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Low Resource Languages and 
Scientific Programming Languages

Computational Efficiency
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- Low resource languages
- Noise label detection
- Knowledge transfer
- RAG-based LLMs
- AIWare and agent-based LLMs

- Computational efficiency
- Performance increase
- Adding new knowledge to LLMs 
- Automating the pipeline



Knowledge Transfer for Software Engineering
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Fine-Tuning Code summarization Dataset

Code summarization 
Dataset
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PEFT Categories

Fig from: Lialin, V., Deshpande, V., & Rumshisky, A. (2023). 

Scaling down to scale up: A guide to parameter-efficient fine-
tuning. arXiv preprint arXiv:2303.15647.
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PEFT Benefits

Less storage 
requirements

Comparable 
results

Computational 
efficiency

Store only 
updated 

parameters

Specially for low 
resource 

languages

(sometimes) 
memory and 
processing
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SE Specific 
Aspects

• Bimodal knowledge transfer

• SE specific adapters for 
knowledge transfer from 
multiple programming 
languages
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Focus on bimodal knowledge transfer from NL to PL

Cloze test and Code clone detection

RoBERTa, MODE-X, CODEBERT
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RoBERTa

MODE-X

CodeBERT
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Parameter budget of adapters and 
CodeBERT for code clone detection

Parameter budget of Java-adapters and 
CodeBERT in millions
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Focus on low resource languages

Code summarization

RoBERTa, MODE-X, CODEBERT, GraphCodeBERT

Empirical Software Engineering (EMSE) 2024
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Code Summarization Results
Smoot BLEU-4

Models/Languages Ruby JS Go Python Java PHP

GraphCodeBERT + TA 14.53 16.54 23.74 18.73 19.08 25.05

CodeBERT+TA 14.12 15.67 23.21 18.47 18.99 25.55

MODE-X 12.79 14.20 23.05 17.72 18.43 24.27

GraphCodeBERT 12.62 14.79 18.40 18.02 19.22 25.45

CodeBERT 12.16 14.90 18.07 19.06 17.65 25.16

RoBERTa 11.17 11.90 17.72 18.14 16.47 24.02

MODE-X has better or on par results with Code-LMs

Adapters outperform FFT for low resource languages 
14
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Ruby Attention



Beyond 
Empirical 
Studies

Software Engineering-
Specific PEFT Methods
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CODEBERTER

Iman Saberi, Fatemeh H. Fard, Model-Agnostic 
Syntactical Information for Pre-Trained Programming 
Language Models. 

MSR 2023
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Computation
al Efficiency

Avoid Pre-
training in 
Imposing 

Code 
Structure

NER Adapter

Avoid pre-training while adding new information
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Token Type 

Classification Loss (TTC)

NER Adapter
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Overall Architecture

The input data flow for the sample when fed into a transformer block equipped with NER, 
language and Fusion adapters.
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Code Summarization
Automatically generating descriptions of the functionality of a given code 
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➢ CodeBERTER (right)

➢ CodeBERT (left)

Attention Change with NER Adapter
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ADVFUSION

Iman Saberi, Fatemeh H. Fard, Fuxiang Chen, 
AdvFusion: Multilingual Adapter-based Knowledge 
Transfer for Code Summarization
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AdvFusion
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Without AdvFusion With AdvFusion
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Adapters are 
useful for 

Multi-modal 
knowledge 

transfer 
(NL to PL)

Changing 
adapter 

architecture 
SE-specific 
adapters 

1)  Impose new 
info to LM

2) Knowledge 
transfer among 

PLs

28



LLM-Based 
Agents
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AI-Agent
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Ragas Score

• Faithfulness (F)

• Answer Relevance (AR)

• Context Relevance (CRel)

• Context Recall (Crec)

Evaluation metrics and Results
Tonic Metrics

• Answer Similarity (AS)

• Retrieval Precision (RP)

• Augmentation Precision(AP)

• Augmentation Accuracy (AA)

• Answer Consistency (AC)



Knowledge Transfer for Software Engineering

• From PL-LLMs with SE-specific adapters

• From QA platforms using RAG LLM-based agents

• Change 
• our point of view, 

• architecture, or 

• use the current knowledge sources
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Thank You ☺
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