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Abstract

Numerical data from sensors and time series are
widely used in scientific research fields such
as nuclear fusion experiments, which gener-
ate vast amounts of complex, high-dimensional
data. Therefore, efficient numerical data anal-
ysis tools are crucial to accelerate experimen-
tal research. Large language models (LLMs)
have emerged as promising solutions to analyze
numerical data with natural language queries.
However, LLMs have difficulties treating this
type of data as they have been designed for text
in the first place. To overcome these limita-
tions, we propose a model-agnostic and data-
agnostic agent that processes numerical data by
code generation andmultimodal reasoning. Our
agent demonstrates competitive performance
against baselines on benchmark data on numer-
ical data tasks such as sensor data classification
and time series understanding. While outper-
forming them on information retrieval bench-
marks, also we have successfully applied our
agent in the context of nuclear fusion research,
where physicists and Tokamak operators inter-
act with it to plan and analyze fusion experi-
ments.

1 Introduction

Numerical data are ubiquitous in scientific research
fields such as nuclear fusion, particularly when an
experimental machine is equipped with numerous
sensors producing vast amounts of data, which are
analyzed to extract meaningful insights and prepare
for more precise future or next experiments. For
this reason, efficient exploration tools are critical for
accelerating experiment preparation and advancing
science. In nuclear fusion, physicists and Tokamak
operators often rely on SQL and visual tools dur-
ing the experimental campaign, requiring technical
knowledge. This has motivated us to investigate a
research assistant that is fast, robust, and easy to
use for information retrieval and numerical under-
standing.

Is the quality of RF coupling good for
pulse 57757?

Shot #57757 diagnostics:
- time=[0.001079, 0.003127, ...]
- SMAG_IP=[0.0, 1.0, ...]
- SHYBPFORW1=[-1.000000, -0.022461, ...]
...

LLM

Context Error

This model's maximum context length is
128000 tokens, however you requested
251000 tokens (250000 in your prompt;
1000 for the completion). Please reduce
your prompt; or completion length.

Is the quality of RF coupling good for
pulse 57757?

Successful Query

Diagnostics
Database

Our Agent

The quality of RF coupling for pulse
57757 can be assessed by examining the
reflected power ratios and the total
injected power from the ICRH system.
...
    The RF coupling quality is good during
the flat-top phase for both LH1 and LH2,
as indicated by the low reflected power
ratios and minimal reflected power.

Figure 1: Processing multivariate numerical data as text
fills the entire context windows. While our agent is able
to process multivariate signals from a database.

The emergence of LLMs has paved the way for
conversational assistants in research. One exam-
ple is the Tokamak Copilot proposed in (Mehta
et al., 2023), which integrates logbooks and text
comments on tokamak operations. Extending the
applicability of LLMs beyond text remains an ac-
tive area of research. Various modalities such as
vision (Liu et al., 2023; Bai et al., 2025) and audio
(Chu et al., 2024) are well studied by the community.
On the other hand, the numerical data modality re-
mains under-explored. Whereas, their integration
into LLMs could be beneficial for advancing scien-
tific fields with vast amounts of numerical data.

The main issue is the tokenization of numerical
data, as depicted in Figure 1. Depending on the
strategy, tokenized numerical data become either
a long sequence when encoded digit-by-digit (Sp-
ithourakis and Riedel, 2018) or lose precision when
encoded by the standard BPE tokenizer (Sennrich
et al., 2016). The split of numbers into individual
digits is the standard strategy, as it can tokenize
every number. It is noteworthy that the aggregation
of digits is interpreted by the LLM, which could be
misleading as shown by (Sivakumar and Moosavi,
2025).

However, dealing with long sequences of tok-
enized numerical data is challenging. To fit in the
context window, custom methods often rely on win-
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dowing (e.g., dividing the data into fixed or sliding
segments), downsampling, or rounding to a lower
number precision, which implies that the full infor-
mation contained in the numerical data is truncated.
We discarded these strategies as our goal is to create
an assistant for scientific research where exactness
counts.

Other methods represent numerical data by com-
pressing it into an image (Yoon et al., 2024). This
approach is effective for handing long sequences
but lacks accuracy when it comes to retrieving in-
formation such as the maximum and minimum. On
the contrary, a simple text-to-SQL method won’t
work for numerical understanding as it returns ag-
gregated results only.

Inspired by the text-to-SQL method, we consider
a method where the objective is to transform a tex-
tual query into a Python preprocessing script. The
idea is to generate a preprocessing script that will
produce relevant elements based on the text query.
Then, an analysis step is necessary in order to pro-
cess these elements and respond to the request. The
advantage of this method is that it processes the re-
sults of the preprocessing script, which we require
to be either reduced tables or images. Avoiding
processing the numerical data in its entirety.

Under these settings, our contributions are as
follows:

• We propose an agent for handling numerical
data by generating code and reasoning on mul-
timodal outputs. It combines numerical data
as text and images where both modalities are
obtained via code generation.

• We provide a benchmark that compares our
agent against text-only and image-only meth-
ods between open-source models on the tasks
of sensor data understanding, time series un-
derstanding, and information retrieval.

• We have created an aggregated dataset com-
prising various sensor data types, including
human activity, electrocardiogram, and res-
piration data, along with general time series
data. This dataset, available on Hugging Face,
serves to enhance understanding and informa-
tion retrieval in sensor and time series data.

