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What is Program Synthesis?
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Program Synthesis / Code generation - What is it?
The task of generating code based on (human) “intentions”.

source: https://www.microsoft.com/en-us/research/blog/neural-guided-deductive-search-best-worlds-approach-program-synthesis/ 4
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Program Synthesis / Code generation - What is it?
The task of generating code based on (human) “intentions”.

The problem is that it’s basically a search in a HUUUUUGE space

source: https://pursuit.unimelb.edu.au/articles/once-just-a-speck-of-light-now-revealed-as-the-biggest-known-galaxy-in-the-early-universe 5
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Domain Specific Language - DSL
Makes the search space smaller

E.g., language for list processing or excel formulas

source: Modelling Program Spaces in Program Synthesis with Constraints
7
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Domain Specific Language - DSL
Makes the search space smaller

E.g., language for list processing or excel formulas

source: Modelling Program Spaces in Program Synthesis with Constraints

example expressions:
● x
● if x==1 then 1+1 else x
● x*x*x*x*x*x
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Deductive Synthesis

Inductive Synthesis 
(Programming by Examples)

Sketch-Based Synthesis

Neuro-Symbolic Synthesis

Data-Driven 
Approaches

source: slightly modified “From Provable Correctness to Probabilistic Generation: A Comparative Review of Program Synthesis Paradigms”, 2025, Arnania, Kobaladze, Sanikize 9
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LLM-based Agents in Code Generation
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Advantages of LLM
● Learn syntactic rules of multiple programming languages
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Advantages of LLM
● Learn syntactic rules of multiple programming languages
● Master common programming paradigms
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Advantages of LLM
● Learn syntactic rules of multiple programming languages
● Master common programming paradigms
● Understand mappings between natural language and code logic

bla bla bla
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LLM Coders

source: DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning DeepSeek-AI, and https://www.krasamo.com/code-llm/ 15
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LLM Coders - Limitations
● Single-turn, passive response process
● Lack active planning, state tracking, and continuous interaction with 

external environments
● Struggle with complex, ambiguous, or multi-step collaborative 

development tasks
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Solution?
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LLM-based Agents!
LLM agents can enhance LLMs by for example tool usage, multiple rounds of 
thinking and generation etc.

source: https://blog.openthreatresearch.com/rise-of-the-planet-of-the-agents/ 18
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Shift in Code Generation due to LLM Agents

BEFORE NOW
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Shift in Code Generation due to LLM Agents

Actively manages and execute workflowsPassive

BEFORE NOW

Tasks with clear boundaries 
and well-defined specifications

Algorithmic innovation

Most tasks in software development

Engineering practice

Autonomy

Expanded Task 
Scope

Research Focus 
on engineering 
practicality
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LLM Agent - Components

souce: https://lilianweng.github.io/posts/2023-06-23-agent/ 
26
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Single-Agent
● Planning and Reasoning

● Tools and Retrieval

● Reflection and 

Self-Improvement
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Planning and Reasoning Techniques
Self-Planning

Self-Revision of planning, e.g., CodeChain

Single-path to multipath exploration, e.g. GIF-MCTS, PlanSearch
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Tool Integration and Retrieval Enhancement
Tools extend LLM capabilities (e.g., calculator, API calls)

Handle dependency issues via automatic completion (e.g., ToolGen)

Reduce hallucination through retrieval (e.g., Code Agent for web/doc access)

Support debugging via tool feedback (e.g., CodeTool, ROCODE)
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Reflection and Self-Improvement
Mimics human process of generating, evaluating and revising code.

Example: Self-Debug (“rubber ducking”)
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Multi-Agent
● Multi-Agent System Workflows
● Context Management and Memory 

Technologies
● Collaborative Optimization of 

Multi-Agents
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Multi-Agent System Workflows
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Multi-Agent System Workflows
Role-Playing Mechanism

○ Aligns agent behavior with defined roles and reasoning patterns
○ Enhances task understanding and interaction stability by constraining behavior scope
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Context Management and Memory Technologies
Multi-agent systems share long-range context: task descriptions, history, and 
intermediate results

Examples: Blackboard model (Self-Collaboration), Decoupled Modules (L2MAC)
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Collaborative Optimization of Multi-Agents
Research now focuses on enhancing inter-agent collaboration in code generation

Still an emerging area with limited and immature methods

Example: Mutual Evaluation (CodeCor)
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Applications
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Evaluation Metrics
● Functional Correctness Metrics

○ Pass@k
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# allowed tries



Evaluation Metrics
● Functional Correctness Metrics

○ Pass@k

38
to remove the sampling bias

correct samples
total number of 
samples generated 
for a
single problem

# allowed tries



Evaluation Metrics
● Functional Correctness Metrics

○ Pass@k

● Evaluation Metrics for Code Generation Agents
○ efficiency
○ cost
○ task success rate
○ intermediate steps, e.g., tool usage accuracy
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Evaluation Metrics
● Functional Correctness Metrics

○ Pass@k

● Evaluation Metrics for Code Generation Agents
○ efficiency
○ cost
○ task success rate
○ intermediate steps, e.g., tool usage accuracy

● Other Software Quality Evaluation Metrics
○ security evaluation (SEC-Bench)
○ code quality (static analysis)
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Evaluation Benchmarks

