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Abstract—Intelligent cockpit systems in modern vehicles re-
quire the integration of various functions, resulting in in-
creasingly complex control logic. Domain Specific Language
(DSL) is widely adopted to simplify the development process
in such scenarios. Recently, Large Language Models (LLMs)
have been explored as a promising approach for generating
code automatically. However, they still struggle with DSL code
generation due to limited prior knowledge and domain-specific
syntax variations. In this paper, we introduce CockpitDSL, a
dataset for DSL code generation in intelligent cockpit systems,
containing 888 annotated user instructions, reference code, and
corresponding system states. Based on this dataset, we propose a
novel approach that employs Backus-Naur Form (BNF) to define
grammar rules, uses a vector database to store the APIs and code
snippets, leverages LLMs for code generation, and introduces
an evaluation chain for automatically evaluating syntax and
grammar. Experimental results demonstrate that the Compile
Success Rate exceeds 90% and the Pass@1 score exceeds 75%.

Index Terms—Code Generation, Domain Specific Language,
Large Language Model

I. INTRODUCTION

Code generation involves generating code snippets from
inputs, such as incomplete code and natural language descrip-
tions [1]. Domain Specific Language (DSL) is tailored for spe-
cific application domains, enhancing efficiency and readability
within the target domain by constraining its expressive power
[2]. Currently, DSL is applied in areas such as configuration
files, template engines, query languages, and build scripts,
enabling developers to express and solve complex problems in
a manner more closely aligned with the problem domain. DSL
code generation facilitates the automatic creation of complex
workflows, thereby reducing software development time and
enhancing flexibility [3]. These advantages have made it a key
focus in code generation research.

As shown in Table I, most code generation benchmarks
focus on general programming languages such as Python
and Java [4]–[6]. Only a limited number of datasets target
DSL, and these are often restricted to domains such as query
processing [7], hardware design [8], or abstract modeling
[9]. Notably, few benchmarks capture the complexity of real-
world control scenarios that involve multimodal interactions,
hierarchical logic, and hardware-software integration.

The code implementation and dataset supporting this work are publicly
available at https://github.com/shangruobing/DSL-Coder.

TABLE I: Code Generation Benchmarks Overview

Benchmark Scenario Quantity Language Type

BioCoder [4] Bioinformatics 400 Python & Java General
TextEditing [7] Text Editing Command 100 Query Language DSL
ATIS [7] Flight Information Inquiry 100 Query Language DSL
DS-1000 [5] Data Science 1,000 Python General
Deep-Bench [6] Deep Learning 520 Python General
VerilogEval [8] Digital Circuit Design 156 Verilog DSL
CRUST-Bench [10] Code Transpilation 100 C & Rust General
DISL [11] EthereumSmart Contracts 514,506 Solidity General
SLGPT [9] Cyber-Physical System 400 Modeling Language DSL
FloCo [12] Flowchart-to-Code 11,884 Image & Python General

Ours Intelligent Cockpit 888 CockpitDSL DSL

Intelligent cockpit systems are gradually becoming a central
component of modern vehicles, requiring the integration of
diverse functionalities such as seat adjustment, device control,
and infotainment interaction into a unified and seamless user
experience. However, since these systems often involve com-
plex coordination between hardware and software, traditional
manual programming approaches struggle to efficiently man-
age the increasingly complex control logic. Large Language
Models (LLMs) offer a promising solution for DSL code
generation, but the customized nature of DSLs makes the
effective incorporation of their knowledge into the models a
key factor in enhancing industrial applications.

In summary, DSL code generation continues to face several
persistent challenges. (1) High-quality DSL code generation
datasets are extremely scarce. (2) Most existing approaches
are tailored to specific programming languages and lack
the flexibility to accommodate the structural and semantic
constraints inherent in DSLs.