2 Related work

This work focuses on handling numerical data in
conversational settings. Below, we review exist-

ing approaches that discuss the integration of this
modality with LLMs.

Text-to-SQL methods While not directly ad-
dressing continuous sensor data, have inspired the
ability of LLMs to interact and query structured
databases. Benchmarks like Spider (Yu et al., 2018),
introduced a large-scale, cross-domain benchmark
with 10,181 questions over 200 databases, designed
to evaluate the generalization to unseen schema
and SQL queries. Similarly, BIRD (Li et al., 2023)
provides over 12,751 unique question-SQL pairs,
and a benchmark of 95 databases, with a particu-
lar emphasis on evaluating the impact of extensive
database content on text-to-SQL parsing. Spider
2.0 (Lei et al., 2025) introduces a comprehensive
benchmark specifically dedicated for real-world
enterprise scenarios. Despite significant advance-
ments in text-to-SQL for information retrieval, such
as Spider and BIRD, these methods assume struc-
tured, tabular data and cannot effectively process
long sequence continuous sensor data, to support
analytical tasks without preprocessing.

LLM and MLLM methods Recognizing the lim-
itations of text-to-SQL methods for numerical data,
researchers have investigated the capacity of LLMs
to process and interpret continuous data. (Fons
et al., 2024) evaluate LLMs on time series feature
understanding using only text modality. They intro-
duce a comprehensive taxonomy and benchmark,
highlighting strengths and weaknesses of LLMs in
interpreting various time series characteristics. Au-
thors in (Yoon et al., 2024) propose a visual prompt-
ing method for sensor data using multimodal LLMs
(MLLMs) to interpret sensor information. They
also introduce a visualisation generator tool that
creates optimal visualisatisions for specific sensor
tasks without the need for task-specific prior knowl-
edge. SensorLLM (Li et al., 2025) aligns sensor
inputs with automatically generated trend descrip-
tions to address the lack of semantic context in
time series data. The authors propose a two stage
framework that maps sensor sequences to natural
language using special tokens, allowing effective
human activity recognition.

Agentic methods In addition to direct process-
ing of continuous sensor data by LLMs, a paral-
lel research efforts investigates the development
of intelligent agents coupled with LLMs to auto-
mate data science workflows. For instance, (Huang
et al., 2024) present MLAgentBench a benchmark
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Figure 2: Overview of the proposed agent. For an incoming request, (1) the agent starts by generating a Python code
(2) that is debugged if the code execution goes wrong. We have limited the number of debugs loop to two attempts.
After that, the code is regenerated from the beginning. (3) Then, the agent executes the code with numerical data,
result is multimodal outputs. (4) These are integrated in the answer generation prompt and the model generates an
answer.

designed to evaluate LM based agents capacity in
performing a machine learning experimentation.
Their work includes prompting based LM agent.
Furthermore, (You et al., 2025) propose a notebook-
centric LLM agent framework, that allows users to
perform data analysis and visualisation through nat-
ural language queries. This framework automates
code generating and executionwithin a notebook en-
vironment. However, DatawiseAgent primarily fo-
cuses on automating data science tasks such as data
exploration, visualisation, and supports training and
evaluation of machine learning models for struc-
tured data, relying on notebook-centric approach.
(Yang et al., 2024) propose MatPlotBench a Text-
to-Visualization benchmark that is designed for sci-
entific data visualisation. While, (Nathani et al.,
2025) introduce MLGYM and MLGym-Bench a
new framework and benchmark for evaluating and
developing agents and models for AI research task.

Most of existing solutions require extensive pre-
processing steps to handle particular types of sensor
data. The proposed agent addresses these limitation
by directly operating on raw long-sequence sensor
data and eliminate the necessity of a specialized
preprocessing pipelines. This is achieved by dy-
namically generating code tailored to the specific
user query and data type.

The proposed agent is able to debug, diagnose,
and correct errors in generated code, which allows
a more robust automated workflow for processing
any type of sensor data.

3 Numerical Data Agent

The goal of our agent is to answer requests about
sensor data and time-series data. It should handles
classification (deriving conclusions about sensor
data), information retrieval (retrieving min/max val-
ues and mean in a span of time), and analysis tasks
(correlation, trend, etc.). To address these tasks, the
agent must leverage multiple modalities.

For example, the classification of a signal per-
forms better when using a graph representation, as
shown by (Yoon et al., 2024). On the other hand, re-
trieving an exact value from a graph representation
leads to an approximate value. In this case, it is bet-
ter to treat numerical data as text until the context
window can handle it. As there is no single modal-
ity which could cover all requests, the agent should
figure out which modalities are relevant given the
user request.

However, an agent that merely redirects requests
to image or text prompts is not scalable to a vast
amount of data. As a result, all the data points
will be encoded into the routed modality, exceeding
the context length in the text modality case. For
instance, in nuclear fusion, each experiment creates
around 6,600 different signals that are sampled at
2 ms. This means that the data needs to be filtered
before it can be routed. We were inspired by the
text-to-SQL method to let the agent choose which
filter is suitable. Although this method seemed
promising, it was devoid of preprocessing tools.

The advancement of models’ coding capabili-
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{system_prompt}

Goal: Python Code Generation for Sensor Data Processing
Your task is to generate syntactically correct and executable Python code within a single markdown block. DO NOT answer the question
directly.

