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ABSTRACT
Large language models (LLMs) perform well on general code gener-
ation but often struggle with domain-specific software tasks due to
limited specialized knowledge in their training data.We propose Do-
mAgent, an autonomous coding agent that enables domain-adapted
code generation through structured reasoning and targeted re-
trieval. Its core module, DomRetriever, combines knowledge-graph
reasoning with case-based reasoning to iteratively retrieve and syn-
thesize relevant domain knowledge and examples. Experiments on
the DS-1000 benchmark and real-world Volvo truck software devel-
opment tasks show that DomAgent significantly improves domain-
specific code generation, allowing small open-source models to
approach the performance of large proprietary LLMs. The code is
publicly available at: https://github.com/Wangshuaiia/DomAgent.
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1 INTRODUCTION
Large language models (LLMs) have achieved strong performance
in general code generation [10, 14, 15, 27] and are widely used
in tools such as GitHub Copilot [25, 30, 39]. However, real-world
software development is often domain-specific [4, 6, 16], requiring
knowledge of specialized libraries [13, 40], system logic [9, 18],
and workflow constraints [34]. Because most LLMs are trained on
general public data, they frequently struggle with such tasks due to
limited domain knowledge and weak context adaptation [2, 19, 23].
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Fine-tuning is one possible solution, but it is costly and diffi-
cult to maintain as domain libraries evolve [1, 5, 8, 36]. Retrieval-
Augmented Generation (RAG) offers a more flexible alternative by
providing external knowledge at inference time [33]. Existing re-
trieval methods mainly rely on textual similarity [11, 22, 29, 35, 42]
or example matching [41]. While effective in simple settings, they
often fail to precisely retrieve relevant packages [3, 37], functions
[7, 43], or structured domain knowledge in complex software sys-
tems [24, 28].

In practice, domain-specific coding requires both concrete ex-
amples (bottom-up learning) [4, 12, 38] and structured conceptual
knowledge (top-down reasoning) [31, 32]. Inspired by how humans
learn, we propose an agent framework that integrates case-based
retrieval with knowledge-graph-based retrieval. Our system uses
knowledge graphs to represent domain packages and their relation-
ships, and leverages this structure to guide diverse and representa-
tive case selection.

At the core of the framework is DomRetriever, a retrieval module
that dynamically combines top-down knowledge reasoning and
bottom-up example selection. Experiments on a data science bench-
mark and real-world truck software development tasks demonstrate
that our approach significantly improves domain-specific code gen-
eration and enables smaller models to perform competitively in
complex settings.

2 PROBLEM DEFINITION
We study domain-specific code generation with structured knowl-
edge and reusable examples. Given a task 𝑞, a knowledge graph
G = ⟨𝑒, 𝑟, 𝑒′⟩ encoding domain entities (e.g., packages and func-
tions) and their relations, and a case base B of reference code
examples, the objective is to retrieve relevant knowledge and repre-
sentative cases, and synthesize the target code𝑦. Since constructing
cases is costly, we aim to maintain a compact yet diverse case base
that provides broad coverage with minimal redundancy.

3 METHODS
Our framework consists of three components: (1) coverage-aware
case base construction guided by a knowledge graph (KG); (2) a
unified retrieval module (DomRetriever) that integrates top-down
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Query: Create a figure layout with 
multiple irregularly sized subplots for a 
scientific visualization.

Domain-
specific Code

DomAgent
Workflow Review

<think> Given the query, first search the knowledge graph <search_kg> Query </search_kg>. <searched_kg_results> matplotlib.pyplot.subplots: 
Creates a figure with a grid of subplots; matplotlib.gridspec.GridSpec: Controls subplot layout and spans </searched_kg_results>. 