To bridge this gap, we introduce a code generation dataset
tailored to intelligent cockpit systems. Our dataset, consisting
of 888 instances, is designed to reflect realistic in-vehicle
control tasks. This contribution provides a valuable resource
for evaluating and improving the performance of LLMs on
practical DSL generation tasks, and facilitates further research
in low-resource code generation. Building on this, we propose
a DSL code generation approach that leverages existing code
examples and APIs, and employs Backus-Naur Form (BNF)
to formally define the syntax of the DSL, thereby guiding
LLMs to generate well-structured and domain-compliant code.
As illustrated in Figure 1, the approach abstracts low-level



Fig. 1: DSL-Coder Overview: DSL-Coder supports the gener-
ation of various types of DSL code. In this study, it is applied
to the intelligent cockpit scenario to generate control code for
hardware devices such as seats and air conditioning.

hardware control logic into high-level declarative instructions,
and utilizes LLMs to generate the corresponding code au-
tomatically. This not only enables high flexibility in system
configuration, but also ensures clarity and interpretability in
system design, making it a key solution to managing the
increasing complexity of modern intelligent cockpit systems.

The following are the contributions of this research: (1)
Building a DSL dataset for the Intelligent Cockpit system,
including APIs, events, snippets, syntax, and grammar
definitions. (2) Design and implement a framework called
DSL-Coder to automatically generate DSL code. (3) Design
and implement an Evaluation Chain to automatically
evaluate the generated code.

Finally, the advantages of the designed approach are high-
lighted: Scalability. The generated code snippets adapt to
input syntax, grammar, and examples, not limited to a specific
language. Accessibility. The approach learns and infers from a
few examples, reducing the manual annotation workload. Effi-
ciency. The approach can automatically generate and evaluate
code snippets, saving developers time.

II. RELATED WORK

A. Code Generation

Code generation refers to the process of generating software
code that meets users’ requirements according to users’ intent.
The more abstract the requirements description is, the more
challenging code generation becomes [13]. Therefore, gener-
ating code from natural language faces additional challenges,
such as the gap between natural languages and programming
languages, and the gap between requirements and the actual
code [14]. The automatic code generation process is generally
divided into three steps, the description of users’ requirements,
the description of the program search space, and the design
of appropriate search ranking techniques [1]. Code generation
can not only support the daily work of software developers,
but also help users without any programming knowledge
to automate repetitive tasks and implement their own new
functions [15]. Allamanis et al. [16] propose a system named
Haggis, which is capable of automatically mining code idioms
from existing codebases based on probabilistic grammar. Jha

et al. [17] introduce a novel approach to example-guided pro-
gram synthesis, which combines oracle-guided learning with
constraint-based component synthesis, utilizing Satisfiability
Modulo Theories solvers to automatically synthesize loop-free
programs.

B. Domain Specific Language

DSL is tailored for specific applications, offering better
expressiveness and usability than general-purpose languages.
However, creating a DSL is challenging and requires both
domain knowledge and expertise in language design [2]. Cur-
rent code generation methods for DSL, including LLM-based
methods, often underperform in practical applications. One of
the main challenges is how to make LLMs understand the
complex syntax and grammar rules of DSL. In particular, the
definition rules of DSL vary across domains and requirements
[18]. Meanwhile, there are few examples related to DSL
in training corpus, which further increases the difficulty for
LLMs to understand DSL syntax and grammar rules. Existing
studies rely too heavily on abundant annotated data to train
or fine-tune models, which brings problems in terms of cost
and timeliness [19]. Data annotation often takes a lot of time
and resources, and the annotated data is time-sensitive, which
makes the trained or fine-tuned models difficult to adapt to
the latest domain requirements. To tackle these challenges
and enhance the LLM performance in understanding DSL,
researchers have been exploring innovative approaches. Wang
et al. [18] leverage BNF to incorporate external knowledge
and constraints into LLM during in-context learning.

In summary, this paper specifically focuses on the following
two research questions:

RQ1: How can a DSL dataset contribute to addressing
the complexity and variability of control logic in intelligent
cockpit systems?

RQ2: How can a code generation method be designed
to effectively leverage LLMs for generating DSL code?