Output Requirements
1. Objects: Generate code to create up to {num} useful objects. These must be either Matplotlib figure objects

(matplotlib.pyplot.Figure) or Pandas DataFrames (pandas.DataFrame).
2. Return: All generated objects must be appended to the predefined list variable result.
3. Focus: The objects must be directly relevant to the user's question, preparing for subsequent analysis.

• Visualizations (Matplotlib figures) are often suitable for classification, trend, or distribution analysis.
• DataFrames (Pandas) are often suitable for statistical summaries, raw values, or intermediate feature tables.

4. No Model Training: DO NOT train a machine learning or deep learning model. The code's purpose is data preparation and visualization
for subsequent analysis.

5. Size Constraint: Be cautious about not returning excessively large Pandas DataFrames; the code should return only necessary or
aggregated elements. For example, returning raw Pandas Dataframes is not a good practice.

The generated Python code must include all necessary steps to process, transform, filter, and/or aggregate the data in df before creating the
final output objects.

Context and Available Data
• Data Description: Descriptions about the data acquisition process: {data_description}
• DataFrame Schema: The structure of the Pandas DataFrame: {table_info}
• The DataFrame is loaded into the variable df.

Strict Execution Rules
• Starting Snippet (MUST USE AS IS):

# Available packages/tools
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import sklearn as sk
import statsmodels.api as sm
import scipy
import ruptures as rpt
import pywt

result = [] # Initialize plots or pandas dataframes list
df = pd.read_pickle("./data.pkl") # Load sensor data

• Column Names: Use only the column names visible in the provided schema. Do not query for non-existent columns.
• Data Integrity: Do not create, simulate, or modify the underlying data.
• Visualization Rules: Do not save plots to disk. Avoid using plt.subplot or multi-plot axes; each figure must be a single plot.
• Final Output: The resulting code must be in a single markdown block for execution.

Figure 3: System prompt for code generation

ties allows us to generate scripts that filter and
preprocess data dynamically. Our agent gener-
ates a Python code that will create either a pandas
DataFrame or a Matplotlib graph. It determines
which filter, preprocessing, and modalities the re-
quest requires in a single call. As illustrated in
Figure 2, the workflow of the proposed agent is di-
vided into two main stages: code generation and
answer generation.

The code generation prompt 3 in (1) includes
details such as maximum number of multimodal
outputs, the description and the schema of the sen-
sor data. At this stage, the model determines which
modality (plot or dataframe) is necessary for an-
swering the question. The number of multimodal
outputs of the code generation step is determined
by the num parameter as shown in the prompt. The
description is specific for each sensor data type
and provides information such as the acquisition
process, the sampling rate, and the context. The
schema gives an overview of the data, including
the type of each column, a sample of the data, and
the shape. In this way, the model is fully informed
about the data that it will manipulate.

To guide the model in generating an accurate

code, we have included a starting code to the
prompt, as shown in figure 3. The model must
follow this starting code for two reasons (i) the vari-
able result stores the multimodal outputs which
we gather; and (ii) the variable df is a placeholder
for coherence with the previously declared schema
and instructions. It also includes a list of available
packages of the Python environment, which can be
extended at will.

We found that sometimes the generated code does
not run because it contains errors. In this case, the
erroneous code is passed to a debugging loop until
the code runs. It can be fully regenerated if the
debugging loop fails above an arbitrary number of
attempts.

When the code is successfully executed, the out-
puts contained in the result variable are checked.
They must be either pandas dataframes or mat-
plotlib plots and must not exceed a fixed number.

The second call to theMLLM is made for answer-
ing the question given the outputs of the generated
code. As shown in Figure 4, the prompt includes
the data description, the generated code, the re-
sponse format, and the obtained pandas dataframes
in Markdown format.
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You are an expert system designed to answer questions about
preprocessed sensor data. Your primary directive is to provide
answers based exclusively on the context provided below. Do
not use any external knowledge or make assumptions beyond
what is stated in the data description and preprocessing
script. Outputs obtained from the preprocessing script
are either pandas DataFrames or images. You will find
them in the context.{data_description}{generated_code}
{response_format}{text_pandas}
Question: {user_input}

Figure 4: Generation prompt

The proposed agent is model-agnostic, yet the
underlying language model should respect some
conditions. Firstly, the model should accepts mul-
timodal inputs, text and image. Secondly, it must
have capabilities in code generation. It should be
noted that a specialized code model could be used
for the first step. In our case we investigated the
same model for code and answer generation as we
intend to deploy our assistant on low ressources sce-
nario. For benchmarking purpose, we investigated
a hybrid setting where the code is generated by a
specialized model.

Our agent facilitates the processing of long-
sequence and multivariate numerical data for sensor
and time series understandings and provides precise
values for information retrieval tasks. The agent
responses can be explained by investigating the gen-
erated code and the obtained outputs from it.

Hybrid Configuration This agent’s workflow
can operate with a model specialized in code gen-
eration. By replacing the first workflow call to the
specialized model. This configuration aims to miti-
gate the bottleneck caused by the code. Indeed, the
outputs generated by the code have a direct impact
on the response of the second call to the MLLM
model. In addition, this configuration allows mod-
els that do not have code generation capabilities to
be evaluated.

