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Abstract

The use of Large Language Models (LLMs) has expanded across various domains, simplifying tasks such
as coding, querying relational databases, and service composition. In this work, we explore their role
in industrial data access, enabling shop-floor operators to issue natural language queries and obtain
structured tables integrating data from multiple sources, including machines and information systems.
We present a system that takes user queries as input and automatically generates a data processing
pipeline that leverages available data services to construct a table satisfying the user’s information needs.
Our approach is evaluated on a real-world case study, demonstrating that incorporating data service
descriptions and prior pipelines leads to accurate results compared to directly applying a state-of-the-art
code generation tool.
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1. Introduction

Manufacturing companies generate vast amounts of data from diverse sources, spanning shop
floors, warehouses, and administrative offices. These data originate from traditional information
systems, such as Enterprise Resource Planning (ERP) systems, and physical sensors embedded
in machinery and production environments. Access to these data sources is facilitated through
various mechanisms, including direct database connections and Application Programming
Interfaces (APIs), often exposed as Web services. We refer to these mechanisms collectively as
smart data services (or simply data services, DSs). By integrating multiple data services, new
insights can be extracted, enabling more informed decision-making. We define an information
extraction pipeline (or simply pipeline) as any computational process that composes new infor-
mation by leveraging available data services. Without loss of generality, this composition can
be represented in the form of relational tables. Despite their potential, real-time data access
remains a challenge on the shop floor, where rapid decision-making is required. Operators often
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Figure 1: The cardboard manufacturing case study

struggle to retrieve timely information due to evolving data needs, and continuously developing
new pipelines to address these needs incurs substantial costs. This issue is particularly critical
for non-IT-focused manufacturing companies, which typically outsource data management
tasks. While data governance platforms offer partial relief, their reliance on extensive backend
data lakes makes them impractical for many organizations, particularly Small and Medium
Enterprises (SMEs), which often lack the financial, technical, and human resources required
to maintain such systems [1]. Conversely, chat-enabled digital assistants are emerging as an
intuitive interface for human-machine interaction, drawing increasing interest from industrial
applications [2]. By allowing shop floor operators to interact with data services through natural
language queries, these assistants can provide fast, user-friendly, and hands-free access to
critical information. Large Language Models (LLMs) have recently demonstrated remarkable
capabilities in handling complex queries, particularly when enhanced with external tools such
as search engines and databases [3].

Example case study. Consider a cardboard manufacturing plant, illustrated in Figure 1. The
production process relies on two primary machines: @ a die-cutting machine, which cuts
cardboard using interchangeable die cutters, and (B) a stacker, which groups cut-out cardboard
into bundles. The die cutter is equipped with a chip that tracks its speed in rotations per second,
while a high-resolution camera monitors the production line, detecting defective cardboards. A
second camera, placed after the stacker, records the completion of each bundle. Several data
services are involved in this scenario, such as (i) DS1, which retrieves the speed of the active
die cutter, (ii) DS2 which identifies the camera monitoring a specific die cutter, (iii) DS3 which
captures an image frame from a specific camera, (iv) DS4, which detects defects in a given
cardboard image, and (v) DS5, which signals when a new bundle is complete. Now, suppose an
operator submits the following natural language query:

Q: “For the current session of the die cutter with ID 7, generate a table containing (i) the
number of defect-free cardboards and (ii) those with errors”

In this work we envision a system capable of leveraging LLMs to dynamically construct a
pipeline that fulfill a natural language query, composing the required data services and treating
sensors, cameras, and other tools as external knowledge sources. Specifically, to answer Q, first,
DS2 is invoked to retrieve the ID of the camera monitoring die cutter 7 (e.g., camera 74240).
Then, DS3 captures a frame from camera 74240, recording a sample of the produced cardboard.
Finally, DS3 analyzes the captured image to determine if defects are present.

Contribution. In this work we present a methodology, together with a prototype imple-



mentation, for synthesizing information extraction pipelines in the form of Python scripts,
starting from natural language queries. The system utilizes a documented codebase that includes
available data services and previously defined pipelines. These pipelines may be manually
created or previously generated using our solution.

Outline. The rest of this paper is structured as follows. Section 2 provides background
and discusses related work. Section 3 presents the core components of the proposed solution.
Section 4 describes technical implementation details. Section 5 reports experimental results.
Finally, Section 6 outlines future challenges and presents concluding remarks. This paper builds
on our previous work [4], summarizing its key insights and providing an overview of the system
and its implementation.