III. COCKPIT-DSL: A DSL DATASET

We introduce a novel dataset for the task of code generation
in intelligent cockpit systems, referred to as CockpitDSL. As
shown in Table II, this dataset comprises 888 user instructions
paired with their corresponding DSL reference codes, along
with the initial and final system statuses. In addition, we
provide a comprehensive set of supporting resources, including
event definitions, service descriptions, and formal grammar
specifications, to facilitate accurate understanding and gener-
ation of semantically valid code.

The DSL is designed to enhance the expressiveness of
task orchestration in intelligent cockpit systems, serving as
an intermediate representation within our framework. Unlike
general-purpose programming languages, this DSL is not
directly executable in standard runtime environments, making
conventional test cases inapplicable for validating code cor-
rectness. To address this limitation, we represent the execution
semantics of each DSL program using a pair of structured
system statuses: an initial status and a final status. The



transition between two statuses captures the intended effect
of the DSL program on the system environment, enabling
indirect evaluation of the functional validity of the generated
code, whether it successfully transforms the system from the
initial status to the expected final status. The initial status is
constructed based on default values specified in the service
documentation, ensuring consistency and semantic plausibility.
The final status is obtained through the execution of the code
by a custom-built DSL interpreter, which translates the DSL
program into executable Python code and runs it within an
actual Python runtime environment to simulate and retrieve
the resulting system status. To better understand the functional
coverage of our dataset, we categorize all services into eight
functional domains, as shown in Table III.

TABLE II: Summary of the Annotated Dataset.

Category Item Quantity Format

Dataset Instances
Instruction

888
English

Snippet CockpitDSL
Status JSON

Domain Knowledge
Event 25 JSON
Service 56 JSON

DSL Specification
Node Definitions 9 JSON
Grammar 33 BNF

TABLE III: Distribution of Services Across Domains.

Domain Frequency Percentage (%) Cumulative (%)

Comfort Control 545 34.5 34.5
Vehicle System Control 299 18.9 53.5
Phone Integration 185 11.7 65.2
Media & Entertainment 179 11.3 76.6
Navigation & Voice Interaction 112 7.1 83.7
Display & UI 100 6.3 90.0
Reminders & Settings 89 5.6 95.6
Image & Info Processing 69 4.4 100.0

IV. PROBLEM DEFINITION

Given a natural language description D, the goal is to
generate a valid code snippet S that accurately fulfills the spec-
ified behavior. The process involves multiple stages, including
vector search, context retrieval, code generation, grammar
validation, and error handling.

• Input: A natural language description D of the desired
functionality.

• Output: A DSL code snippet S that satisfies the behavior
described in D.

The problem can be expressed as learning a mapping
function f , implemented by the code generation model. The
generated code S should compile successfully and produce the
correct results.

f(D) → S (1)

A. Vector-Based Retrieval and Search

To enhance code generation, the approach employs vector-
based retrieval to search for relevant code snippets, patterns,
and templates from a knowledge base or code repository.
The natural language description D is first converted into
a high-dimensional vector representation VD. This vector is
then used to search for similar code examples or semantic
patterns in the search space, represented by a set of vectors
V = {V1, V2, . . . , Vn}.

• Vector Encoding: Convert natural language description
D into a vector representation VD using techniques such
as word embeddings.

• Nearest Neighbor Search: Perform a nearest neighbor
search over the set of vectors V to retrieve relevant code
snippets and patterns that are semantically similar to D.

The retrieved snippet vectors Scandidate = {S1, S2, . . . , Sk}
serve as references or partial solutions that assist in the
generation and refinement of the target code snippet S. The
description D, retrieved results Scandidate, and role information
R can be called context C. Such that:

C = D + Scandidate +R (2)

where C is the prompt, which is fed into model f to generate
code snippet S.

B. Syntax Validation and Error Handling

After generating the initial code snippet S, a syntax vali-
dation step is performed to ensure that the code conforms to
the syntax rules of the DSL. If syntax errors are detected, the
approach generates an error message E describing the errors in
natural language. The approach then attempts to fix the issues
in the code snippet S using the error message E, the previous
description D and context C.