4 Experiments

To prove the capabilities of our agent, we have ag-
gregated sensor data from (Yoon et al., 2024) and
time series from (Fons et al., 2024) into a single
dataset. It is composed of classification tasks that
are translated in to a question-answer format. For
each classification dataset, we create one question
that corresponds to the classification task. This ap-
proach aims at evaluating reasoning on sensor data
and time series. The information retrieval task is
conducted on time series data. In this section, we
present the proposed benchmark, followed by the
experimental setup and a discussion of our results.

4.1 Benchmark Data

In this study, we address sensor data classification,
information retrieval, and time series understanding
tasks. A brief description of the data is provided
below.

The JP-Morgan time series dataset (Fons et al.,
2024) includes a range of synthetic univariate and
multivariate time series, each annotated with cor-
responding textual descriptions. This benchmark
is designed to evaluate an LLMs ability to inter-
pret and analyze time series features and patterns.
The univariate time series include characteristics
such as trends (directional movements over time,
up and down), seasonality patterns that repeat over
a fixed or irregular period (fixed period constant
amplitude,etc), volatility which is the degree of dis-
persion of a series over time (constant increasing,
clustered, leverage effect), outliers or significant de-
viations from typical patterns (spikes, step-spikes,
level shifts, temporal disruptions), structural breaks
(shifts in the series data such as regime changes or
parameter shifts), and statistical properties (like fat
tails, and stationarity versus non stationarity). The
multivariate time series capture interdependencies
between variables, such as cross correlation (the re-
lationship between two series at different time lags).
The dataset supports multiple task types feature de-
tection, classification, value retrieval and arithmetic
reasoning.

Data from ByMyEyes (Yoon et al., 2024), this
dataset includes real world sensor data paired with
visual prompts and textual task descriptions, de-
signed to evaluate MLLMs in reasoning over four
sensor modalities: accelerometer, electrocardiog-
raphy (ECG), electromyography (EMG), and res-
piration sensor. It integrates data from multiple
sources, including HAR (Stisen et al., 2015) for
human activity recognition (running and walking),
UTD-MHAD (Chen et al., 2015) for fine-grained
arm motion classification, and Swimming (Brunner
et al., 2019) for swimming style recognition. ECG-
based arrhythmia diagnosis detection tasks are de-
rived from PTB-XL (Wagner et al., 2020), covering
four symptom classes. Gesture tasks include hand
gesture recognition from (Ozdemir et al., 2022),
while respiration-based stress detection tasks uti-
lize the WESAD dataset (Schmidt et al., 2018).

We use data from JP-Morgan for time series un-
derstanding and information retrieval (specifically
for arithmetic data) and ByMyEyes data for sen-
sor data understanding. The benchmark data are
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Model HAR UTD
-MHAD Swimming PTB

-XL Gesture WESAD Time
Series Total

Text-only Method F1 Score
Mistral Small 9.3 2.8 4.6 11.4 0.0 0.0 39.0 9.6
Gemma 3 15.5 2.2 14.2 14.5 0.0 0.0 40.5 12.4
Qwen 2.5 11.5 3.1 22.2 8.3 0.0 0.0 49.0 13.4
Image-only Method
Mistral Small 10.3 1.6 13.0 6.9 5.4 46.8 36.4 17.2
Gemma 3 18.1 0.7 15.2 7.6 6.3 32.2 29.6 15.7
Qwen 2.5 17.6 1.4 11.9 7.6 4.8 55.7 39.4 19.8
Numerical Data Agent
Mistral-Small 14.8 3.5 18.5 15.4 5.5 39.1 41.9 19.8
Gemma 3 7.2 2.0 19.9 10.7 5.0 21.8 34.0 14.4
Qwen 2.5 13.4 2.7 19.3 15.3 4.2 22.3 41.7 17.0
Hybrid Numerical Data
Agent
Qwen 2.5 Coder + Llava 1.6 19.9 2.1 35.9 11.7 5.9 21.1 33.4 18.6
Qwen 3 Coder + Llava 1.6 19.4 3.6 33.1 12.9 4.7 21.4 34.9 18.6
Qwen 3 Coder + Mistral Small 12.2 3.2 16.9 13.8 5.7 40.4 37.1 18.5
Devstral 2505 + Mistral Small 11.9 4.2 21.7 11.6 5.8 17.2 38.1 15.8

Table 1: F1 score performance on sensor data understanding and time series understanding (numerical data under-
standing).

summarized in Table 4 in the appendix.

4.2 Setups

Our experimental setup is similar to ByMyEyes
(Yoon et al., 2024), where non-expert users anal-
yse sensor data using MLLMs. However, the pre-
processing in ByMyEyes follows a fixed pipeline
which limits the adaptability to new sensor data.
In this work, we assume that the preprocessing
should be done by the agent itself for adaptability.
In addition, we included time series understand-
ings and information retrieval which are not cov-
ered by ByMyEyes. We also target deployment
on private networks where data confidentiality is
required. Given the computational constraint for
running our agent in such a manner, we benchmark
small MLLMs that run on two A40 GPUs using
vLLM (Kwon et al., 2023) for model serving on
private network.

We evaluated our agent with Qwen2.5-VL-32B-
Instruct (Bai et al., 2025), Mistral-Small-3.2-24B-
Instruct-2506 and Gemma-3-27b-it (Team et al.,
2025). These models are small enough to be de-
ployed in a private network and show strong ca-
pabilities in instructions following, code genera-
tion, and visual reasoning. We additionally evalu-

ate our agent in a hybrid configurations where code
generation step is handled by a code-specialized
model and the generation step by a MLLM or VLM.
For this scenario, we evaluated llava-v1.6-mistral-
7b-hf (Liu et al., 2024) with Qwen2.5-Coder-32B-
Instruct (Hui et al., 2024) and Mistral-Small-3.1-
24B-Instruct-2503 with Devstral-Small-2505.