Then search for related code examples <search_case>Query</search_case>. <searched_case_results> Code description: Create a figure with 
two side-by-side subplots and precisely control their layout. ```python \n import matplotlib.pyplot as plt ...``` </searched_case_results> 

After reviewing this case, I find that the task is unrelated to matplotlib.pyplot.subplots. </think>

<answer> Domain knowledge: matplotlib.gridspec.GridSpec: Controls subplot layout and spans. \n You can refer to this case to solve the task: 
```python \n import matplotlib.pyplot as plt ...``` <answer>

DomRetriever Reasoning Process

Step 1 knowledge 
retrieval

Large raw case set

from numpy.random import rand
... from numpy.random import randint

... from numpy import array
... from numpy.random import randn

...import matplotlib.gridspec
""" Create a figure with ..."""
...

Small representative case set (Case Base)

from numpy.random import rand
... from numpy import array

... import matplotlib.gridspec
""" Create a figure with two side-
by-side subplots and precisely 
control their layout."""
...

KG Guided Case Selection

randn

randint

matplotlib

rand

array
numpy

gridspec

Package-level anchor Function-level cluster

tight_layout

Case Base 
Construction

cos(𝑞, 𝑘) cos(𝑞, 𝑐) + 𝑂(ci) rerank

Step 3 Review
Step 4 Answer (domain 
knowledge and case)

Step 2 Case retrieval

Figure 1: Case base construction (top) and the overall workflow of our DomAgent (bottom).

Table 1: Overall performance comparison (pass@1) on DS-
1000.

Model Size Total
LLaMA3.1-8B 8B 30.4
GPT-4o - 51.0
StarCoder [20] 15B 26.0∗
WizardCoder [21] 15B 29.2∗
CodeLLaMA-Python [26] 7B 28.0∗
DomAgent (LLaMA3.1-8B; Ours) 8B 40.5
LLaMA3.1-8B + LLaMA3.3-70B (Ours) 70B 47.9
LLaMA3.1-8B + GPT-4o (Ours) - 58.6

knowledge retrieval and bottom-up case retrieval; and (3) reinforce-
ment learning to train the agent to autonomously invoke retrieval
tools.

Case Base Construction. We leverage the hierarchical structure
of the KG to build a compact yet representative case base. For each
package, we cluster its functions in embedding space to capture
diverse usage patterns. We then iteratively select code cases that
maximize package coverage and functional diversity, stoppingwhen
predefined coverage thresholds are met. Only executable and non-
redundant cases are retained.

DomRetriever. Given a task𝑞, we first perform top-down retrieval
by identifying relevant packages and retrieving related KG nodes
via embedding similarity. We then perform bottom-up retrieval
by selecting semantically similar cases and re-ranking them based
on overlap with retrieved packages. A reasoning LLM iteratively
refines both knowledge and cases through tool calls (SearchKG,
SearchCase). The refined knowledge and representative case are
concatenated with 𝑞 to generate the final code.

Table 2: Performance of GPT-4o-basedmodels on Volvo truck
CAN signal reading/writing across six domains.

Domain Vanilla GPT-4o +DomRetriever
Driver productivity 65.1 100
Connected systems 73.4 97.4
Energy 58.8 100
Vehicle system 71.1 97.1
Visibility 82.2 100
Dynamics 75.5 96.4
Total 71.22 98.04

Agent Training. We fine-tune the LLM to learn tool invocation
and apply reinforcement learning to optimize retrieval quality. A re-
ward model evaluates the relevance between the task and retrieved
knowledge/cases, and GRPO is used to update the agent policy.

4 RESULTS AND CONCLUSIONS
We evaluate our method on DS-1000 [17] and a real-world truck
CAN signal task. DS-1000 includes 1,000 data science problems
across seven libraries, supported by the DS-KG (505K triples); we
build the case base from 300 tasks and test on the remaining 700.
For industrial validation, we apply the system to 776 CAN signals
across six domains in Volvo Truck.

The results are shown in Table 1 and 2 respectively. Across both
benchmark and real-world industrial tasks, our approach substan-
tially improves domain-specific code generation and enables small
open-source models to approach or even match large proprietary
systems. This demonstrates that structured retrieval, rather than
large-scale fine-tuning alone, is key to practical domain adaptation.
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