• Syntax Validation: Verify that code snippet S adheres
to the syntax of the DSL.

• Error Description: If S contains syntax errors, generate
an error message E, providing detailed information about
the errors, such as the location and type of violation (e.g.,
missing tags, incorrect expressions).

v(S) → E (3)

C. Code Refinement and Resynthesis

Once an error E is produced, the approach iterates on the
code generation process by refining the generated snippet S.
This involves adjusting the generated code to address syntax
and grammar issues.

• Refinement: Modify the initial code snippet S based
on the error message E and the retrieved code snippets
{S1, S2, . . . , Sk} to improve the code’s correctness and
quality.

• Resynthesis: Generate a new or revised code snippet S′

that resolves errors and meets the requirements outlined
in D and C.

The final output is a refined code snippet S∗ that passes
syntax and grammar validation, is functionally correct, and is



semantically aligned with the natural language description and
context.

f(D,C, S′) → S∗ (4)

V. DSL-CODER: A DSL CODE GENERATOR

In many real-world applications, the user’s intent may
require generating function calls in multiple programming
languages, each targeting different hardware devices. As il-
lustrated in Figure 2, without a DSL, LLM must generate
language-specific code (e.g., Java, C++, JavaScript) directly
from natural language. This significantly increases both gen-
eration complexity and the risk of introducing syntactic and
semantic errors. More critically, directly generated code may
contain security vulnerabilities that are difficult to detect. As
the number of interfaces and target languages grows, the chal-
lenges of code generation and debugging become increasingly
pronounced. In contrast, adopting a DSL allows the LLM
to produce a unified intermediate representation. A dedicated
parser and dispatcher can then translate this representation into
language-specific function calls. This approach substantially
reduces generation complexity and improves system modular-
ity, maintainability, and security.

Fig. 2: Comparison of code generation with and without DSL:
Without DSL, the LLM generates language-specific function
calls, which increases complexity and reduces robustness.
With DSL, the LLM produces a unified representation which
is parsed and dispatched to appropriate language backends,
simplifying generation and improving modularity.

As shown in Figure 3, our approach comprises the following
five key modules:

Vector Store handles text vectorization, embedding, and
persistent storage. Its tasks include data serialization and
deserialization, converting data between text and vector forms.

Retriever retrieves relevant information from the Vector
Store, ensuring the LLM receives necessary context. Context
includes services, events, code snippets and grammar rules,
which are essential for generating accurate code.

Context Manager integrates information from the Retriever
to construct a complete prompt, which includes grammar
rules, contextual details, chain-of-thought reasoning, and code
snippets.

Fig. 3: DSL-Coder: The process starts with receiving the
User Instruction. The Retriever accesses the Vector Store to
retrieve context relevant to the User Instruction. The Context
Manager integrates the retrieved information to build a prompt,
which includes grammar, context, and code snippets. The Code
Generator uses this prompt to generate the corresponding DSL
code. The Evaluation Chain verifies the output by ensuring
content, grammar, and overall correctness.

Code Generator utilizes LLMs to generate DSL code based
on the prompt. The Output Parser then extracts the DSL code
from the model’s response.

Evaluation Chain performs content checks, grammar val-
idation, and code reviews. It validates the generated code
through syntax and semantic checking. If the code passes the
validation of these checkers, the target DSL code is obtained.
Otherwise, the Evaluation Chain provides error information
about the generated code.

VI. EXPERIMENT

A. Setup

Dataset Setting The CockpitDSL dataset contains a total
of 888 samples. We randomly select 200 samples as the test
set, while the remaining 688 samples are stored in the vector
database as candidate entries.

Model Selection. We prioritize an API-based interaction
paradigm with LLMs. We conduct the experiments with LLMs
including GPT [20], Claude [21], DeepSeek [22], Qwen [23],
and LLaMA [24].

Metrics. We evaluate code generation quality from multi-
ple perspectives, focusing on syntactic correctness, functional
validity, semantic similarity to reference implementations, and
the model’s ability to select appropriate APIs. The evaluation
includes the following metrics:

• Compile Success Rate (Compile): Evaluates whether the
generated code snippet adheres to the syntax rules and
can be successfully compiled.