We compare our agent with and without hybrid
settings against two baselines: a text-only method
and an image-only method. The first one processes
numerical data as text format, which may be limited
by the model’s context window. While, the second
encodes sensor and time series data as straightfor-
ward matplotlib plot of value versus time. We re-
fer to these four methods as the Text-only Method,
Image-only Method, Numerical Data Agent, and
Hybrid Numerical Data Agent.

All benchmarked method includes the zero chain
of thoughts (CoT) (Kojima et al., 2022) prompting
in their system prompt to enhance reasoning. For
our agent, we set the num parameter of the code gen-
eration prompt to the number of signals present in
the evaluated task plus an arbitrary value, restricting
the multimodal outputs.

To reduce the computational cost, we cache the
result of the code generation step. This allows the
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Model Min Value Max Value Value on Date Min Date Max Date Total
Text-only Method EM MAPE EM MAPE EM MAPE EM
Mistral Small 90.0 0.0 95.5 0.0 35.0 0.451 43.0 38.0 60.3
Gemma 3 72.5 0.0 77.0 0.06 32.0 0.483 36.5 27.5 49.1
Qwen 2.5 91.5 0.0 94.5 0.033 35.5 0.718 44.5 31.0 59.4
Image-only Method
Mistral Small 13.0 0.267 15.0 0.09 2.5 1.09 6.0 11.5 9.6
Gemma 3 15.0 0.365 13.5 0.217 3.0 0.883 2.5 4.0 7.6
Qwen 2.5 15.5 0.336 17.0 0.073 1.5 0.961 5.0 9.5 9.7
Numerical Data Agent
Mistral Small 94.0 0.0 99.0 0.0 53.5 0.013 88.5 88.5 84.7
Gemma 3 94.5 0.0 99.5 0.0 39.5 0.384 72.0 72.0 75.5
Qwen 2.5 93.5 0.006 99.0 0.11 92.0 0.213 97.5 98.5 96.1
Hybrid Numerical Data Agent
Qwen 2.5 Coder + Llava 1.6 84.5 0.0 89.0 0.0 80.5 0.021 88.0 88.0 86.0
Qwen 3 Coder + Llava 1.6 82.5 0.0 86.5 0.0 82.5 0.0 87.0 87.0 85.1
Qwen 3 Coder + Mistral Small 93.5 0.0 98.5 0.0 95.0 0.0 99.0 99.0 97.0
Devstral 2505 + Mistral Small 94.5 0.0 99.5 0.0 47.0 0.038 84.5 84.0 81.9

Table 2: This table reports the exact match (EM) and the mean absolute percentage error (MAPE) for information
retrieval benchmark. Unparsed predictions are taken into consideration for scores calculation.

generated code to stay identical during the entire
inference of a task, thereby incapacitating the vari-
ety of generated codes. For diversifying them, we
run the benchmark with 10 workers involving 10
different codes for the same task.

4.3 Results

We organize our results around two complementary
tasks: numerical data understanding, and informa-
tion retrieval. The sensor data understanding task
has long sensor data, whereas time series under-
standing task has short length data. We assess the
four previously mentioned methods on both short
and long numerical data to cover these two scenar-
ios. Also, we analyze modality selection regarding
the models used by our agent. Furthermore, we
plotted polar graphs to investigate each function
used by task type in the agent generated code and
compare the F1 score. You can find them in ap-
pendix D. Our experimental evaluation is across 16
tasks and 6 datasets as summarized in Appendix B
Table 4.

Numerical Data Understanding Table 1
presents the overall F1-Score for each method on
the sensor data and time series understanding tasks.
Text-only approaches can handle short-length
numerical data, but they fail to handle long-length

data such as Gesture and WESAD, where their
F1-score is zero, due to context window overflow (
see 4 summary for dataset size details).

Comparatively, the image-only approach
achieves the highest F1-score on the Gesture and
WESAD datasets (55.7% for Qwen 2.5 onWESAD,
6.3% for Gemma3 on Gesture), demonstrating
that image modality is particularly well-suited
for long-length numerical data. We hypothesize
that plotting long sequences applies implicit
compression that preserves task relevant patterns
while filtering high-frequency noise.

Our agent demonstrates competitive performance
against both baselines in single model and hybrid
configurations. We observe gains on PTB-XL
against the image-only method across all models.
This demonstrates that code-based preprocessing
can extract relevant ECG features that visual inspec-
tion alone may miss. As it was shown in Appendix
D for the PTB-XL polar plots.

For time series understanding task, our agent
showed a competitive results against the text only
method. However, the correlation task results in
Appendix Table 3 demonstrate that the agent out-
performs all competing methods. This superior
performance is primarily attributed to the agent’s
ability to calculate correlation coefficients. This is
particularly evident in Appendix D Figure 8, where
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the Mistral Small model calculates the Pearson co-
efficient using the scipy.stats.pearsonr function and
obtains an F1 score of 0.8. Nevertheless, the Figure
10 for Qwen shows that he only used the plt.sub-
plots function, but if we look carefully at the code
generated in Figure 6, we see that he calculates the
correlation coefficient with pandas. We observe the
same behavior for Gemma 3 on the generated code
in Figure 7.

