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Abstract

The Internet of Services paradigm enables data-driven collaboration in production networks, but its full
potential is hindered by the gap between domain experts and R&D managers, who define data needs,
and IT specialists, who integrate data services into analytics pipelines. Large Language Models (LLMs)
have recently emerged as valuable tools to assist domain experts in identifying and combining data
services into pipelines, thus bridging the gap with IT specialists. However, building effective prompts for
LLM-based systems requires technical expertise and extensive knowledge of available services and their
integration. To address this aspect, we propose an LLM-based approach for data service discovery in the
Internet of Production, leveraging Retrieval-Augmented Generation (RAG) applied to a catalog of atomic
data services and analytics pipelines. This approach helps domain experts and R&D managers specify
service needs and draft preliminary analytics pipelines, which IT specialists can then implement. The
evaluation conducted in real-world Smart Factory case study demonstrates its potential to streamline
data service discovery and analytics pipelines design.

Keywords
Large Language Models, Retrieval-Augmented Generation, prompt engineering, Internet of Services,
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1. Introduction

The Internet of Services (IoS) paradigm utilizes data services to support various stages of
data analytics (e.g., storage, processing, analysis) in Smart Manufacturing processes. These
services can be discovered and combined into data analytics pipelines, improving manufacturing
efficiency and fostering collaboration among actors like domain experts, R&D managers, and
IT specialists [1]. While domain experts and R&D managers know which data should be
collected, IT specialists oversee the discovery and integration of data services into pipelines.
Traditional approaches rely on formal descriptions and annotations to describe the internal
and external behaviour of services, requiring significant technical expertise. Recently, Large
Language Models (LLMs) have emerged as a tool for service discovery, providing a support to
bridge the gap between domain experts and IT specialists [2]. LLMs enable domain experts to
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preliminarily select services and design analytics pipelines, with IT specialists finalizing the
implementation. However, interacting effectively with LLMs remains a challenge, particularly
in coping with the hallucination phenomenon, which compels users to properly formulate
prompts reflecting their search intent [3]. Although prompt engineering aims to address the
latter issue, it still depends on human expertise to build precise prompts. To improve service
discovery, Retrieval-Augmented Generation (RAG) techniques can be employed [4], but current
literature uses limited service models that overlook the inclusion of analysis scenarios as relevant
examples to guide the design of new pipelines [5, 6, 7]. This paper proposes an approach for
data service discovery in Internet of Production contexts, leveraging LLMs. The approach
includes: (i) designing prompt templates to help domain experts and R&D managers formulate
search intents, and (ii) using RAG on a catalog of atomic data services and analysis scenarios.
Preliminary experiments have been conducted in a real-world case study within the scope of
the MICS national research project [8], funded by the NextGenerationEU economic recovery
package. This discussion paper stems from our previous paper [9], where we provided an
overview of the requirements and the building blocks for achieving LLM-based data services
discovery. The remainder of the paper is organised as follows. In Section 2 related work is
discussed. Section 3 introduces the case study and background concepts. Section 4 provides
details on the ingredients for LLM-based service discovery, as well as a preliminary evaluation
of the approach. Finally, Section 5 closes the paper.

2. Related work

Recent studies have explored the use of LLMs for service discovery across various application
domains. Zeng et al. [7] propose using LLMs for automatic workflow generation involving
APIs, with a structured prompt to guide the search process. Huang et al. [10] integrate LLMs
with a Knowledge Graph for API recommendation, overcoming challenges like rigid templates
and out-of-vocabulary issues. Monti et al. [6] introduce NL2ProcessOps, which uses LLMs and
RAG for code generation to support process deployment. Li et al. [5] combine ChatGPT and a
Manufacturing Service Knowledge Graph to address domain-specific queries in manufacturing
service discovery. Nonetheless, these approaches lack a consideration of how to combine RAG
methods with structured prompt templates incorporating service descriptive metadata. Indeed,
Zeng et al. templates focus mainly on output style rather than structuring users’ inputs through
placeholders, while Huang et al. provide details about service descriptive metadata only at a
high level of abstraction. The Knowledge Graph employed by Li et al. only provides basic textual
service descriptions as metadata, and templates from Monti et al. prioritize code generation
over the employment of service metadata for prompt design. Conversely, our LLM-based
approach emphasizes the usage of terminology and concepts descending from analysis scenarios
and services descriptive metadata to design prompt templates to interact with an LLM-based
system for service discovery. Moreover, the approach fosters the RAG method to enhance LLM
contextual knowledge about data services and meaningful analytics pipelines.
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Figure 1: Pipeline of ADS for the example scenario (legend for service types — C: cOLLECT, D: DISPATCH,
M: MONITOR).