2. Related Works

LLM in data management. LLMs are transforming data management with applications in
querying relational databases [5, 6], reasoning over structured data [7, 8], and automating data
cleaning [9]. These works typically operate over existing relational data. In contrast, our system
constructs relational outputs from scratch by composing data services. The idea of generating
tables with LLMs has also been explored in [10], where models enhance database results with
external knowledge from their pretraining. In contrast, our approach does not treat the LLM as
an information source but as a mechanism to identify and compose data services.

LLM for service composition. LLM Agents [11], which invoke external tools, naturally align
with the concept of service composition [12], where complex tasks are fulfilled by combining
component services. This capability has been explored in [13], where an agent orchestrates
process-execution tools to produce business logic code. More broadly, LLM-based service
composition has shown promise [14, 15], though expert supervision remains necessary due to
limitations in accuracy and reliability.

LLM for code generation. Due to the structural similarity between code and natural
language, LLMs are widely used in software engineering for tasks such as code understanding
and synthesis [16, 17, 18]. These models can translate descriptions into executable code, often
capturing non-trivial logic [19]. Prominent examples include Codex [20] and AlphaCode [18].
More recent developments, such as LLM Agents and self-reflection techniques [21], have further
improved performance in complex code generation tasks.

3. System Architecture

Figure 2 illustrates the architecture of the proposed approach. The process begins when a
human operator submits a natural language query () to retrieve information from an ongoing
manufacturing process. Queries can include parameters such as time ranges or specific defect
types but do not assume prior knowledge of available data services. Instead, they specify only
the required information, without technical details on how to compute it. At the core of the
architecture is the LLM Agent, which constructs a query-specific prompt for a pre-trained LLM.
The prompt is generated based on information retrieved by the dynamic context retrieval module.
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Figure 2: Architecture of the proposed solution
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This component identifies €3 relevant example pipelines from the pipeline repository and €b
suitable data services from the data service repository to help answer the query. Manufacturing
assets expose data services that range from actuation services (e.g., activating a camera) to
data-generating services (e.g., retrieving the current speed of a die-cutting machine). These
services operate through various communication protocols, but for simplicity, they are assumed
to be callable via function calls. Each service may require parameters and return structured or
unstructured outputs. The data service repository stores documentation describing each service
functionality and usage. The pipeline repository contains predefined pipelines, either manually
created or derived from previous executions of our solution. Each pipeline is linked to the query
it was designed to fulfill and is represented as a software script (Python) that (i) produces a
structured table as output and (ii) utilizes data services. Pipelines can be expressed in different
formalisms, such as programming languages or workflow scripting languages [22]. Once the
relevant pipelines and data service documentation are retrieved, they are provided (3) to the
LLM Agent along with the query. This information is incorporated into a structured prompt
template, guiding the LLM in generating an appropriate pipeline. The generated pipeline is then
executed @ in an execution environment, such as a Python interpreter. The execution produces
a structured table (5) that answers the query. If the human operator thinks the produced pipeline
can be helpful as a future reference for future queries, the pipeline together with the originating
query can be stored (6 in the pipeline repository for further reuse.

4. Implementation Details

In this section, we outline the implementation details of the proposed solution. A prototype’
has been developed in Python using the Langchain framework?. The LLM Agent is based on
OpenAl's GPT-4 (gpt-4-turbo)’.

'For repeatability, both the source code and experimental results are publicly available at: https://github.com/
jermathew/COSMADS

?See https://www.langchain.com/

*GPT-4 can be replaced with any other LLM, though adjustments to the prompt may be needed to maintain accuracy.
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Dynamic Context Retrieval. The LLM Agent’s prompt is built using two key elements: (i)
relevant past queries and their associated pipelines as few-shot examples, and (ii) the set of
data services required to answer the input query. As outlined in Section 3, this information
is retrieved from the pipeline repository and data service repository, respectively. The pipeline
repository is a vector store that maintains embeddings of solved queries, computed using
OpenATl’s text-embedding-ada-002, along with metadata pointing to the corresponding
Python pipelines. For efficient storage and search, we use DocArray’s DocIndex*, which
integrates with Langchain. Given a user query, its embedding is computed and the top-K° most
similar queries are retrieved using cosine similarity. The data service repository lists services
that enable access to historical and real-time data. These are typically implemented as Python
classes, each including: (i) a function that wraps the actual service logic, and (ii) a documentation
field that describes its functionality, usage, example invocation, and input/output parameters.
The LLM Agent relies on this documentation to compose pipelines using the appropriate services.
While only the top-K example pipelines are included in the prompt, all data services are made
available. This design assumes the set of services remains relatively stable over time, whereas
the number of pipelines is expected to grow. Including all services avoids generation errors due
to missing service descriptions.

