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CodeRAG

❖ Using a pre-trained LLM to answer code-related queries works well for generic code, but fails to 
perform as well for domain-specific/niche codebases like those used in software engineering tasks.

❖ Indexing a code-base and using it as a knowledge base of an LLM to answer queries specific to that 
code is a viable solution, but does not work well due to resource-constrained environments.

❖ Direct code-indexing yields suboptimal results for natural language queries, die to the relatively low 
representation of code-data in LLMs.

This work introduces Code2JSON, a novel LLM-based framework aimed at extracting meaningful features 
from code in a zero-shot, generalizable way, useful for both code retrieval and generation tasks.



Code2JSON

❖ Our work is based on the hypothesis that, a 
natural language representation of code-data 
should perform on par, if not better for codeRAG.

❖ To resolve this, we use an LLM to generate 
natural language features which are indexed for 
retrieval.

❖ These natural language features are 
hypothesized to enhance retrieval quality and aid 
in generation as well.



Experiments

❖ We compare our approach to a 
baseline approach if simply 
indexing the code for retrieval.

❖ Code2JSON shows superior 
performance to the baseline 
approach in 4 out of 6 
python-native datasets, over 
different retrieval strategies



Experiments

❖ For non-python datasets, the 
performance is on-par with 
keyword/code embedding based 
retrieval.

❖ For text-embedding retrieval 
models, we found Code2JSON to 
perform sub-par.

❖ We hypothesize that this contrast is 
due to a lower representation of 
these programming languages in 
the training data of text-embedding 
models.



❖ We also test corresponding RAG performance by using pass@1 metric for the generated code.

❖ The retrieved natural language descriptions act as guiding signals to the generator LLM for code 
generation.

Experiments



❖ Comparison is done towards code 
generation using the retrieved natural 
language descriptions vs code snippets.

❖ Code2JSON-aided generation is superior 
for Llama-3-8B-Instruct and 
DeepSeekCoder-7B-Instruct models.

❖ This suggests that relatively bigger models 
benefit more from rich-semantic context.

Experiments



❖ We found for simple BM25 indexing, Code2JSON yields indexes that require a lower storage 
capacity while performing on par or better than conventional code-indexing.

Cost analysis

❖ An approximate cost analysis is also provided for researchers and engineers to assess the 
feasibility of Code2JSON for further enhancements.



❖ Low-Rank Adaptation(LORA) fine-tuning

❖ Ablation study with a smaller model for Code2JSON 

❖ Application of Code2JSON for unstructured code repositories

(Discussed in Paper Appendix)

Additional Experiments



❖ Context Length Constraints - The LLM’s context window poses a limitation for large code files. 
Chunking can lead to loss of contextual dependencies, necessitating hierarchical retrieval methods 
or chunk-aware generation strategies.

❖ Lack of Ground Truth Annotations - While our experiments were conducted on widely used 
benchmark datasets, real-world adoption requires further validation on diverse and unstructured 
repositories. This requires high-quality ground truth data on real-world codebases.

Limitations



Conclusion

❖ Our experiments on ∼125K code snippets across multiple 
programming languages demonstrate that Code2JSON 
can improve or at least match retrieval and code 
generation quality in many scenarios, even under 
resource constraints.

❖ Despite before-mentioned challenges, CODE2JSON 
demonstrates a promising step toward structured feature 
extraction for code retrieval-augmented generation (code 
RAG) systems.