3. Case study and background concepts

Let us consider the perspective of an Original Equipment Manufacturer (OEM), aiming to
monitor the thermal deformation (thermal error) of a five-axis vertical machine used for
milling complex three-dimensional parts in steel, aluminium alloys, and composites. In milling
machines, the thermal error is one of the most significant factors leading to a structural
deformation (observed between the work-piece and the tool acting on the work-piece),
influencing the accuracy of the machine tool and decreasing product quality. One of the tests
apt to assess the magnitude of thermal error is the axis-motion test, separating the contributes
of thermal displacement by assuming that each single axis shows a different behaviour and,
therefore, has to be moved and tested separately. In this respect, thermal error is ascribable to
the displacements d;—1 . 5, where i refers either to a Cartesian or to a rotational axis, measured
from the zero-displacement position. Regression models (such as MLRA or LASSO), can be
employed to predict displacements d;—;. 5 as a function of temperatures gauged through
sensors mounted by the OEM both internally and externally the machine. In fact, in operational
settings, a direct measure of displacements is not feasible. The validated prediction model
can be employed during daily machine operation, when only temperature measurements are
available and displacements cannot be detected due to the presence of the work-piece and
material shavings.

Atomic Data Services and Analysis Scenarios. The data analysis procedure to accomplish
error predictions is conceivable as a sequence of several atomic tasks (e.g., the measure of
temperature through sensors, the selection of train/test data for regression models). These
analytical tasks are widely applicable across diverse Smart Manufacturing domains, extending
beyond the discussed case study. For the execution of these tasks, according to an IoS paradigm,
we rely on a catalog of Atomic Data Services (in brief, Data Services or ADS) which, depending
on their functionalities, are distinguished amongst: (i) COLLECT services, used by actors within
a production network to retrieve data (e.g., from sensors, data stores); (ii) DISPATCH services, to
manipulate data and share it across the production network; (iii) MONITOR services, to perform
analysis tasks such as prediction or data comparison. Pipelines of ADS are constructed to



accomplish data analysis scenarios (in brief, analysis scenarios). An example of a data analysis
scenario, taken from the considered case study, is when the OEM performs data analysis based
on measures collected from a milling machine hosted by one of his/her clients. Here, data
analysis is offered as-a-Service to the client. A pipeline of ADS fulfilling this scenario is shown
in Figure 1. Other scenarios, implemented as pipelines of ADS, can be identified in a similar
way, in the same Smart Factory context or in different ones, as well.

Atomic Data Services and Analysis Scenarios modelling. The informative elements apt to
model ADS and Analysis Scenarios, serving as descriptive metadata, are briefly summarised
in the following and highlighted in small-caps writing style. Each ADS processes DATASETS
containing DATA RECORDS, abstracting data regardless of type. MONITOR services are orga-
nized among CLASSIFICATION services (producing class labels), PREDICTION services (generating
continuous values), and coMPARISON (evaluating their inputs against thresholds). ADS data
operations are modelled in a declarative way, resembling the primitives of a declarative language
(e.g., SQL): PROJECTION (attribute selection), SELECTION (data filtering), AGGREGATION (applying
functions like MIN/MAX/AVG), and TRANSFORMATION (e.g., format conversion). Each service
is associated with a DESCRIPTION DOCUMENT, gathering ADS metadata, following standards
like OpenAPI [11]. Instead, an ANALYSIS SCENARIO is modelled as a pipeline of ordered STEPS
(e.g., data collection) supervised by ACTORs (e.g., client, OEM), where each step comprises TASKs
(e.g., internal temperatures collection) executed by specific ADS. SPECIALIZATION relationships
between scenarios can be established to reflect that one scenario adds steps/tasks to another.

