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Background
- Intuition: A framework to enable automatic implementation and validation of 

complex algorithms with code LLMs.
- Problem: 

- Code language models, such as Codex, struggle with generating code for tasks 
involving multiple steps or complex transformations.

- Human programmers excel at breaking down complex tasks into manageable and 
modular parts.

- Unlike humans, code language models lack the ability to effectively decompose 
problems and assemble solutions from modular components.

- As a result, the performance of code language models drops dramatically with an 
increase in the number of steps or complexity of the task.

- Solution: Automatically decompose algorithmic tasks into hierarchical natural 
language function descriptions and then search over combinations of possible function 
implementations using tests 



Contribution
Parsel is a framework that helps break down, create, and put together complex programs 
using natural language.

The process has three main steps: 
● A language model creates a Parsel program by breaking down a task described in 

natural language into smaller parts, called function descriptions.
● Each function description, another language model makes small, separate pieces of the 

program, called implementations.
● Parsel synthesizer combines these pieces together to make the whole program. It does 

this by testing small groups of implementations to make sure they fit together and 
meet certain requirements, like giving the right outputs for given inputs.



Method - Overview



High Level Methodology



Parsel Program Example

Parsel Programs contain one/more of (A) Description - NL description 
and function signature with arguments, (B) Reference to a function 
(either recursion or otherwise) and (C) A constraint like a test case.



Post-Order 
generation 

of programs

When implementing the parent 
node, we first provide the LLM with 
the description & signature of each 
helper child function. 

Then we provide the description of 
the parent function and tell the 
LLM to explicitly use the children 
helper functions in the 
implementation.



Composing the entire/complete program

1. After generating the implementations for each sub-function, we need to compose these functions 
for the complete implementation.

a. Say there are N helper functions, we ask the LLM to generate Top-K implementations for 
each function. Hence KN combinations - too much.

b. Instead partition the function dependency graph into strongly connected components 
(SCC) and evaluate all combinations within a SCC. 

i. So for example if F, G an H form a SCC, Evaluate K3 solutions and pick a solution 
that satisfies all constraints. 

ii. Time complexity is O(KMAX_SCC_SIZE ) where MAX_SCC_SIZE < N.
2. If every function has its own test case and there is no recursion/cycle, then each function along 

with its test case is in its own SCC.
3. If there is no test case for a function, it’s added to the parent function’s SCC.
4. If the parent function does not have a test case, ask the LLM to create a test case.



Evaluation

● Parsel is tested for generating programs across different tasks:
  1. Competitive coding: It's a standard benchmark for evaluating code generation 
tools and heavily relies on breaking down tasks into smaller parts.
  2. Robotic task planning: Involves planning and executing tasks in a robotic 
environment.
  3. A standard coding benchmark

● These tasks represent different forms of algorithmic reasoning, each with varying 
levels of complexity and generality.

● Evaluating Parsel across these tasks helps assess its versatility and effectiveness as a 
framework for algorithmic reasoning.



Evaluation Setup
Setup:  
-Tested Parsel on competition-level problems from the APPS dataset.
  - Utilized GPT-3 to propose high-level solutions to the problems.
  - Translated these solutions into Parsel code using Codex.
  - Synthesized Parsel code and evaluated implementations to measure pass rates.

Metrics and Comparison:
  - Pass rate reported as "pass@n × k" where n is the number of Parsel programs generated and k is the number of 
implementations per function.
  - Compared Parsel's performance to direct solutions from Codex and AlphaCode.
  - Visualized pass rates, showing Parsel's substantial improvement over prior methods.

Scalability and Computational Cost:
  - Parsel's approach allows for a vast number of candidate programs due to "mix-and-match" function implementations.
  - While the generation cost for components is linear, the number of distinct candidate programs grows exponentially 
with k.
  - Generating each program may require significant computational resources, but testing complete programs is relatively 
less costly.
  - Performance of Parsel improves log-linearly with the number of evaluations, justifying computational expenditure for 
evaluating all possible programs.



Evaluation
Evaluation on HumanEval:

  - Parsel was tested on HumanEval, which consists of simpler problems than competitive coding.
  - This allowed for evaluating the performance at pass@1 by automatically generating tests.

Improvement with GPT-4 and Parsel:
  - GPT-4 combined with Parsel showed a significant improvement in pass@1 performance, from 67% to 85%.
  - GPT-4 was able to translate natural language plans into Parsel format effectively, surpassing GPT-4 alone on HumanEval.

Pass Rate Analysis:
  - Pass rates with Parsel improved regardless of whether filtered by generated tests.
  - Sampling until three Parsel programs had one implementation passing a generated test resulted in an 85.1% pass rate.
  - Parsel outperformed GPT-4 alone both in CodeT score and pass@any evaluations.