Additionally, Figure 8 illustrates that Mistral
Small computes the slope of the time series to ascer-
tain the trend. However, when it calculates the slope
with the sm.OLS function, the F1 score is lower than
when analyzing the time series plot with the plt.plot
function. We observed similar behaviour in most
of the models. Where we concluded that the model
interpretation can mislead the agent performance.
This is due to the fact that models misinterpret the
trend by looking only at the slope sign, which mis-
leads it when there is no trend.

Our agent is greatly influenced by code genera-
tion, as shown in the correlation task. Still, we note
that the agent is competitive on short-length numer-
ical data, often performs better on medium-length
data, but fails on long data sequences. We observe
that the image-only method benefits from compres-
sion for long sequences. Where this compression is
not always applied to our agent due to the variabil-
ity of the generated code, as shown in the figures of
appendix D. On the other hand, the agent is better
when the task requires precise computation, like
correlation or information retrieval.

Information Retrieval The information retrieval
task aims to extract values from the time series:
the maximum and the date, the minimum and the
date, and the value at a specific date. Unlike under-
standing task, we do not cache the generated code
because the requested value on a date varies for
each example of the dataset. Results are presented
in Table 2.

Our agent outperforms both baselines on infor-
mation retrieval tasks. Qwen 2.5 achieves 96.1%
total exact match (EM) compared to 59.4% for text-
only and 9.7% for image-only. The agent generates
a code that searches for the exact value in the time
series rather than inferring them from visual or tex-
tual representations. This is reflected in the MAPE
scores: the agent returns values directly from the
data, achieving near zero error (e.g., 0.013 for Mis-
tral Small) compared to 0.451-1.09 for baseline
methods. As shown in Figure 5, all models cor-

rectly generate pandas DataFrames for the retrieval
task, demonstrating appropriate modality selection.
However, some models still produce unnecessary
figures alongside the required DataFrames. But, it
is noteworthy that Mistral has the lowest level of
figure generation, even though it does not achieve
the best performance in information retrieval. In
this specific case, Mistral’s coding capabilities are
limited for information retrieval, as it achieves the
best performance when combined with the Qwen 3
coding model.

Modality Selection Analysis Figure 5 shows that
models differ in output modality selection. Mis-
tral Small generates figures 70-80% of the time on
numerical data tasks, while Gemma3 generates fig-
ures only 40-50%, preferring DataFrames. This
correlates with performance: on HAR, Mistral-
Small achieves 14.8% F1 versus Gemma 3’s 7.2%.
However, for retrieval tasks, all models appropri-
ately generate DataFrames (figure proportion below
20%), explaining consistent strong performance
across configurations.

This analysis allows us to derive guidelines for
every model to reduce the model’s preferences. We
recommend relying on in-context learning depend-
ing on chosen outputs by the model. Models where
figures are preferred on arithmetic or information
retrieval tasks should integrate in-context examples
during code generation. On the contrary, models
that rely on tables for classification tasks should
have examples that drive the model to generate fig-
ures.

HAR
UTD-MHAD

Swimming

PTB-XL

Gesture

WESAD

Trend

Seasonality
Outliers

Volatility

Structural break

Stationarity

Correlation

Lagged correlation

Statistical property

Arithmetic

0 0.2 0.4 0.6 0.8 1

Model Mistral Small Gemma 3 Qwen 2.5 Devstral 2505 + Mistral Small
Qwen 2.5 Coder + llava 1.6 Qwen 3 Coder + llava 1.6
Qwen 3 Coder + Mistral Small

Figure 5: Proportion of figure in multimodal outputs for
each model and numerical data tasks.
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WEST Tokamak Application To evaluate the
utility in practical scientific context, we deployed
our proposed agent to process continuous sensor
data from fusion experiments conducted on the
WEST Tokamak (Bucalossi et al., 2024). The agent
operates as an end-to-end question answering as-
sistant with Mistral-Small as MLLM. We present
responses on examples for information retrieval and
data analysis tasks in Appendix E. We can provide
more examples for the WEST Tokamak question-
answer application. We provide explicit examples
in Appendix E.

5 Conclusion

We propose an agent for sensor data understand-
ing, time series understanding, and information re-
trieval. The agent leverages the coding and vision
capabilities of small open-source MLLMs to pro-
cess long-length and multivariate numerical data.
In the perspective to locally deploy this agent for
assisting researchers in the nuclear fusion field. We
evaluated our agent on the proposed benchmark,
where the agent shows competitive performance
against two baseline methods. However, the perfor-
mance is highly influenced by the backbone model
that generate the code. Indeed, we found that the
coding capability is critical for our agent, especially
for data science code generation. We also tested
a hybrid agent with specialised code model, and
the benchmark results has slightly improved the
performance. Our perspective is to improve this
benchmark by working in specialised data science
model to investigate further the effect of preprocess-
ing.
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Limitation

Our agent demonstrates a robustness for treating nu-
merical data understanding tasks and information
retrieval. Nevertheless, it can face some limitations
regarding the requested query, as the code genera-
tion could not cover all possible cases.

