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Automatic Source Code Summarization

•  
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Challenges

• Fine-tuning causes loss in generation diversity [Wang et al. 2022].
• Prior works only evaluate their method based on a single generation.
• Consider the case where the output is inadequate for the user and an 

alternative solution is needed.
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What Options Do We Have?

• Sampling: Prevalent method for generating diverse outputs but came at a 
cost of accuracy. 

• Prompting: LLM often gets too stubborn on its first thought and cannot 
self correct.  [Huang et al. 2023, Liang et al. 2023]

• Beam search: Usually generate results that only varies by minor 
differences. [Kumar et al. 2004, Macherey et al, 2008]
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How can we enhance the LLMC’s ability to 
generate a set of diverse yet accurate 
outputs?
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Variational Prefix 
Tuning

A novel approach to enhance LLM’s ability in generating both 
diverse and accurate output.
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Motivation of 
Our approach

• Conditional Variational AutoEncoder (CVAE) model 
has been proven effective in other diverse 
generation tasks. [Wang et al. 2017, Jain et al. 2017]
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Can They 
Work With 
LLMs?

• Similar work (Transformer-CVAE models) 
exists. [Wang et al. 2019, Fang et al. 2021]
• Requires a complete retraining of the 

entire model.
• No access to the extensive knowledge 

learned by the LLMs.
• Training an LLM requires extensive amount of 

resource.
• Can we integrate CVAE as a modular 

component?
• No need to optimize the LLM parameters 

when training this CVAE module.
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Motivation of Our Approach

• Inspired by Prefix Tuning. 
[Li et al. 2021]

• Uses a variable set of 
vectors sampled from a 
learned distribution as 
Prefixes.

• Allows Integration of CVAE 
framework into existing pre-
trained model in a 
parameter-efficient way.
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Contribution 
of Our 
approach

1. Integrating CVAE framework into 
LLM in a modular way, eliminating 
the need to retrain the entire LLM.

2. A novel pipeline for enhancing LLM’s 
ability to generate a set of diverse 
yet accurate summaries.
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An Overview of 
Our Approach
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Bi-criteria Subset 
Selection

•  
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Evaluation

• Baselines:
• Sampling
• Beam Search
• Diverse Beam Search (DBS) [Vijayakumar et al, 2018]
• Stochastic Beam Search (SBS) [Kool et al, 2019]

• Backbone model
• CodeT5+

• We use oracle metrics to evaluate the performance.
• Consider diverse generation task as creating a list of options.
• Maximize the likelihood of containing at least one adequate output.
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Performance 
Compared To 
Baselines

• We apply VPT and other baselines to current State-Of-The-
Art code summarization model CodeT5+

• We first generate a large set of 100 summaries then select 
subsets with size 10 and 20.

• Our Method shows superior performance across all 
metrics
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Qualitative Examples
18

Beam Search Generation:
1. decorator to add a default structuring element 

to morphological operations.
2. decorator to add a default structuring element 

to morphology functions.
3. decorator to add a default structuring element 

to binary images.
4. decorator to add a default structuring element 

to binary image.

Variational Prefix Tuning Generation:
1. decorator to add a default structuring element to 

morphological operations.
2. generates a binary structure for the given selem.
3. decorator to generate a binary structure of the image 

if no selem is specified
4. return a decorator that generates a binary structure 

for the given selem.



Thank You!
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