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MOTIVATION: LLMS FOR CODE GENERATION U e

Cé LLM B:) print(“Hello world")

n Generate codein .\""'O"",.

Python for the
following request: ...
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MOTIVATION: LLMS FOR CODE GENERATION U e

(f): I_I_M B:) print(“Hello world")

n Generate codein .\""'O"",.

Python for the
following request: ...

TRANSFORM NATURAL LANGUAGE INTO CODE,
HIGH PERFORMANCE ON BENCHMARKS

»
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MOTIVATION: CHALLENGES FOR LLMS U e

&

DOMAIN SPECIFIC UP-TO-DATE COMPLEX PROGRAMMING
KNOWLEDGE INFORMATION CONSTRUCTS
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MOTIVATION: CHALLENGES FOR LLMS
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»

DOMAIN-RELEVANT CONTEXT
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LLMS STRUGGLE WITHOUT EXTERNAL,

COMPLEX PROGRAMMING
CONSTRUCTS
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MOTIVATION: LLMS WITH RAG U e

(f): I_I_M B:) print(“Hello world")

n Generate codein . ,,.

Python for the \"'O#
following request: ...

RETRIEVAL AUGMENTED GENERATION (RAG)
AS PROMISING TECHNIQUE TO ENHANCE PERFORMANCE

»
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MOTIVATION: LLMS WITH RAG: SCENARIO U e

Cé LLM B:) print(“Hello world")

n Generate codein .\""'O"",.

Python for the
following request: ...
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MOTIVATION: LLMS WITH RAG: SCENARIO U e

Cé LLM B:) print(“Hello world")

n Generate codein .\""'O"",.

Python for the
following request: ...

. R
1.2
4.3
2.9
2.3
1.9

- J
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MOTIVATION:

VECTORIZED
QUERY

LLMS WITH RAG: SCENARIO

Generate code in . .

Python for the
following request: ...

. R
1.2
4.3
2.9
2.3
1.9

- J
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MOTIVATION: LLMS WITH RAG: SCENARIO U e

Cé LLM B:) print(“Hello world")

n Generate codein .\""'O"",.

Python for the
following request: ...

USER QUERY

KNOWLEDGE BASE
=VECTOR STORE OF CHUNKS
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MOTIVATION: LLMS WITH RAG: SCENARIO U e

/"O"“--.

/. .\
C{ LI_M 5:) print("Hello world")

n Generate codein .\""'O"",.

Python for the
following request: ... USER QUERY
+
TOP-K
RETRIEVED
CHUNKS

KNOWLEDGE BASE
=VECTOR STORE OF CHUNKS

11/25/2025 13 Investigating Retrieval Augmented Generation for LLM-Based Code Generation. Paraskevi Kivroglou, Tim Schlippe, Simon Martin. FLLM 2025



INTERNATIONAL
UNIVERSITY OF
APPLIED SCIENCES

RELATED WORK



RELATED WORK: LLMS IN CODE GENERATION U e

* Performance varies widely across LLMs
(Idrisov & Schlippe, 2024)
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RELATED WORK: LLMS IN CODE GENERATION U e

* Performance varies widely across LLMs
(Idrisov & Schlippe, 2024)

* LLMs like Qwen2.5-Coder, CodelLlama, and GitHub Copilot generate reliable code

(Touvron et al., 2023 ; Hui et al., 2024)
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RELATED WORK: LLMS IN CODE GENERATION U e

* Performance varies widely across LLMs
(Idrisov & Schlippe, 2024)

* LLMs like Qwen2.5-Coder, CodelLlama, and GitHub Copilot generate reliable code

(Touvron et al., 2023 ; Hui et al., 2024)

LLMS STILL STRUGGLE WITH COMPLEX LOGIC
AND DOMAIN-SPECIFIC KNOWLEDGE  (Huynh&Lin, 2025)

»
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RELATED WORK: RAG-BASED CODE GENERATION U e

» External knowledge boosts code generation accuracy
(Wang et al., 2024)
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RELATED WORK: RAG-BASED CODE GENERATION U e

» External knowledge boosts code generation accuracy
(Wang et al., 2024)

* No single RAG configuration (LLM & retrieval methods) works best for all tasks

or cost constraints
(Yang et al., 2025)
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RELATED WORK: RAG-BASED CODE GENERATION U e