This is due to the straightforward nature of our
agent, which consists of a two-step pipeline de-
signed to minimize computational costs. For this
reason, we did not explore advanced methods for
assessing the generated code, which could avoid
utilizing unnecessary functions for processing. Fur-
thermore, the agent’s models were not jointly op-
timized in order to preserve the model-agnostic
capability of our agent.

Similarly, we do not evaluate large MLLMs, as
our priority is to set our agent production-ready
on a private network. Nevertheless, it could be
interesting to explore the performance of our agent
using large MLLMs.

We do not integrate advanced chain-of-thoughts
strategies in our agent as we only used zero-shot
CoT. Notably, in the code generation prompt which
is essential for our agent to answer the request
as shown by the Gemma3 model outperforming
other model on statistical property detection task.
A future work could integrate this strategy to en-
hance the code generation capability of our agent,
especially to show reasoning examples for pre-
processing the data.
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A Time Series Results

Model Trend Seas. Out. Vol. Struct.
break Stat. Cor. Lagged

cor. Total

Text-only Method F1 Score
Mistral Small 80.1 38.2 24.8 4.8 44.0 35.3 53.4 33.2 39.0
Gemma 3 95.5 31.1 69.2 6.7 44.0 12.3 60.4 30.0 40.5
Qwen 2.5 98.0 35.0 63.6 9.7 48.5 43.0 62.6 32.5 49.0
Image-only Method
Mistral Small 97.5 33.8 41.6 4.6 37.0 43.4 40.3 29.5 36.4
Gemma 3 79.2 30.4 40.5 7.9 28.5 10.1 45.4 24.3 29.6
Qwen 2.5 97.5 31.1 41.8 17.3 34.0 44.4 54.1 28.5 39.4

Numerical Data Agent
Mistral-Small 77.7 35.6 46.0 17.2 16.8 30.7 75.3 20.2 41.9
Gemma 3 22.5 30.1 43.2 10.5 22.8 6.4 78.9 17.3 34.0
Qwen 2.5 66.3 31.3 41.7 13.2 28.8 10.7 83.8 18.4 41.7

Hybrid Numerical Data
Agent
Qwen 2.5 Coder + Llava 1.6 46.6 21.8 28.2 14.1 28.9 28.7 58.6 18.7 33.4
Qwen 3 Coder + Llava 1.6 60.4 18.2 29.4 10.7 27.7 21.0 65.1 13.5 34.9
Qwen 3 Coder + Mistral
Small 62.2 34.7 34.2 5.4 41.2 12.2 54.6 25.7 37.1

Devstral 2505 + Mistral
Small

69.5 35.5 43.1 3.7 22.6 18.5 65.9 15.7 38.1

Table 3: Results for each time series task. (Seas. for Seasonality, Out. for Outliers, Vol. for Volatility, Struct. break
for Structural break, Stat. for Stationarity, Cor. for Correlation and Lagged cor. for Lagged correlation)
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B Datasets Summary

Label Feature Example Sequence Length Numerical
PrecisionName Count Mean Median Min Max

Sensor Data
HAR 6 4 335 9 013 2 634 101 78 049 9
UTD-MHAD 21 7 670 178 176 107 326 18
Swimming 5 12 2 262 813 808 49 6 382 16
PTB-XL 5 2 7 500 1 000 1 000 1 000 1 000 5
Gesture 10 5 2 000 12 000 12 000 12 000 12 000 20
WESAD 3 2 45 515 697 464 800 253 400 838 600 15

Time Series
Trend 3 2 200 90 90 60 125 18
Seasonality 4 2 200 68 60 24 125 18
Outliers 4 2 200 77 90 30 125 18
Volatility 5 2 200 134 120 90 200 18
Structural Break 3 2 200 75 60 30 125 18
Stationarity 5 2 200 78 90 30 125 18
Correlation 3 3 200 56 60 30 90 18
Lagged
Correlation 3 3 200 59 60 30 90 18

Statistical Property 2 2 200 80 90 30 125 18
Arithmetic 200 2 200 84 90 24 200 18

Table 4: Dataset summary
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C Generated Code

# Available packages/tools
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt

result = [] # Initialize plots or pandas dataframes list
df = pd.read_pickle("./data.pkl") # Load sensor data

# Step 1: Compute the Pearson correlation coefficient
correlation_matrix = df[['Series_1', 'Series_2']].corr()
correlation_coefficient = correlation_matrix.loc['Series_1', 'Series_2']
correlation_summary = pd.DataFrame({

'Variable': ['Series_1 vs Series_2'],
'Correlation Coefficient': [correlation_coefficient],
'Correlation Type': ['Positive' if correlation_coefficient > 0 else 'Negative' if

correlation_coefficient < 0 else 'None']↪→
})
result.append(correlation_summary)

# Step 2: Visualize the relationship with a scatter plot
fig_scatter, ax_scatter = plt.subplots(figsize=(8, 6))
ax_scatter.scatter(df['Series_1'], df['Series_2'], color='blue', alpha=0.6)
ax_scatter.set_title('Scatter Plot of Series_1 vs Series_2')
ax_scatter.set_xlabel('Series_1')
ax_scatter.set_ylabel('Series_2')
ax_scatter.grid(True)
result.append(fig_scatter)

