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Generative language models

• Generative models are designed to create plausible continuations of 
the input

• Predict the next token based on previous tokens, one token at a time

• Example: GPT-3 (Generative Pre-trained Transformer)



GPT

• Decoder-only

• Outputs one token at time





Language model meta-learning

Large Language Models, such as GPT-2, 
present the capability of meta-

learning!



Language model meta-learning

• At training time, the model develop a broad set of pattern recognition 
abilities

• At inference time, use the abilities to rapidly adapt to or recognize the 
task
• In-context learning: use the text input as a form of task specification



Examples as in-context learning

• Zero-shot vs few-shot
• Zero-shot: no examples are provided in the 

prompt

• Few-shot: small number of examples 
provided

• Examples provide more context to the 
model



Models are becoming larger…

Model Size (parameters)

BERT (base) 110 million

BERT (large) 340 million

GPT-1 117 million

GPT-2 1.5 billion

GPT-3 and GPT-3.5 175 billion

GPT-4 Undisclosed (sources say 
1.7 trillion)

Meta-learning drove the 
creation of larger models!



Early LLMs limitation

• Misalignment between:
•  traditional training objective (predict next token)

•  the objective of following user intentions



Instruct tuning LLMs

• Fine-tuning: Reinforcement 
learning from human feedback

• Human preferences as reward 
signal to fine-tune the model



Instruct tuning LLMs

• Goals: the bot should be:
• Helpful (help to solve the task)

• Honest (not fabricate information or mislead)

• Harmless (not cause harm to people or the 
environment)



In-context learning strategies

• Standard Prompt Engineering

• Chain-of-thought

• Multiple agents



Prompt Engineering

• Prompts consist of context and instructions fed to a generative 
language model to achieve a defined task

• Prompt engineering consists of practices and techniques to optimize 
prompts to efficiently and effectively use generative language models 



Prompting principles

• Principle 1: Write clear and specific instructions

• Principle 2: Give the model time to “think”



Writing clear and specific instructions

• Tactic 1: Use delimiters to clearly indicate distinct parts of the input
• Delimiters can be ```, " " ”, <>,<tag></tag>



Writing clear and specific instructions

• Tactic 2: Ask for a structured output
• JSON, HTML



Writing clear and specific instructions

• Tactic 3: Ask the model to check 
whether the conditions are 
satisfied



Writing clear and specific instructions

• Tactic 4: Few-shot programming



Give the model time to “think”

• Tactic 1: Specify the steps required to complete a task

• Tactic 2: Instruct the model to work out its own solution before 
rushing to a conclusion



Give the model time to “think”

• Tactic 1: Specify the steps 
required to complete a task



Give the model time to “think”

• Tactic 2: Instruct the model to 
work out its own solution before 
rushing to a conclusion



Prompt patterns

• Prompt patterns document successful approaches for systematically 
engineering different output and interaction goals when working with 
conversational LLMs. (White et al., 2023)

• Fundamental contextual statements: written descriptions of the 
important ideas to communicate in a prompt to an LLM.



General prompt patterns



Example: Persona pattern

• Intent: To make the LLM output to take a certain point of view

• Fundamental contextual statements:
•  “Act as persona X” 

• “Provide outputs that persona X would create”



Example: Recipe pattern

• Intent: To provide a sequence of steps to create “ingredients” to 
achieve a stated goal.

• Fundamental contextual statements:
• “I would like to achieve X”

• “I know that I need to perform steps A,B,C”

• “Provide a complete sequence of steps for me” 

• “Fill in any missing steps” 

• “Identify any unnecessary steps”



Example

“From now on, act as a security reviewer. Pay close attention to the 
security details of any code that we look at. Provide outputs that a 

security reviewer would regarding the code.”



Example

“I am trying to deploy an application to the cloud. I know that I need to 
install the necessary dependencies on a virtual machine for my 

application. I know that I need to sign up for an AWS account. Please 
provide a complete sequence of steps. Please fill in any missing steps. 

Please identify any unnecessary steps.”



Another example?

• The paper:
• https://arxiv.org/abs/2302.11382



Prompt patterns for SE



What are potential issues when applying 
GenAI for implementation?

