHT: ... and *ACTION: tool(args)’
OBJECTIVE Write a report in pt-BR exactly in the
following format:

Name of the step performed in Portuguese: short title
in pt-BR.

Description of the Action: faithfully copy/summarize
the corresponding THOUGHT, without inventing con-
tent or using ‘none’.

Chosen Tool: name of the tool indicated in ACTION or
’none’, parameters indicated in Action Input or "none’.
Result: summarize the output associated with this step,
without inventing information.

RULES

- Maintain the chronological order of the steps.

- Do not invent tools, data, or results.

- Be concise and technical; avoid embellishments.

- If there is no THOUGHT or ACTION for a given step,
fill the missing field with *—’.

- If there is nothing to summarize, respond only with:
Sem dados para resumir.

DATA: { Executor actions}

Mean: fills missing values using the global mean
or window-based means of the time series
itself. This technique is more suitable for ap-
proximately stationary series, that is, with a
stable mean over time.

values, assuming a uniform transition between
them. It is indicated when there is an approxi-
mately linear relationship between neighbor-
ing points and the missing values are sporadic,
without long sequences of missing data.
Nearest neighbor: replaces the missing value
with the value from an adjacent temporal point.
It is appropriate when there is low variation be-

Spline interpolation: uses smooth polynomial
functions to approximate the data and com-

pute missing values, resulting in a more con-
tinuous curve than linear interpolation. It is
recommended for series with smooth nonlin-
ear behavior, in which preserving the shape
and smoothness of the time series is desired.

tween consecutive observations and temporal
proximity is a good indicator of the missing
value.

AutoDCE-TS: a tool based on the Automated



Prompt 7 importance of each variable returned by the
, i i o i estimator is also extracted.

You will receive the following technical information:

- Pre-processing stage: {summary 1}. - Forecasting

s Dsmmmren A - L aif sk ek s Auxiliary tools: are tools that can help the agent

their importances used to predict the variable {name make decisions. The stationarity test tool, for
{Of ”(‘f le’:i‘_lof}e""”ts var ’“bli t: {f lags} N ke dg;:tloélar}yl example, evaluates whether the time series is
model_diCty contains one Key Ior €acn variaole. £ac . .

variable was predicted by a model and its associated stationary based on the ADF and KPSS statis-
hyperparameters. - The forecasts generated by the tical tests. This tool reports that the series is

model: {forecasts} - The metrics calculated using the

stationary only if both tests confirm this prop-
forecasts and the true values: {metrics}. y y prop

erty. In addition, the agent can use functions
Your task: that display statistical information about the

- Generate an explanation with a friendly tone. - Explain data, detect missing values, analyze variable
what was done at each pre-processing and forecasting

stage in a connected manner (not just as a list). - In- names, among others.
form the user that the AutoML used for forecasting is
AutoDCE-TS. - If EMD decomposition was applied, ex-
plain in a simple way what this means, into how many
IMFs the series was decomposed, and how the compo-
nents (IMFs) were used. - Inform the user that they will
have access to the file modelo.picle. In this file, they
can access the model chosen to forecast each variable,
its hyperparameters via modelo.dict_variables|[ variable
name’]. The selected variables can be accessed via
modelo.G_list[’variable name’]. - List all variables and
lags used to forecast the variable {name of the endoge-
nous variable}, as well as their respective importances
for the model. Instead of saying "variable 1 (value)",
say variable at time t-1: value. Discard any variable
whose importance is -1. - List the model used to fore-
cast the variable {name of the endogenous variable}
and its hyperparameters. - Report the calculated met-
rics. - Explain to the user that they will have access to
two images: (grafico.jpg) a graph comparing true and
predicted values and (grafo.jpg) a causal graph with the
selected variables and their respective importances for
the model. - Inform the user of the forecasts generated
by the model as a list. - Use a fluent text, as if you
were speaking directly to the user, rather than merely
repeating the received data.

Machine Learning Based on Decomposi-
tion, Causality, and Evolutionary Multitask
Optimization for Time Series Forecasting
(AutoDCE-TS) method. AutoDCE-TS is a
multiple-input multiple-output (MISO) sys-
tem for multi-step-ahead forecasting, struc-
tured as a fixed four-layer pipeline that au-
tomates the stages of feature extraction and
selection, model selection and generation, and
forecasting.

Plot: presents the predicted values of the endoge-
nous time series in a graph, enabling compar-
ative analysis with the real data.

AutoDCE-TS information extraction: extracts
the causal graphs, models, and hyperparame-
ters of all variables in the forecasting problem.
For the endogenous time series, the relative
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