» External knowledge boosts code generation accuracy
(Wang et al., 2024)

* No single RAG configuration (LLM & retrieval methods) works best for all tasks

or cost constraints
(Yang et al., 2025)

* Some RAG systems update and refine their results across multiple steps.
(Su etal., 2024; Ma et al., 2025)
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RELATED WORK: RAG-BASED CODE GENERATION U e

* External knowledge boosts code generation accuracy
(Wang et al., 2024)

* No single RAG configuration (LLM & retrieval methods) works best for all tasks

or cost constraints
(Yang et al., 2025)

* Some RAG systems update and refine their results across multiple steps.
(Su etal., 2024; Ma et al., 2025)
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EFFECT OF RETRIEVAL CORPUS SIZE
ON CODE GENERATION IS UNEXPLORED




RELATED WORK: SELF-EVALUATION OF LLMS U e

 Self-evaluation methods allow LLMs iteratively critique and revise responses
(Madaan et al., 2023)
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RELATED WORK: SELF-EVALUATION OF LLMS U e

 Self-evaluation methods allow LLMs iteratively critique and revise responses
(Madaan et al., 2023)

* Collaborative multi-agent systems and specialized prompting techniques improve

quality of generated code
(Quoc et al., 2024; Zhang et al., 2024)
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RELATED WORK: SELF-EVALUATION OF LLMS U e

 Self-evaluation methods allow LLMs iteratively critique and revise responses
(Madaan et al., 2023)

* Collaborative multi-agent systems and specialized prompting techniques improve

quality of generated code
(Quoc et al., 2024; Zhang et al., 2024)

COMBINATION OF SELF-EVALUATION WITH RAG
REMAINS UNEXPLORED FOR LLM-BASED CODE GENERATION

»
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EXPERIMENTAL SETUP: RAG SCENARIOS U e

[ Task Prompt ]—»[ LLM ] Scenario Key Prompting Elements

la Base prompt: “Generate code in Python for the following request:
[coding problem]”
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EXPERIMENTAL SETUP: RAG SCENARIOS J UL e

APPLIED SCIENCES

SELF-EVALUATION

[ Task Prompt ]—»[ LLM Self-Evaluation Prompt Scenario  Key Prompting Elements

la Base prompt: “Generate code in Python for the following request:
[coding problem]”

1b la + Self-evaluation: “After generating code, evaluate for: (1)
Logical errors (2) Edge cases (3) Syntax errors (4) Performance
issues”
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EXPERIMENTAL SETUP: RAG SCENARIOS J UL e

APPLIED SCIENCES

BASIC RAG
[ Task Prompt ]—»[ LLM ] Scenario  Key Prompting Elements
la Base prompt: “Generate code in Python for the following request:
[coding problem]”
1b la + Self-evaluation: “After generating code, evaluate for: (1)
RAG Logical errors (2) Edge cases (3) Syntax errors (4) Performance
issues”
2a la + Reftrieval: “Use the following retrieved code examples to

answer the coding question: [retrieved code snippets]”
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EXPERIMENTAL SETUP: RAG SCENARIOS U e
RAG WITH SELF-EVALUATION

[ Task Prompt ]—»[ LLM Self-Evaluation Prompt Scenario  Key Prompting Elements

la Base prompt: “Generate code in Python for the following request:
[coding problem]”

1b la + Self-evaluation: “After generating code, evaluate for: (1)

RAG Logical errors (2) Edge cases (3) Syntax errors (4) Performance
issues”

2a la + Retrieval: “Use the following retrieved code examples to

answer the coding question: [retrieved code snippets]”

2b 2a + Self-evaluation: “After generating code using retrieved
examples, evaluate and improve your solution for correctness,
efficiency, and readability™
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EXPERIMENTAL SETUP: RAG SCENARIOS U e

RAG WITH SPECIFIC PROMPTS

[ Task Prompt ]—»[ LLM ] Scenario

11/25/2025

30

Key Prompting Elements

la

Base prompt: “Generate code in Python for the following request:
[coding problem]”

=D "

la + Self-evaluation: “After generating code, evaluate for: (1)
Logical errors (2) Edge cases (3) Syntax errors (4) Performance
issues’”

2a
RAG Prompt

la + Retrieval: “Use the following retrieved code examples to
answer the coding question: [retrieved code snippets]”