LLM Agent. Our LLM Agent leverages the in-context learning (ICL) capability of LLMs [23].
However, the effectiveness of the generated output depends heavily on the quality of the
prompt [24]. In our system, we designed a prompt template, which is populated with information
retrieved by the dynamic context retrieval module, following established best practices [25].
These ensure that the task is clearly defined, relevant contextual information is included,
demonstrations are provided, and using a model-friendly format style. The prompt consists of
both static and dynamically retrieved components and is shown in Figure 3°. The invariable
sections, highlighted in blue, include (i) a system header that defines the agent’s expertise, (ii)
a goal description outlining the expected output, (iii) a specification of the structure of data
service documentation, and (iv) a set of guidelines that the model must follow when generating
its response. The dynamic sections, marked in yellow, are retrieved by the dynamic context
retrieval module and contain (i) the set of data services relevant to answering the query and
(ii) a selection of example queries with their corresponding pipelines, which serve as few-shot
demonstrations. Finally, the user’s input query, shown in red, is integrated into the prompt to
specify the problem to be solved.

5. Experimental Validation

To evaluate our approach, we adapted a data service repository from a proprietary codebase
used in a real-world cardboard manufacturing pilot. For experimentation, service interactions
with physical assets were simulated rather than executed on actual devices. The repository
contained 12 data services. We also manually defined five queries (q0—q4), each paired with a
corresponding solved pipeline serving as ground truth. These queries, suggested by factory

*https://github.com/docarray/docarray
*We use K = 1 in our experiments.
SThe full prompt is available at https://github.com/jermathew/COSMADS/blob/main/src/pipeline_chain.py
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Prompt template

<LLM AGENT EXPERTISE>

Query: {query}

<GOAL DESCRIPTION>

{data_services}

<DATA SERVICES DOCUMENTATIONS STRUCTURE>
<GUIDELINES>

Here examples of pipelines that may help you in generating a new pipeline:
Query: {example_query}

Pipeline: {example_pipeline}

...other examples. ..

Answer:

Figure 3: Overview of the prompt template

operators, were rephrased into 10 variants using an LLM to introduce diversity. The queries
were designed with increasing complexity, from simple (q0) to complex (q4), based on the
number and type of data services involved. Each was ensured to have at least one similar query
and pipeline in the repository for retrieval during evaluation.

Evaluation details. We assessed the quality of the tables generated by our approach by
comparing them to ground truth data produced from manually written Python scripts. The
evaluation was performed at two levels: intentional (schema-level) and extensional (data-level).
At the intentional level, we compared the structure of the generated tables with the expected
schema, representing the correct relational definition. Schema matching was conducted using
the Valentine tool’[26], based on the COMA instance-based method [27]. Precision and recall
were used to assess schema quality: high precision indicates few incorrect columns (false
positives), while high recall reflects the inclusion of most expected columns (low false negatives).
Since rephrased queries can lead to varying column names, the matching method accounts for
such variations. At the extensional level, we measured the correctness of the data in matched
columns using two metrics: Accuracy (cell) and Accuracy (row). These capture, respectively, the
proportion of correct values at the cell and row level. Importantly, accuracy is computed only
over matched columns, meaning high accuracy scores can still be achieved even with lower
precision or recall, as long as the content of matched columns is correct.

Evaluation results. The results of our evaluation are summarized in Table 1, with values
averaged over the set of query variants. The findings reveal a decreasing trend in the measured
metrics as query complexity increases. While schema matching precision remains relatively
stable across different queries, recall drops significantly for g2 and ¢3. Upon manual inspection,
we observed that missing columns in the generated tables were often related to timestamps
used for defining time windows. In g2, despite some missing timestamp columns, accuracy
remains high, whereas in ¢3, errors primarily stem from incorrect computations of aggregated
results within time windows, leading to a lower accuracy score. The results for g4 show the

’Cf. https://github.com/delftdata/valentine
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’ Query H Precision \ Recall H Accuracy (cell) \ Accuracy (row) ‘

q0 1.0 1.0 1.0 1.0
q 1.0 1.0 1.0 1.0
q2 1.0 0.66 1.0 1.0
q3 1.0 0.67 0.83 0.80
q4 0.9 0.81 0.76 0.55

