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Introduction
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• Sequence prediction models have been used for text generation and representation 

learning in various domains: NLP, computer vision, etc.

• GPT-3 (not initially trained for code generation) could generate simple programs 

from Python docstrings

• Codex, a finetuned GPT-3 model on publicly available dataset from GitHub is given 

the task to generate standalone python functions from the docstring 



Contribution

• From the docstrings, generate the python function and evaluate the correctness of 

the code through unit tests

• To benchmark the model, 164 coding problems along with unit tests are created 

(HumanEval dataset)

• Coding problems cover language comprehension, algorithms, mathematics similar 

to interview question (coding round)
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Examples
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Key Findings
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During Evaluation:

➢ Generate multiple samples of the code 
and check if any of them passes the unit 
tests

➢ A single code sample from Codex (12B 
parameters) solved 28.8% problems

➢ Codex (300M parameters) solved 13.2% 
problems

➢ GPT-J (6B parameters) solved 11.4% 
problems and all other GPT models 
achieved 0%



Evaluation Framework
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• BLEU score metric is useful to 
compare the similarity between 
machine translated text and a 
reference text

• However, BLEU score metric is 
not feasible metric to test the 
code correctness



Evaluation Framework

• Functional correctness (a sample which passes all the unit tests) is a useful metric 

to judge the correctness of code based on docstring based generation

➢ pass@k: k code samples are generated and if any sample passes the unit tests, 
the problem is considered solved

• Computing pass@k score: generate 𝑛 ≥ 𝑘 samples (𝑛 = 200, 𝑘 ≤ 100 and c is # of 

correct samples that passes the unit tests)
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Pass@k Examples

• 8 random samples per problem from Codex-12B

10



Pass@k Examples
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Pass@k Examples
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Pass@k Examples
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Dataset Information

HumanEval Dataset

• Each problem has a function template, docstring, function body, and several unit 

tests

• The dataset contains coding tasks pertaining to simple mathematics, language 

comprehension, algorithm, and reasoning

Training Dataset

• 54 million public repository on GitHub

• Each file was less than 1 MB (a total of 179 GB)

• After the preprocessing, the dataset totaled around 160 GB 
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Training Parameters

• Codex is built on GPT-3 and is finetuned for the code generation

• During the training: 175 steps are used with cosine learning rate decay

• 100 billion tokens are used Adam optimizer (𝛽1 = 0.9, 𝛽2 = 0.95)
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Comparative Analysis
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Supervised Fine Tuning

• The training dataset is constructed using the problems from competitive websites 

and from repositories with continuous integration (CLI)

• The authors collected 10,000 problems with problem statement, function 

signatures, and solutions from popular programming contest 

• From CLI, 40,000 problems were collected. Overall, the authors made sure that 

these projects don’t contain untrusted code

• Finally, those problem samples were not included when pass@100 model fails in 

passing the unit tests
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Supervised Fine Tuning

• The model was finetuned on the modified training dataset and named as Codex-S 
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Docstring Generation

• Reverse engineering: Convert the programming code to docstring to know the 

intent of the program (for safety reason)

• For evaluation purposes, 10 docstring samples per code were graded by humans

• Codex-D performs comparatively lower than Codex-S possibly due to coders 

devoting less time in writing good quality docstrings
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Limitations

• Codex is not efficient to train since the dataset contains hundreds of millions of 

lines of code making it energy inefficient

• Model performance degrades as the length of docstring increases
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Limitations

• Codex can be prompted in ways that generate racist, denigratory, and otherwise 

harmful outputs as code comments
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Conclusion

• The authors investigated whether it was possible to train large language models to 

produce functionally correct code bodies from docstrings

• By finetuning GPT-3 model (Codex) the model could solve the problems from 

docstring

• The performance is enhanced by producing multiple samples (k) from the model

• Finally, the authors trained a model to output the docstrings from code and found 

that the performance profiles of these models were similar
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