
Is Self repair a silver bullet for 
Code Generation

Presentation by: Shrey Pandit



Aim of the paper
- Self repair requires repetitive invocation of model increasing the computing cost.

- Incorporating this cost, the question is- i.i.d sampling vs repairing at equivalent compute 
budget.

- In a process of repair (where you sample and then repair) where to spend your budget (in 
sampling more or creating more repairs)

- How does the quality of feedback (the model generating the feedback) affect the repairs.



Process of self repair

Code Model Mp can be same or different than 
MF, this will be useful later for ablations.

Dataset: APPS, HumanEval (both give access 
to all test cases, public and private)



Code generation & Code execution 
Generation: 

Given specification (question + input output 
constraints and any other useful information) 
generate np samples of i.i.d code 

Execution:

If a sample p passes all test cases 
(public+private) we stop. 

Otherwise collect the run/compile time error, 
{ei} which we receive from the executor, OR 
an example of wrong  input output pair.



Feedback generation & Code repair
Feedback generation:

For each wrong program pi generate nf 
feedback strings

Feedback model can be same or different 
from the generation model 

Code repair:

For each program pi and feedback fi,j -> 
generate nr candidate repaired programs

Repair Tree: This entire structure can be easily 
visualised as a tree with specification as the 
root with programs, and repairs as children



Pass @ k for self-repair
Without self repair -  the probability that at 
least 1 of the k i.i.d programs sampled from 
the model satisfies the specification

With self repair: samples are drawn during 
the initial sample stage and also during the 
repair stage, so will need to modify pass@k.

|programs(T)| = np+ np * nf * nr

For a fair comparison we should compare k 
with |programs(T)| as a baseline

Implementation detail - 

Independently generating soo many repair 
tree for each setting becomes 
computationally infeasible. 

So authors generate a large tree of Np = 50 
and , Nf = 25 and then subsample Nt different 
sub-repair trees from this frozen dataset and 
average over runs.



Insight 1 - Improvement with diverse initial samples

Value in histogram = 
(mean pass rate with self repair) / 
(mean pass rate with no repair (when same budget))

So if a value is 
= 1 : self repair = baseline (sampling i.i.d)
≥ 1 : self repair better than baseline

O.O.B when nfr*np ≥ 50



Insight 1 - Improvement with diverse initial samples

● Fixing num of repairs (nfr) if we increase the of feedbacks (np) = moving right along x axis on 
heatmap : Consistent performance gain

● Fixing the number of programs (np) and increasing the number of repairs (nfr) = moving up 
along the y axis : Not worth the additional compute cost (even worse sometimes)

● So for a fixed budget, most imp factor is if self repair would work or not is the diversity of the 
base samples that are generated up front



Extra Results (from supplementary)



Feedback improvement leads to better performance

Mp and Mf can be independently set, so they 
try Mp is set to be a weaker model and Mf is 
made to be a stronger model.

Model performance improves with a stronger 
feedback model.

Summary: Feedback stage is crucial and 
improving it relives the bottleneck in 
self-repair.

*Nfr =1

Q: Is doesn't look fair to compare Mp = Mf Code Llama with Mp= Code Llama 
and Mf = GPT 3.5, because the computational cost would be vastly different?



Prompt example



Human Feedback on GPT4 repair
- Asking humans for feedback for the 

buggy code results in increase in 
success rate by 1.58x

- With increasing difficulty of questions 
this gap increased

- GPT4 feedbacks are more likely to be 
inaccurate (32/80) as compared to 
human feedback (7/80)

Isn't this obvious? 🤔



Takeaways 
1) When cost of carrying out repair is taken into account, the performance 

gains from self-repair are modest, relying mostly on diversity of initial 
programs

2) When feedback of a weaker model is replaced by a stronger model, 
performance increased significantly.

3) Replacing GPT-4 self generated feedback with a human programmer 
feedback improved the performance

So in the process of self repair, the models are held back by their inability to 
produce useful feedback of why the code is wrong.