Table 1
Evaluation results of our approach (w/ similar query-pipeline example)

- Accuracy | Accuracy - Accuracy | Accuracy

Query Precision Recall (cell) (row) Query Precision Recall (cell) (row)

q0 1.0 1.0 1.0 1.0 q0 1.0 1.0 1.0 1.0

q1 1.0 1.0 1.0 1.0 q 1.0 1.0 1.0 1.0

q2 1.0 033 1.0 1.0 q2 1.0 0.4 0.6 0.6

q3 1.0 0.42 0.54 0.23 q3 0.9 0.32 0.36 0.23

q4 0.4 0.31 0.28 0.0 q4 0.6 0.23 0.23 0.14
(a) W/o similar pipeline example - (a) version (b) W/o pipeline example - (b) version

Table 2

Ablation study results

lowest overall performance. In this case, the increased complexity of data service composition
challenges our solution, leading to inconsistencies in the generated output. Manual analysis
revealed that in some cases, the generated tables contained correct data but were poorly
structured, for instance, using arrays or textual representations instead of numerical values.

Ablation study. To assess the impact of the dynamic context retrieval component on result
quality, we conducted an ablation study. The experiments were performed on the same set
of queries, considering two modified versions of our solution. In the first version, (a), instead
of providing the LLM Agent with similar query-pipeline examples, we replaced them with
unrelated query-pipeline pairs. In the second version, (b), we completely removed query-
pipeline examples from the prompt. The results of these two settings are reported in Table 2a
and Table 2b, respectively. Both configurations lead to worse performance compared to Table 1,
underscoring the importance of query-pipeline few-shot examples in guiding the LLM Agent.
Interestingly, version (a), which replaces relevant examples with unrelated ones, does not
perform as poorly as one might expect. This suggests that even in an initial deployment phase,
where a repository of relevant query-pipeline examples may not yet be available, our solution
can still generate reasonably accurate results.

Baseline: GitHub Copilot. We compared our system to an end-to-end baseline using a
code-generating LLM, GitHub Copilot®. Copilot was prompted to access the documentation
of the data services and generate a JSON file containing the tabular data as a response to the
query. The evaluation was conducted using Copilot’s chat mode within Visual Studio Code’.
Given a workspace containing the set of implemented tools, we invoked the eworkspace
agent, which employs a meta-prompt to determine relevant information from the workspace

8Cf. https://github.com/features/copilot/
°Cf. https://code.visualstudio.com/docs/copilot/overview.
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’ Query H Precision \ Recall H Accuracy (cell) \ Accuracy (row) ‘

q0 1.0 1.0 1.0 1.0
ql 0.7 0.55 0.15 0.1

q2 0.9 0.33 0.8 0.8
q3 1.0 0.45 0.65 0.63
q4 0.2 0.15 0.09 0.0

Table 3
Github Copilot

to assist in answering the query. The results, reported in Table 3, show that while Copilot is
capable of generating tables for simpler queries, its performance degrades as query complexity
increases. Interestingly, in some cases, Copilot outperforms our approach, likely due to its
specialized training on code generation, which gives it an advantage over GPT-4 in certain
scenarios. However, integrating Copilot into an automated workflow remains a challenge, as
its web APIs are not publicly accessible. Nonetheless, the results suggest that replacing GPT-4
with Copilot within our solution could further enhance performance.

6. Concluding Remarks

In this paper we presented a tool that generates Python scripts from operator queries by
leveraging existing data sources to produce tabular outputs. Evaluation on a real-world case
study shows that incorporating data service descriptions and prior pipelines improves accuracy
over state-of-the-art code generation tools lacking such context. A key challenge lies in ensuring
high-quality service documentation, which directly affects LLM Agent performance. While
automatic documentation techniques [28] offer promise, enabling the LLM to reliably interpret
and apply services remains an open issue, potentially addressable via service profiling or
human-in-the-loop refinement [29]. Pipeline generation also poses challenges. Although our
system produces pipelines in a single step [30], iterative strategies using Chain-of-Thought
reasoning [31] and self-reflection [32, 33, 34] could improve quality. Previewing the resulting
table could help catch errors early. Finally, direct execution introduces risks; pipeline simulation
using digital twins [35] could offer a safer testing environment.
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