4. LLM-based system for data service discovery

Prompt templates to interact with the LLM-based system. In the following, we present
prompt templates (Figure 2) designed for the LLM-based service discovery system, relying
upon the terminology and concepts related to ADS and analysis scenarios descriptive metadata.
Specifically, at this stage of the research, we devised three prompt templates (namely, T1,
T2 and T3) pursuing different objectives and built complying with renowned organizational
patterns [12]. Instances of such prompts may be chained together to assure a continuous
interaction flow, where the output obtained by the LLM-based system exploiting a prompt
can be used as (part of) the input for the subsequent one. This technique is denoted as prompt
chaining [13], and it is useful to relieve the LLM at query time, as it may struggle answering
it. In each template, placeholders for the user’s input are delimited by curly brackets (e.g.,
{task}) and derive from the descriptive metadata of ADS and analysis scenarios, except for
the context placeholder. Unlike the others, in fact, context is not intended to host any
textual input from the user; instead, it serves as a special reference for passing in formatted
documents to the prompt. These are retrieved through the RAG method as described in the next
paragraph. Prompt templates can be employed to pursue three interaction strategies, targeted to
domain experts and R&D managers: (i) assist users without a clear idea of the structure of the
analysis scenario, by using templates T1-T3 to progressively define steps, tasks, and discover
appropriate ADS; (ii) help users with an already defined scenario, by directly utilizing template
T3 to discover relevant ADS; (iii) focus solely on scenario structured through templates T1-T2,
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</definitions> </definitions> </definitions>
and the following list of tasks:
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Query: suggest me the tasks I may execute to Query: suggest me a service
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(between <steps></steps>). {Aggregation}{Transformation}{attributes}.
Answer: Produce as output only the ordered list of tasks (between Additional information to properly set the values of

<tasks></tasks>). service input parameters (if any):

Answer:

Answer (specify also how to properly invoke the service):

Sample of TEMPLATE T3

... suggest me a service for reading the
content of a CSV file with 31 columns,
including a row ID, timestamp, 28
temperature values, and X axis displacement
values from a sensorized spindle on a
working center machine by excluding the row
ID column

Task 1

... suggest me a service for training a
multiple linear regression model on the
dataset obtained from the Task 1, having 30
columns: timestamp, 28 temperature values,
and X axis displacement values.

Additional information to properly set the values
of service input parameters (if any):

Task 2

Figure 2: Prompt templates T1 to T3. Example of instances of template T3.

postponing ADS discovery.

Retrieval-Augmented Generation method. The proposed LLM-based system for ADS
discovery leverages the Retrieval-Augmented Generation (RAG) method [4] to enhance an
LLM with contextual data, thereby improving response coherence and relevance to users’
queries. In our case, contextual data has a two-fold nature, as it regards: (i) a catalog of ADS,
described according to the OpenAPI specification standard (in JSON format), which enables
the inclusion of descriptive metadata based on the ADS model; (ii) descriptions of available
analysis scenarios (in XML format), according to the data analysis scenarios model. From a
higher viewpoint, the RAG method is composed of three main macro-phases: (a) indexing,
by applying a chunking strategy (to ensure efficient storage and faster retrieval), and an
indexing strategy to the descriptions of ADS and analysis scenarios to be stored into a vector
database as numeric vectors (exploiting an embedding model); (b) retrieval, which takes the
user’s textual query and retrieves the relevant data chunks from the vector database using the
query; (c) generation, wherein a prompt containing the original user’s query and contextual
knowledge from the vector database is processed by the LLM to provide an answer to the
user. The LLM-based system equipped with the RAG method has been implemented with
LangChain [14] and hosted on Google Colab notebooks. These notebooks run the Open Source
granite3-dense-8B LLM, utilizing Google Cloud Platform GPUs, and implement the RAG method
over OpenAPI and analysis scenario datasets. The vector database for the RAG module em-
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Figure 3: Overview of RAG method: details of the ADS discovery process with prompt template T3.

