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Abstract. Code generation through Large Language Models (LLMs) has
made significant progress in recent years. However, when the code gener-
ation involves a lesser-known Domain-Specific Language (DSL), a stan-
dard tool in software development for cyber-physical systems, LLMs’ per-
formance significantly decreases. We present an exploratory study assess-
ing LLMs’ performance in generating LIrAs (Language for Interactive
Agents) code, a DSL for robotic and multi-agent tasks specification. This
work is a stepping stone towards improving LLM-generated DSL code
through iterative specification repair techniques driven by formal verifi-
cation results.

Keywords: Domain-Specific Languages (DSLs) + DSL Code
Generation + Multi-Agent Systems - Large Language Models

1 Introduction

Software-intensive systems—e.g., autonomous driving, assistive robotics, and
smart manufacturing—are increasingly integrated into our lives. These systems
rely on intelligent cyber agents that gather and process environmental data, and
act according to their tasks and analyzed inputs. Human interaction in Multi-
Agent Systems (MASs) further complicates these complex systems, requiring
stakeholders to mitigate various risks, including financial and, crucially, phys-
ical harm. Consequently, specifying interactive tasks in MASs is a significant
challenge for software engineers [6], demanding specialized expertise, time, and
effort, and it is error-prone.

Domain-Specific Languages (DSLs) have become essential tools in robotics
to specify tasks [8]. Their high-level nature makes them effective for expressing
complex behaviors and configurations in a concise, human-readable form. They
can also be translated into formal models, enabling formal verification of task
specifications. However, users must learn both the syntax and semantics of each
DSL and each application often requires a custom DSL, as shown by the large
number of such languages developed for different domains [13].

The advancements in Large Language Models (LLMs) have capabilities in
understanding and generating human language, as well as code in widely used
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languages like Python, C, and C++ [21]. This opens up opportunities to auto-
mate software development from natural language specifications to implementa-
tion. However, when tasked with generating code in lesser-known DSLs, LLMs
performance drops noticeably [3,11]. Hallucinations and syntax errors increase,
and the generated DSL code often fails to capture the intended specification.

LLMs have shown strong performance in complex code generation tasks [10],
including those traditionally considered challenging [7,21,22], thanks to the large
amount of training data. Beyond general-purpose languages, recent research
investigates their potential in generating code with DSL. For example, LLMs
have been used to generate textual modeling languages like PlantUML [16]
for UML diagrams [4,18]. Bassamzadeh and Methani [3] compare fine-tuning
and Retrieval Augmented Generation (RAG) for DSL code generation; fine-
tuning reduces hallucinations, while RAG improves syntax correctness. LLMs
have also been applied in robotics, particularly for task planning and execution.
Singh et al. [17] propose ProgPrompt, which uses LLMs to generate executable
task plans from program-like specifications, showcasing the potential to bridge
human-readable task descriptions and robot-executable plans.

This work investigates the use of LLMSs for DSL code generation in robotics,
starting from real-world scenario descriptions. As a testbed, we use the LIrAs
DSL, a language designed for specifying MAS tasks via agents’ atomic abilities
[19]. Listing 1.1 [20] illustrates a basic example of LIrAs, introducing some of
the language’s key elements to aid in understanding the experimental campaign
described in Sect. 2. In this example, a Human and a Robot must reach the first
Point of Interest (Pol), namely poil, but the Robot begins its movement only
once the Human has reached the destination. After both agents arrive at the
destination, the Human proceeds towards poi2, followed by the Robot.

In the first line of Listing 1.1 (as in any LIrAs specification), we define the
name of the pattern, followed by the required input parameters—agents, loca-
tions, and any necessary resources (Lines 2, 3, 4, 5). Next, separate sequences
are defined (Line 6 and Line 9), one for each agent involved in the pattern. These
sequences specify the actions that the corresponding agent must perform, e.g.,
the actions listed on Line 7 and Line 8 for the Human agent. The concurrent
execution of these sequences, synchronizes according to specific rules, the most
important of which are described here.

Each sequence may contain an arbitrary number of sub-sequences, labeled
using the notation i:, where i is a natural number. Within a sequence, sub-
sequences must have unique numbers and must be in ascending order. When
the pattern starts, all sub-sequences labeled 1: begin simultaneously across all
agents. Execution of sub-sequences labeled 2: starts only after all agents have
completed their first sub-sequence. Notably, a sub-sequence may contain multiple
actions, and its duration is not predetermined.

In LIrAs, it is also possible to handle empty or missing sub-sequences, loops,
and a property known as continuation, which allows an agent to skip certain syn-
chronizations with others. Finally, as shown in Line 10, conditional statements
can be used to control actions. The conditional constructs available in LIrAs



Preliminary Study of DSL Code Generation for Robotics with LLMs 275

Listing 1.1. LIrAs specification of the motivating example.