• Pass@1 [25]: Measures the proportion of generated code
whose final system state matches the expected state after
execution on the first attempt.

• Ratcliff/Obershelp Ratio (R/O) [26]: Computes the
character-level similarity between the generated snippet
and the reference implementation, based on the longest
matching subsequences.



• BLEU [27]: Assesses the n-gram overlap between the
generated snippet and the reference, reflecting surface-
level textual similarity.

• Accuracy, Precision, Recall, and F1: Evaluate the
LLM’s ability to correctly identify and select appropriate
APIs from the candidate set.

B. Main Result
We evaluate a series of LLMs with different levels of

openness (open-source vs. closed-source). In Table IV, all
models achieve a Pass@1 score exceeding 64.50%, with
Claude 3.5 Sonnet achieving the best performance among
closed-source LLMs (75.00%). Notably, among open-source
LLMs, LLaMA3.1-405B achieves the best overall performance
(Pass@1 is 75.00%), even surpassing closed-source LLMs
such as GPT-4o (68.50%) and Claude 3.5 Haiku (73.00%).
Furthermore, when comparing different model sizes (8B, 70B,
405B) within the LLaMA 3.1 family, we observe that even the
lightweight 8B model delivers strong performance (65.00%).

TABLE IV: Performance Comparison of LLMs on the Dataset.

Model Correctness Similarity API Selection

Compile Pass@1 R/O BLEU Acc. Prec. Rec. F1

GPT-3.5-Turbo 93.00 71.00 66.27 60.66 82.00 86.08 85.62 85.44
GPT-4o 98.00 68.50 66.62 59.34 78.50 81.73 81.90 81.56
GPT-4o-Mini 91.50 69.00 68.59 60.73 82.50 87.98 86.74 87.02
Claude-3-Opus 91.50 65.50 67.91 65.50 65.50 79.96 73.38 75.45
Claude-3-5-Haiku 99.50 73.00 64.49 58.06 79.00 88.32 85.50 86.35
Claude-3.5-Sonnet 99.50 75.00 67.34 59.92 82.00 90.91 90.16 89.77
Deepseek-V3 99.50 70.50 61.44 58.27 75.50 82.89 80.87 81.39
Qwen-Turbo 89.50 64.50 66.66 58.65 79.50 82.50 82.27 82.05
Qwen-Plus 97.50 69.00 64.86 57.26 78.00 84.10 82.57 82.98
Qwen-Max 98.00 70.00 67.26 59.56 78.00 84.05 84.59 83.81
LLaMA3.1-8B 89.50 65.00 65.24 62.47 66.50 81.07 74.62 76.57
LLaMA3.1-70B 93.00 72.50 69.18 65.12 69.00 86.54 79.77 81.72
LLaMA3.1-405B 94.00 75.00 70.48 65.74 76.00 89.78 83.77 85.45

C. Ablation Study
We perform ablation experiments to analyze the impact

of providing API documentation (A), retrieved examples (S),
and grammar rules (G) on model performance. Notably, in
conditions without S, a fixed example is provided as a default
to ensure the model still receives an illustrative reference.
In Table V, the results clearly demonstrate that providing
contextual information through retrieval significantly enhances
the model’s ability to understand and perform the task, as
evidenced by improvements in multiple metrics, including
correctness, similarity and API selection capability.

D. Scaling Law
We evaluate the performance of the Qwen2.5 series with

varying parameter scales, aiming to inform model size selec-
tion for practical applications. In Table VI, model performance
consistently improves with increasing parameter size across
multiple metrics. Notably, the Qwen2.5-3B model achieves a
Pass@1 score of 54.50%, indicating a reasonable level of us-
ability that opens up possibilities for deployment on resource-
constrained devices such as mobile platforms. The Qwen2.5-
32B model further improves Pass@1 score to 73.00% and

TABLE V: Ablation Study on the Dataset.