ploys ChromaDB [15], storing embeddings of ADS and analysis scenarios in separate collections.

Example of RAG-based discovery workflow. Figure 3 illustrates the workflow of the ADS
discovery process using prompt template T3, with circled numbers indicating the order
of operations. The user-specified placeholders in T3 are employed during the Retrieval
and Generation phases of RAG (2a). In particular, in the Retrieval phase, the placeholder
{atomic_service_type} is used as a filtering key (2b), while a rephrased version of {task}
(2¢) is employed to perform a cosine similarity search, restricted to a subset of ADS document
chunks (2d). In the Generation phase, the retrieved ADS chunks (2e) provide context for LLM
inference (3), allowing the model to suggest the appropriate ADS to accomplish the atomic task
(4, 5).

Preliminary validation of the LLM-based system with the proposed prompt templates.
Leveraging prompt templates T1, T2 and T3, we conducted a qualitative evaluation to assess
whether LLM-generated responses downstream the Generation phase of RAG align with user’s
requests. To this aim, we recruited a group of seven users from the application context presented
in Section 3, knowledgeable of LLMs and prompts usage, having the skills of domain experts and
R&D managers. The evaluation applied In-Context Learning (ICL) techniques [21] over three
groups of prompts, designed in turn with three prompting strategies: (i) zero-shot (templates
T1-T3), (ii) one-shot (templates T3), and (iii) Chain-of-Thought (templates T1-T2). Two LLM
configurations were tested: (i) full OpenAPI documents descriptions and (ii) partial OpenAPI
documents descriptions (omitting meaningful names in service routes, parameters, etc.). In the
following, we report some evidences from the conversations between users and the LLM-based
system: (i) non-template queries required three interactions for relevant ADS retrieval; (ii) zero-
shot ICL effectively identified, normally at the first interaction, tasks and ADS with full OpenAPI



documents descriptions; (iii) partial OpenAPI descriptions induced minor hallucinations (e.g.,
non-existent services). The planned future work on broadening the experimental evaluation
includes a quantitative assessment of both Retrieval and Generation phases of RAG as well as
the optimization of RAG hyperparameters (e.g., related to the chunking strategy).

5. Conclusions and future work

In this paper, we proposed an LLM-based approach for data services discovery in the Internet of
Production context, leveraging Retrieval-Augmented Generation (RAG) on a catalog of atomic
data services and analysis scenarios. Our approach emphasizes the use of tailored prompt
templates to guide user’s search intent, reducing trial-and-error interactions and enabling users
to specify service needs (e.g., filtering, aggregation) without requiring implementation details.
A preliminary validation conducted in the scope of a real-world case study within the MICS
project [8] highlighted the benefits of using metadata-informed prompts in improving discovery
efficiency. Future work will focus on devising prompt templates for the LLM-based system
designed to suggest additional steps or tasks that could enhance a previously structured scenario,
by leveraging specialization relationships between scenarios. Apart from specialization, we will
consider the integration of further scenario relationships in the Analysis Scenarios model (e.g.,
taking inspiration from the renowned UML Use Cases relationships, which permit to specify
inclusion and extension between Use Cases), investigating how to employ the LLM-based system
to support the users in recognising such relationships. Moreover, from a general perspective,
we will introduce personalisation elements in the prompt templates, to tailor interactions and
response formats based on users’ profiles (e.g., adapting the output writing style depending on
the specific skills of domain experts and R&D managers).
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