Effect of Parsel on Pass Rates:
  - Allowing up to 8 Parsel programs with 8 implementations each increased the pass rate to 91.5% compared to directly generating 
programs.
  - When allowing up to 128 programs, pass rate improved from 84.1% to 93.9% with Parsel.

Solving Complex Problems:
  - Parsel helped solve problems with more functions that GPT-4 alone couldn't solve.
  - Problems solved with Parsel required more functions on average compared to those solved by GPT-4 alone.
 - Some problems remained unsolved, and Parsel enabled solving problems that GPT-4 alone couldn't tackle, showcasing its efficacy in 
handling complex tasks.



Evaluation
Comparison to Human Expert:

  - An author experienced in competitive programming successfully solved 5 out of 10 randomly-selected Codeforces 
problems from the APPS dataset within 6 hours.
  - In comparison, GPT-3 generated Parsel solutions had a success rate of 2 out of 10 problems with 8 attempts per 
problem, albeit in a much shorter time frame.
  - This suggests that while Parsel can effectively generate complete correct solutions to hard problems, improving the 
ability of models to decompose tasks into Parsel programs is crucial for future enhancements.

Participant Feedback:
  - The participant found some aspects of working with Parsel counterintuitive.
  - Writing additional tests was more effective for ensuring a working solution than clarifying function descriptions.
  - Concerns about changing the description of a child function breaking its parent were rare in practice.

Chained Components Experiment:
          - Replicated Chen et al.'s experiment highlighting limitations of language models in producing code that requires 
simple composition of building blocks.

  - Visualized Parsel's performance in solving problems as the number of required components grows.
  - Even interchanging the parts of two complete programs solved more problems than Codex with 16 programs.
  - This illustrates the advantage of Parsel in supporting increasingly complex and abstracted programs as language 
models improve.



Robotic Planning in VirtualHome:

Robotic Planning in VirtualHome:
   - Utilizing VirtualHome, a simulated environment with interactive elements, researchers delved into household task automation.
   - Tasks within VirtualHome adhere to strict grammatical structures, requiring intricate decomposition.
   - Parsel, a tool, was employed to generate Python programs capable of devising action plans resembling natural language instructions.
   - These plans were then translated into formal instructions for VirtualHome and assessed for feasibility.

Comparison of Robotic Plans:
   - The clarity and accuracy of Parsel-generated plans were compared to directly created plans, with Parsel's plans emerging as superior.
   - Human studies were essential for assessing plan correctness due to the subjective nature of task execution.

Human Study Details:
   - Two surveys, each involving 20 participants on Prolific, generated 100 rankings per survey.
   - Participants ranked solutions based on accuracy and comprehensibility.
   - Two versions of Parsel solutions were presented: one with indented function names alongside step-by-step solutions, and another with 
only step-by-step output.
   - Both Parsel solutions were compared against a baseline solution derived from prior research.

Scaling Performance:
   - Solving complex problems became increasingly likely with the logarithm of the number of sampled Parsel programs.
   - Human evaluations favored Parsel solutions over the baseline, with standard Parsel solutions outperforming the baseline in 69% of 
comparisons.
   - In terms of clarity, standard Parsel solutions were preferred over the baseline by 70%, while indented Parsel solutions were favored 
50% more often.
   - No significant difference was observed between indented and non-indented Parsel solutions in terms of accuracy or clarity.





Scaling Performance



Conclusion
For Programmers:
  - Parsel offers a robust framework for code generation, eliminating the need to manually 
evaluate the underlying code.
  
For Students:
  - Provides a platform for teaching algorithmic reasoning with less focus on syntax and more 
emphasis on problem-solving, akin to a mathematics curriculum.

For Language Models:
  - Facilitates hierarchical task decomposition, enabling language models to break down 
complex tasks into manageable parts.



Extensions and Future Work:

●   Parsel's potential extensions include integrating automatic test case generation, reranking solutions based on 
model-judged quality, implementing more intelligent recursive decomposition, bootstrapping increasingly 
complex programs, and generating language model prompts as part of a target language.

●   Additionally, Parsel may find utility in theorem proving, bridging the gap between reasoning and execution in 
complex, hierarchical reasoning tasks for language models.



Questions
- Given that Parsel is completely automated, what would happen if we trained/fine-tuned a LLM 

on a synthetically created dataset with Parsel ?
- What more could we do to enforce logic training into LLMs ?
- This paper is really a trade-off between querying the LLM vs invoking the execution 

environment
- Would this method be practical in cases where invoking the execution environment is 

expensive ?