We will talk about two problems:
• Coupling

• Reliability



Coupling

• Problem: code generated by LLMs might be coupled to specific 
libraries or frameworks
• Consequence: difficult to maintain

• Solution: Intermediate Abstraction Pattern
•  Instruct the LLM to introduce an intermediate abstraction



Intermediate Abstraction – Contextual 
statements

1. If you write or refactor code with property X 

2. that uses other code with property Y 

3. (Optionally) Define property X 

4. (Optionally) Define property Y

5. Insert an intermediate abstraction Z between X and Y 

6.  (Optionally) Abstraction Z should have these properties



Intermediate Abstraction - example

Whenever I ask you to write code, I want you to separate the business 
logic as much as possible from any underlying third-party libraries. 
Whenever business logic uses a third- party library, please write an 
intermediate abstraction that the business logic uses instead so the 

third-party library could be replaced with an alternate library if needed.



Let’s try

• In ChatGPT, run the following prompt:

“Create the code of a simple REST API implementing CRUD operations 
for manipulating a customer database”

• Then, re-run using the pattern



The Reliability issue. 
Idea: Assured LLM-Based SE

• Paper from developers of Meta

• Generate-and-test approach



Tests are like rails…

• Tests provide constraints

• But also guide the execution



Hands-on: implementation & 
testing



Based on our paper on 
GenAI for TDD

Published at the AI for Agile Software Engineering Workshop @XP2024
URL: https://link.springer.com/chapter/10.1007/978-3-031-72781-8_3



• Automatic tests are useful for a 
generate-and-test approach

• Test-Driven Development (TDD) 
can be a good approach here

• TDD can guarantee that code 
will not be produced without 
tests



Developers can write the test 
code – which is simpler than 

production code.

The AI could generate the 
production code which will be 

checked by the tests.



Docker image

• For the next exercises, we will use a Docker image

• Run the following in a terminal

export OPENAI_API_KEY= <key> 

docker run –e OPENAI_API_KEY –d melegati/levelup

• Once the container is running, connect your IDE to it 



Exercise: implementing and testing

• The script levelup.tdd in Docker implements a code generator based 
on provided tests

• To run it, use:

 python –m levelup.tdd  -c=<code-file> -t=<test-file>

• Task: implement using TDD a function that converts values in different 
metric units
• Ex: convert(“2in”, “cm”) returns 5.08

• Do not forget to import unittest and run it inside the main



Exercise: improving code (refactoring)

• The script levelup.refactor in Docker
• refactors code 

• checks if the provided tests pass with the refactored code

• checks if the refactored code is “better” than original code

• To run it, use:
python –m levelup.refactor  -c=<code-file> -t=<test-file>

• Task: use the script to refactor the code you created



Any ideas?

• So far, we used tests to guarantee that code is “correct”

• What else can we do in principle?



Legacy code

“To me, legacy code is simply code 
without tests.”

In principle, we can 
generate tests and check 

them with the code!



Other patterns

• Paper:
• https://arxiv.org/pdf/2303.07839



Examples of Prompt Engineering for software 
maintenance

• Fault localization

• Automatic program repair

• Code editing



Fault localization and program repair



Fault localization experiments

• FL Prompt 1: src + "There is a bug in the above code, please help me 
locate it.”

• FL Prompt 2: src + stack + "There is a bug in the above code, please 
help me locate it by considering the stack trace.”

• FL Prompt 3: src + stack + assert + "There is a bug in the above code, 
please help me locate it by considering the stack trace information 
and failure assertion code."



Fault localization experiments - Results

• 120 bugs in Java from the Defects4J dataset 
• 6 open-source projects

• ChatGPT 3.5 detected 47 (39%) of them



Automated-Program Repair Experiment

• APR Prompt 1: src + "There is a bug in line X of the code, please help 
me fix it.”

• APR Prompt 2: src + "There is a bug in S, please help me fix it."

• APR Prompt 3: src + "There is a bug in the last statement, please help 
me fix it."



Automated-Program Repair - Results

• Same sample

• ChatGPT 3.5 solved 9 bugs (7,5%)



Code editing



Example of code editing 
prompt
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