Correctness Similarity API Selection

A S G Compile Pass@1 R/O BLEU Acc. Prec. Rec. F1

7.00 2.50 40.88 37.66 3.00 9.29 7.29 7.84
✓ 81.50 20.00 46.17 38.83 4.00 31.06 52.95 36.33
✓ ✓ 84.50 47.50 63.83 54.34 48.50 61.21 70.73 63.66
✓ ✓ 97.00 70.50 57.54 47.83 72.50 84.88 80.59 81.99
✓ ✓ ✓ 93.00 71.50 68.32 61.02 83.00 88.21 87.50 87.48

Note: Model is GPT-4o-Mini. A: API, S: Snippet, G: Grammar.

TABLE VI: Scaling Law on the Dataset.

Model Correctness Similarity API Selection

Compile Pass@1 R/O BLEU Acc. Prec. Rec. F1

Qwen2.5-0.5B 31.00 21.50 31.46 25.39 27.00 34.85 44.78 37.84
Qwen2.5-1.5B 63.50 47.00 52.82 42.48 58.50 65.22 72.58 67.11
Qwen2.5-3B 77.00 54.50 60.89 54.34 72.50 77.50 76.24 76.48
Qwen2.5-7B 90.00 60.50 63.28 58.00 71.00 78.72 76.24 76.98
Qwen2.5-14B 89.50 65.00 66.04 57.95 78.50 81.48 82.29 81.60
Qwen2.5-32B 96.00 73.00 63.40 56.34 81.50 86.68 85.67 85.81
Qwen2.5-72B 92.50 69.50 66.36 59.28 81.50 86.25 85.98 85.51

achieves the highest F1 score of 85.81%, demonstrating that
medium-sized models can achieve a favorable balance between
performance and deployment feasibility.

E. Error Analysis

We analyze code generation errors across multiple LLMs,
categorizing them into Syntax Errors and State Mismatches.
Syntax Errors arise from invalid syntax that prevents parsing
(e.g., formatting mistakes, fabricated APIs, undefined events,
illegal parameters), while State Mismatches occur when syn-
tactically valid code fails to realize the intended state. These
error types respectively capture a model’s capacity for pro-
ducing valid DSL code and for meeting user requirements. As
shown in Figure 4, Claude 3.5 Haiku and Claude 3.5 Sonnet
exhibit fewer Syntax Errors but more State Mismatches, indi-
cating that while these models achieve higher syntactic fidelity,
they remain limited in satisfying task-specific requirements.
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Fig. 4: Error type distribution across models. Model abbrevi-
ations: G: GPT, DS: DeepSeek, Q: Qwen.

VII. DISCUSSION

Substitutability of LLMs in Retrieval. The understanding
of user’s intent and related information retrieval relies on



the embedding ability. The intent needs to be encoded into
a vector, and the relevant data is searched by calculating
the vector similarity. Fine-tuning the Embedding Model for
specific scenarios can improve the accuracy of understanding
user’s intent. It may be possible to understand the user’s intent
more accurately, so as to provide contextual information with
higher quality for subsequent code generation tasks.

Grammar-based Controllable Generation. Our approach
adopts the ”one question, one answer, and one check” mode
when generating the answer. In this mode, grammar checks
must wait until the answer generation is finished. If grammar
rules can be used, the LLMs are required to generate a part
of the text, then the generated content is checked, and if it
satisfies the rules, generation continues. Otherwise, the LLMs
must adjust the generated content and attempt again until the
grammar rules are satisfied before proceeding with the next
generation. This controlled generation based on grammar helps
to ensure the quality and correctness of the generated text.

VIII. CONCLUSION

This paper proposes a DSL code generation dataset named
CockpitDSL for intelligent cockpit service orchestration.
Based on this dataset, this paper designs a DSL code gen-
eration method called DSL-Coder. Experiments demonstrate
that: (1) the CockpitDSL dataset effectively addresses the com-
plexity and variability of control logic in intelligent cockpit
systems; (2) DSL-Coder is capable of effectively generating
syntactically correct and semantically meaningful DSL code
from natural language instructions.
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