Method/Class-level 
Code Generation3

Programming Contest 
Code Generation 2

Benchmarks for Real 
Software Development1
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HumanEval (OpenAI, 2021)
● milestone significance
● inspired by online programming platforms
● automatable code execution testing (unit tests)

source: Evaluating Large Language Models Trained on Code, https://arxiv.org/abs/2107.03374 
43
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Mostly Basic Python Problems 
Dataset (Google Research,2021)
● 1,000 crowd-sourced, entry-level 

Python programming tasks
● natural language descriptions, 

reference answers, 3 assertion 
test

● problem types from 
mathematical calculations to 
basic data processing

source: Program Synthesis with Large Language Models, https://arxiv.org/abs/2108.07732 
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Evaluation Benchmarks

Method/Class-level 
Code Generation3

Programming Contest 
Code Generation 2

Benchmarks for Real 
Software Development1
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LiveCodeBench (UC Berkeley,MIT,Cornell University)

● Holistic and 
contamination-free

● Focuses on broader 
code-related capabilities, 
such as self-repair, code 
execution, and test output 
prediction

● 2024, but updated 
continuously

source: https://livecodebench.github.io/ 
46
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LiveCodeBench (UC Berkeley,MIT,Cornell University)

source: https://livecodebench.github.io/ 
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SWE-Bench
● Real-world GitHub issue resolution benchmark (thousands of samples)
● versions: Lite, Verified, Bash Only, Multilingual, Multimodal

source: https://www.swebench.com/ 50
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Evaluation system and Software 
Paradigm Evolution

Trustworthiness, Security, and 
Ethical Risks

Challenges of Tool Integration 
and Deployment for Agents in 
Open Environments

Limitations of Agent 
Core Capabilities

Challenges

51

Robustness and 
Updatability Challenges 

of Agent Systems
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Programmatic Reinforcement Learning
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Reinforcement 
Learning (RL)
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Deep Reinforcement 
Learning (DRL)
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Problems with DRL methods 
● Interpretability 
● Generability
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Code as a Policy
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“Learning to Synthesize 
Programs as Interpretable 

and Generalizable Policies”, 
2022, Trivedi et al.
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Learning Embeddings for lAtent 
Program Synthesis (LEAPS)



Problem Formulation
● Learn to synthesize a program in a 

given DSL
● The program executes to solve a task 

defined by an MDP
● Learning is driven purely by reward 

signals
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Karel Domain

69
source: https://clvrai.github.io/leaps/ 
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Problem Formulation
● Learn to synthesize a program in a 

given DSL
● The program executes to solve a task 

defined by an MDP
● Learning is driven purely by reward 

signals

Objective: 

71

EXEC returns the actions induced by executing 
a program policy ρ in the environment. 



LEAPS - the Overview
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LEAPS - the Overview
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Learning Program Embedding Stage
VAE

encoder

decoder

neural program 
executor
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𝛽-VAE loss is used to enforce “text similarity”

Program Reconstruction
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Program Behaviour Reconstruction

These two programs are semantically the same: 

repeat(2): move()

move() move()
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REINFORCE loss is used to enforce 
“semantic similarity”

where reward for matching behaviour is 
defined as:

Program Behaviour Reconstruction
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cross entropy loss to encourage learning a 
program embedding space that allows 
smooth behaviour interpolation

Latent Behaviour Reconstruction
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Combined Objective
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Latent Program Search
CEM finds a program by only 
considering rewards
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Training
● Data 50k unique programs, generated independently of Karel tasks

○ 35 train set, 7.5k val set, 7,5k test set

● For each program, they sample random Karel states and execute the 
program on them from different starting states

81



Ablation Study
So all these losses are useful and necessary

Search (CEM) is important too
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Baselines
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Results
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Results - Karel

85
source: https://clvrai.github.io/leaps/ 

https://clvrai.github.io/leaps/


Generalization Experiment (one-shot)

86
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Generalization Experiment (one-shot)
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Can we take advantage of LLMs in this 
framework?
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Programmatic RL with LLM Guided Search
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“SYNTHESIZING PROGRAMMATIC REINFORCEMENT  LEARNING POLICIES 
WITH LARGE LANGUAGE MODEL  GUIDED SEARCH”, 2025, Liu et al.
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Generating DSL Program with LLM
LLM might not know DSL and 
then it’s hard for it to generate 
syntactically correct code 
immediately

91



Search with Scheduled Hill Climbing

This time they test 
more search 
techniques (HC, CEM, 
CEBS)
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Karel experiment
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But is it LLM? Maybe it doesn’t matter…
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Why LLMs can gain so much advantage?
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Ok, but maybe LLM alone would do it on it’s own
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Conclusions

● LLMs and LLM-agents have 
significantly advanced the 
field of code generation

● Program Synthesis has a cool 
application in Reinforcement 
Learning

● LLMs absorb “human culture” 
and that can be useful in RL 
and in programmatic RL as 
well
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LLM-based Agents Publishing Statistics
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Deployed Code Generation Agent Tools

101



LiveCodeBench (UC Berkeley,MIT,Cornell University)

source: https://livecodebench.github.io/ 
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LiveCodeBench (UC Berkeley,MIT,Cornell University)

source: https://livecodebench.github.io/ 
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Interpretability Experiment

source: https://clvrai.github.io/leaps/ 

● Trust
● Contestability
● Safety
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