# Step 3: Plot both series over time
fig_time_series, ax_time_series = plt.subplots(figsize=(12, 6))
ax_time_series.plot(df['Date'], df['Series_1'], label='Series_1', color='red')
ax_time_series.plot(df['Date'], df['Series_2'], label='Series_2', color='green')
ax_time_series.set_title('Time Series Plot of Series_1 and Series_2')
ax_time_series.set_xlabel('Date')
ax_time_series.set_ylabel('Values')
ax_time_series.legend()
ax_time_series.grid(True)
result.append(fig_time_series)

# Final Output: The result list contains the correlation summary and visualizations

Figure 6: Generated code from Qwen 2.5 using our agent on the Correlation time series task.
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# Available packages/tools
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import sklearn as sk
import statsmodels.api as sm
import scipy
import ruptures as rpt
import pywt

result = [] # Initialize plots or pandas dataframes list
df = pd.read_pickle("./data.pkl") # Load sensor data

# Calculate the Pearson correlation coefficient
correlation = df['Series_1'].corr(df['Series_2'])

# Create a DataFrame to store the correlation
correlation_df = pd.DataFrame({'Correlation': [correlation]})
result.append(correlation_df)

# Visualize the time series
plt.figure(figsize=(10, 6))
plt.plot(df['Date'], df['Series_1'], label='Series_1')
plt.plot(df['Date'], df['Series_2'], label='Series_2')
plt.xlabel('Date')
plt.ylabel('Value')
plt.title('Time Series Plot')
plt.legend()
result.append(plt.gcf())

# Calculate rolling correlation
rolling_window = 10
rolling_corr = df['Series_1'].rolling(window=rolling_window).corr(df['Series_2'])

# Visualize rolling correlation
plt.figure(figsize=(10, 6))
plt.plot(df['Date'], rolling_corr, label='Rolling Correlation')
plt.xlabel('Date')
plt.ylabel('Correlation')
plt.title(f'Rolling Correlation ({rolling_window} window)')
plt.legend()
result.append(plt.gcf())

Figure 7: Generated code from Gemma 3 using our agent on the Correlation time series task.

D Polar plots of function versus F1 score
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Figure 14: Devstral 2505 + Mistral Small
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E WEST Tokamak Examples

</> Code Generation

User Query

For shot number 58642 plot the plasma current over the whole discharge and mark the time of its peak value

import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
result = []  # Initialize plots or pandas dataframes list
df = pd.read_csv("./data.csv", index_col=0)
# Filter data for shot number 58642
shot_data = df.loc[58642]
# Plot plasma current over the whole discharge
plt.figure(figsize=(10, 6))
plt.plot(shot_data.index, shot_data['SMAG_IP'],
 label='Plasma Current (kA)')
plt.title(f'Plasma Current for Shot {58642}')
plt.xlabel('Time (s)')
plt.ylabel('Plasma Current (kA)')
plt.grid(True)
# Find the index of the peak plasma current
peak_index = shot_data['SMAG_IP'].idxmax()
peak_value = shot_data['SMAG_IP'].max()
# Mark the peak value on the plot
plt.scatter(peak_index, peak_value, color='red', zorder=5)
plt.annotate(f'Peak: {peak_value:.2f} kA', (peak_index, 
peak_value),
             textcoords="offset points", xytext=(10,10),
             ha='center', color='red')
# Add legend
plt.legend()
result.append(plt)

Answer Generation

Figure 15: In this example, a user queries plasma current analysis for shot number 58642. The agent identifies the
relevant signal, generates executable code, identifies the peak value (408.00 kA at approximately 3 seconds), and
provide analysis of the plasma current evolution.
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</>
Code Generation

User Query

is pulse 57287 disrupted or not disrupted

Answer Generation

import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
result = [] # Initialize plots or pandas dataframes list
df = pd.read_csv("./data.csv", index_col=["shot_id", "time"])
 # Load sensor

# Data processing
shot_id = 57287
shot_data = df.loc[shot_id]

# Plot line integrated density
fig, ax = plt.subplots(figsize=(10, 6))
ax.plot(shot_data.index, shot_data['GINTLIDRT%3'], 
label='Line Integrated Density (m^-2)', color='blue')
ax.set_xlabel('Time (s)')
ax.set_ylabel('Line Integrated Density (m^-2)')
ax.set_title(f'Line Integrated Density for Shot {shot_id}')
ax.legend()
result.append(fig)

# Plot plasma current
fig, ax = plt.subplots(figsize=(10, 6))
ax.plot(shot_data.index, shot_data['SMAG_IP'], label='Plasma 
Current (kA)',
 color='red')
ax.set_xlabel('Time (s)')
ax.set_ylabel('Plasma Current (kA)')
ax.set_title(f'Plasma Current for Shot {shot_id}')
ax.legend()
result.append(fig)

# Plot injected power
fig, ax = plt.subplots(figsize=(10, 6))
ax.plot(shot_data.index, shot_data['SICHPTOT'], label='ICRH Power
 (kW)', 
color='green')
ax.plot(shot_data.index, shot_data['GPHYB%3'], label='LHCD Power
 (kW)', 
color='orange')
ax.set_xlabel('Time (s)')
ax.set_ylabel('Power (kW)')
ax.set_title(f'Injected Power for Shot {shot_id}')
ax.legend()
result.append(fig)

Figure 16: This example is used to assess the agent ability to classify and analyze plasma stability related questions.
The assistant generates plots, analyses multiple diagnostic signals, and provides explanation why this shot was
classified as disrupted. While it correctly identifies the shot as disrupted, it also attempts to visualize signals that are
not directly relevant to disruption detection.
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