2b

2a + Self-evaluation: “After generating code using retrieved
examples, evaluate and improve your solution for correctness,
efficiency, and readability™

2a + Specific prompts: “Use retrieval tool to find relevant code.
Follow structured Thought/Action/Observation format™
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EXPERIMENTAL SETUP: RAG SCENARIOS U e

ENHANCED RAG WITH SELF-EVALUATION

[ Task Prompt ]—»[ LLM Self-Evaluation Prompt Scenario

Key Prompting Elements

Base prompt: “Generate code in Python for the following request:
[coding problem]”

la + Self-evaluation: “After generating code, evaluate for: (1)
Logical errors (2) Edge cases (3) Syntax errors (4) Performance
issues”

la + Retrieval: “Use the following retrieved code examples to
answer the coding question: [retrieved code snippets]”

2a + Self-evaluation: “After generating code using retrieved
examples, evaluate and improve your solution for correctness,
efficiency, and readability™

2a + Specific prompts: “Use retrieval tool to find relevant code.
Follow structured Thought/Action/Observation format™

la
[ j 1b
RAG
? 2a
[ RAG Prompt ]
2b
3a
3b

3a + Self-evaluation: “After generating code, verify and correct for
logical errors, edge cases, syntax errors, and performance issues™
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INTERNATIONAL
EXPERIMENTAL SETUP: RAG SCENARIOS U e
ENHANCED RAG WITH SELF-EVALUATION AND CODE EXECUTION

[ Task Prompt ]—»[ LLM HSelf—Evaluation Promptj Scenario  Key Prompting Elements

la Base prompt: “Generate code in Python for the following request:
[coding problem]”

. 1b la + Self-evaluation: “After generating code, evaluate for: (1)

RAG Logical errors (2) Edge cases (3) Syntax errors (4) Performance
f issues”

2a la + Retrieval: “Use the following retrieved code examples to

Execution Prompt

[RAG Pfompt] answer the coding question: [retrieved code snippets]”

2b 2a + Self-evaluation: “After generating code using retrieved
examples, evaluate and improve your solution for correctness,
efficiency, and readability™

3a 2a + Specific prompts: “Use retrieval tool to find relevant code.
Follow structured Thought/Action/Observation format™

3b 3a + Self-evaluation: “After generating code, verify and correct for
logical errors, edge cases, syntax errors, and performance issues’”
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EXPERIMENTAL SETUP: RAG SCENARIOS U e

[ Task Prompt ]—»[ LLM HSelf—Evaluation Promptj

11/25/2025
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(o) (Com o)
f !

[ RAG Prompt ] [Execution Promptj

https://github.com/langchain-ai/langchain

Scenario Key Prompting Elements

la Base prompt: “Generate code in Python for the following request:
[coding problem]”

1b la + Self-evaluation: “After generating code, evaluate for: (1)
Logical errors (2) Edge cases (3) Syntax errors (4) Performance
issues”

2a la + Retrieval: “Use the following retrieved code examples to
answer the coding question: [retrieved code snippets]”

2b 2a + Self-evaluation: “After generating code using retrieved
examples, evaluate and improve your solution for correctness,
efficiency, and readability™

3a 2a + Specific prompts: “Use retrieval tool to find relevant code.
Follow structured Thought/Action/Observation format™

3b 3a + Self-evaluation: “After generating code, verify and correct for
logical errors, edge cases, syntax errors, and performance issues™

4 3b + Code execution: “Execute code against test cases and

iteratively improve based on results (max 3 cycles)”
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EXPERIMENTAL SETUP: LLM, DATA, EVALUATION JU ooveror
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.--"'"O"""-..

Cg L LM }:) PASS@1 score
Generate code in \. _../

Python for the \"'O#
following request: ...

2 .
111
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EXPERIMENTAL SETUP: LLM, DATA, EVALUATION U

/"‘O“‘\
: i

« =

;{ — O LLM O PASS@1 score
Generate code in .""--.. _..
Python for the O#
following request: ...

(Liu etal., 2023; 2024)

 Evaluatesfunctional correctness &
edge cases
* Suitable for Python code generation
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EXPERIMENTAL SETUP: LLM, DATA, EVALUATION

2 .
111

Generate code in
Python for the
following request: ...

.--"'"O"""-..

o o
{ \
C{LLM?

°_.»