RobotFollower
agents:

humans:

robots:
locations: poil, poi2

1: moveTo poil
2: moveTo poi2

1: moveTo poil if (Human,poil) else stop
2: follow Human (poi2)

include if/else, until, and their combinations. Each conditional statement
depends on one or more atomic predicates, combined using unary or Boolean
operators (e.g., and, or, not).

In this work, we explore various system prompt configurations—including the
DSL grammar, textual descriptions, and in-context learning. This last technique
means that we provide one or more user-assistant examples, more specifically we
provide a specification in natural language and the expected associated LIrAs
code that the LLM should generate. Experiments were conducted using a locally
deployed LLM, and the generated LIrAs code was manually evaluated. Our goal
is to leverage LLMs to lower the cost and complexity of writing DSL specifica-
tions, making them more accessible to the robotics community.

The experimental setup and the results are presented in Sect. 2. While Sect. 3
concludes and outlines the envisioned future developments.

2 Probing LLMs for LIrAs Code Generation

This section presents the experimental campaign supporting our exploratory
study, which addresses the following research questions:

RQ1. How accurate is the selected LLM in generating LIrAs specifications?
RQ2. What is the time overhead of using the LLM for DSL code generation?

To address these questions, we developed the pipeline shown in Fig.1'. We
tested the generation of LIrAs code for four scenarios (SCy, where k € {1, 2, 3,4}
in Fig. 1) drawn from the literature on real-world robotic applications [1,2,15].
Each natural language specification was pre-processed to remove superfluous

! Experimental details, results, and evaluations are available at https://github.com/
albiferro99/TAROS25-Paper74. All experiments were performed on a machine with
an Apple M3 chip and 16 GB RAM, using Meta-Llama-2-7B with Q4 quantization
[14].
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Fig. 1. Pipeline overview, from a real-world scenario up to its LIrAs specification.
Table 1. Questions used to evaluate LLM-generated specifications for RQ1.

Q1 |Is the name of the Scenario consistent with the specification?

Q2 |Are the inputs syntactically well structured?

Q3 |Are the input agents consistent with the specification?

Q4 |Are the input locations consistent with the specification?

Q5 |Are the input resources consistent with the specification?

Q6 |Is there a sequence for each Agent?

Q7 |Is there any additional Sequence?

Q8 |Are the used actions coherent with the specification?

Q9 |Are the used atomic predicates coherent with the specification?

Q10| Are sub-sequences numbered increasingly?

Q11|Do sub-sequences contain continuations?

Q12|Are actions that must be executed simultaneously in the same sub-sequence?
Q13|Is the specification syntactically correct?

Q14|Are there no hallucinations? (Extra information, sub-sequence for locations...)

context and ambiguous details, ensuring that inputs matched what a user might
realistically provide. Statements like “Infections caught during hospital stays
account for around 37,000 deaths per year in Europe and almost 100,000 in the
U.S.” were removed, as they do not contribute to robotic specifications.

To define the LLMs’ behavior across all interactions [9] we initialized it with
five different system prompts (SP;, i € {1,2,3,4,5}). SP; and SPy have tex-
tual descriptions of LIrAs’s features, e.g., agent synchronization and conditional
statements. SP3 provides the grammar of LIrAs, while SP4 includes the grammar
and explanatory comments. Lastly, SP5 is a pseudo-code version of LIrAs. We
also adopted in-context learning [5] with j-shot configurations (5 € 0, 1,2). Each
shot included (i) a user prompt describing a scenario from real-world robotics
applications [12] and (ii) the corresponding expected DSL code. This approach
is especially useful when the model is not fine-tuned for the task, as it helps
reduce hallucinations, syntax errors, and unnecessary textual elaboration.

In summary, we combined 5 system prompts, 4 scenarios, and 3 shots con-
figurations. This resulted in 60 generated LIrAs instances, denoted as L; j .

To address RQ1, we evaluated the accuracy of each generated LIrAs code
against the original scenario description using 14 quantitative metrics (Table 1)
tailored to LIrAs. Each metric was scored by a human expert using a simplified
0-2 Likert scale: 0 (missing or incorrect), 1 (partially correct), and 2 (fully correct
and aligned with the expectations). These metrics provide a general overview of
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Table 2. RQ1 average results among the four different tested scenarios.

SP1 SP2 SP3 SP4 SP5

0-shot 1-shot 2-shot|0-shot 1-shot 2-shot|0-shot 1-shot 2-shot|0-shot 1-shot 2-shot|0-shot 1-shot 2-shot
Q1 1.5 1 2 0.5 0.5 2 0 0.5 2 0 0.5 1 1.75  0.75 2
Q2 0 2 2 0 1.5 2 0 1.75 2 0 2 2 0 1.75 2
Q3 0.5 1 1.5 0 1.25 1.25 0 0.75 1.25 0 0.75 1.25 0 1 1.5
Q4 0.5 0.75 1.75 0 0.75 1.5 0 0.5 1.5 0 0.5 1.75 0 0.75 1.5
Q5 0.25 0.25 1 0 0.25 1.25 0 0.75 1 0 0.25 1 0 0.75 1.5
Q6 0 2 2 0.75 1.5 2 0 1.75 2 0 1.5 1.5 | 0.5 2 2
Q7 05 05 05 | 05 1.5 05 | 0.5 0.5 0 1 0 0.5 | 0.5 0.5 1
Q8 1.25 1 1.5 | 1.25 0.75 1.75 0 0.75 2 0.25 0.75 0.75 | 0.75 1.5 1
Q9 0.25 0 0.75 0 0 1 0 0 0 0 0 1 0 0 0.25
Q10 0.75 2 1.75 | 1.25 2 2 0 2 2 0 1.75 2 0 2 2
Q11 0 2 1.75 | 0.25 1.5 2 0 1.5 1.25 0 1 2 0 1.75 2
Q12 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Q13 0 0.5 1.5 0 1 1 0 0.75 1.25 0 0 0.75 0 0.25 1.75
Q14 0 0 05 | 05 05 0.75 | 0.25 0 0.5 0 0 0.5 0 0.5 1.5
Average| 0.393 0.929 1.321{0.357 0.929 1.357{0.054 0.821 1.196|0.089 0.643 1.143| 0.25 0.964 1.429
Overall | 0.25 0.5 1.25 0 0.25 1 0 0 1.75 0 0.25 0.75 0 0.5 1.75

the quality of the generated LIrAs code, focussing on syntax correctness and
alignment with the specification. An exception is the Ouverall evaluation, a more
subjective metric, which uses a 0-5 scale to capture broader qualitative judg-
ments. For RQ2, we track the time required to generate each L; ; .

Table 2 reports the results for RQ1, specifically the average score across the
four input scenarios and all the possible configurations previously described.

The most important trend observed in the figures reported in Table 2 is the
always growing score both on the Avarege value and the Owverall evaluation for
each SP from 0-shot up to 2-shots. This shows the importance of in-context
learning when dealing with applications the LLMs are not trained for.

Several trends emerge from the results. On the positive side, pattern names
are usually consistent, and input sections are generally captured well, both
syntactically and semantically. Sub-sequences are almost always numbered in
ascending order, aligning with LIrAs conventions. However, a key feature—agent
synchronization through sub-sequence labels—was never accurately captured, as
shown by the zeros in Q12 of Table 2. Similarly, the property called “continua-
tion” was frequently used in a syntactically correct manner but never meaning-
fully deployed, as it appears almost randomly rather than being driven by the
scenario’s requirements. Actions were mostly well-aligned and ordered correctly
within each agent’s sequence. Conditional statements and atomic predicates were
less frequent than expected and often failed to match scenario details. Halluci-
nations (Q14 in Table 2) also surface in the generated code. However, these are
mitigated in two-shot learning, where the model shows fewer extraneous addi-
tions. Table 2 shows that in-context learning (1- or 2-shot) consistently improved
syntax, scenario alignment, and reduced hallucinations. Finally, in 0-shot cases
with grammar-based prompts (SP3 and SP,4), the model often misunderstood
the task, sometimes outputting only the grammar or irrelevant natural language
sentences.
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Fig. 2. RQ2 results: time [s] to generate the DSL code, grouped by SP and number of
shots.

Figure 2 shows a grouped box plot of generation times. On average, generating
a result takes about 45 seconds, with times ranging from 6 to 164 seconds.
Notably, 0-shot examples took longer and were less accurate, indicating this
approach is less effective than 1- or 2-shot learning.

Because this is a preliminary study, it is not exhaustive. Rather, it lays
the groundwork for future research and more extensive empirical evaluations.
For instance, future work could explore different models (including those not
deployed locally) with more parameters to enhance LLMs performance, consider
a wider array of scenarios and more-shot examples, employ metrics to capture
semantic correctness more precisely, and automate the evaluation process to
increase objectivity and reduce time overhead.

3 Future Research Outlook

This preliminary work is a baseline for future research. The envisioned frame-
work begins with a user providing a natural language prompt to the Generative
AT, describing the agents’ goals and the operational environment. The Genera-
tive Al, potentially using the foundational DSL syntax and semantics (in this
case, LIrAs), generates a textual DSL specification for the mission. Next, the
Al-generated DSL specification is translated into a formal model (or program-
ming language) and undergoes formal verification (or program verification). The
resulting specification is then subjected to a data analysis step, which generates
a repair action specification to be sent to a Prompt Refiner. The Prompt Refiner,
starting with the initial natural language prompt, implements the repair action
and updates the prompt for the Generative AI (LLM) to produce a revised spec-
ification. This iterative process can be repeated multiple times to ensure the final
specification aligns with the user’s requirements.

Summarizing, this framework allows users to generate DSL specifications for
robotic missions via LLM, laying the groundwork for future research in auto-
mated mission specification through an iterative refinement process.
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