(Huynh & Lin, 2025)

» State-of-the-art code

generation model

* Strong performance
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EXPERIMENTAL SETUP: LLM, DATA, EVALUATION JU ooveror

APPLIED SCIENCES

.--"'"O"""-..

Cg L LM }:) PASS@1 score
Generate code in \. _../

Python for the \"'O#
following request: ...

2 .
111

(Husain et al., 2020; Glinther et al., 2024)

* Enablesretrieval of relevant code examples
» Python subset of 1k / 2k / 3k functions
* Embedded using jina-embeddings-v2-base-en
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EXPERIMENTAL SETUP: RAG IMPLEMENTATION

1.2
VECTORIZED | 4.3
QUERY 2.9
2.3

L 1.9 )

.--""'O""'--..

{ \
O\LLM?

VECTOR
SIMILARITY
SEARCH

"*--..O..--"’

TOP-K
RETRIEVED RETRIEVER

CHUNKS

12

KNOWLEDGE BASE
=VECTOR STORE OF CHUNKS

11/25/2025 38 Investigating Retrieval Augmented Generation for LLM-Based Code Generation. Paraskevi Kivroglou, Tim Schlippe, Simon Martin. FLLM 2025

INTERNATIONAL
UNIVERSITY OF
APPLIED SCIENCES

* Fetches 10 candidates,

keeps the top k=8

* Balances relevance and

diversity using A =0.85

* Maximal Marginal

Relevance (MMR) reranking
ensures the LLM gets useful,
non-redundant examples
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EXPERIMENTAL SETUP: RAG SCENARIOS U e

[ Task Prompt ]—»[ LLM ]

Scenario 1k documents 2k documents 3k documents

la Baseline 83.60% 83.60% 83.60%
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EXPERIMENTAL SETUP: RAG SCENARIOS U e

[ Task Prompt ]—»[ LILM HSelf-Evaluation Prompt]

Scenario 1k documents 2k documents 3k documents
la Baseline 83.60% 83.60% 83.60%
1b Selt-Evaluation 77.25% 77.25% 77.25%
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[ Task Prompt ]—»[ LLM j
o )

Scenario 1k documents 2k documents 3k documents
la Baseline 83.60% 83.60% 83.60%
1b Selt-Evaluation 77.25% 77.25% 77.25%
2a Basic RAG 82.54% 84.13% 86.78%
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EXPERIMENTAL SETUP: RAG SCENARIOS

[ Task Prompt ]—»[ LLM HSelf-Evaluation Promptj

/
(o )

Scenario 1k documents 2k documents 3k documents
la Baseline 83.60% 83.60% 83.60%
1b Selt-Evaluation 77.25% 77.25% 77.25%
2a Basic RAG 82.54% 84.13% 86.78%
2b RAG with Selt-Evaluation 84.92% 85.72% 89.00%
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EXPERIMENTAL SETUP: RAG SCENARIOS U e

11/25/2025

[Task Prompt ]—»[ LLM j
o )
t

[ RAG Prompt ]

Scenario 1k documents 2k documents 3k documents
la Baseline 83.60% 83.60% 83.60%
Ib Self-Evaluation 77.25% 77.25% T7.25%
2a Basic RAG 82.54% 84.13% 86.78%
2b RAG with Self-Evaluation 84.92% 835.72% 89.00%
3a RAG with Specific Prompts 88.62% 87.30% 87.84%
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EXPERIMENTAL SETUP: RAG SCENARIOS

11/25/2025

[ Task Prompt ]—»[ LLM HSelf-Evaluation Promptj
o )

[ RAG Prompt ]

Scenario 1k documents 2k documents 3k documents
la Baseline 83.60% 83.60% 83.60%
1b Self-Evaluation 77.25% 77.25% 77.25%
2a Basic RAG 82.54% 84.13% 86.78%
2b RAG with Self-Evaluation 84.92% 85.72% 89.00%
3a RAG with Specific Prompts 88.62% 87.30% 87.84%
3b Enhanced RAG with Self-Evaluation 90.74% 91.54% 92.06 %
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Future Work

Develop specialized C

embedding models

= Toimprove retrieval quality for code-
specific patterns

trieval strategies

Adaptivere
> techniquesto dynamica\ly adjust
retrieval parameters based on query

characteristics
ed self-evaluation

ode

Improv
techniques for code

> using static analysis or symbolic
execution to improve code quality
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