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Introduction

Goal
Improve CodelLLMs alignment (Ouyang et al., 2022)

How 7
o Adversarial (OpenAl et al., 2021)
o Self-play (Sukhbaatar et al., 2018)

o Curriculum learning (Sukhbaatar et al., 2018)
o At scale (Bowman et al., 2022)
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Current open models

Average Score Vs Throughput (A100-80GB, Float16, Batch Size 1)
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Figure: The open code LLM benchmark (Ben Allal, Muennighoff, et al., 2022)
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Why ?

@ For the planet

@ We have limited resources
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Low Rank Adaptation
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Figure: LoRA adds new adapters, the weight matrix is a product of 2 lower rank
matrices (Hu et al., 2021)
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Quantization

Table: Different quantization for Phi 1.5 (Gunasekar et al., 2023), 1.3B

parameters
dtype Model | Grad. Calc. | Backward Pass | Opt. Step
Float32 4.9 GB 4.9 GB 9.81 GB 19.62 GB
Float16/BF16 | 4.9 GB 7.36 GB 9.81 GB 9.81 GB
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Example with PHI-1.5

system/gpu.0.memoryAllocatedBytes

100 150

Figure: Memory usage while training Phi 1.5 on HumanEval (Chen et al., 2021)
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Proximal Policy Optimization (Schulman et al., 2017)
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Figure: Objective function for both negative advantages and positive advantages.
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Instability of PPO during RLHF (Ouyang et al., 2022)

Reward Model

The reward model is an approximation of the human preference.

Solution

Use unit tests as our reward model
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Dataset generation

Main challenge
Generate a diverse dataset

Method (Ben Allal, Lozhkov, et al., 2024) (Gunasekar et al., 2023)
(Eldan and Li, 2023)

@ List of coding categories

@ Generate sub-categories

o Generate multiple exercises

@ Random profession per exercises

@ Generate the unit tests
@ JSON format
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Sample

it_constellations(name):

tin

def test_split_constellations():
r ) he funct pti
split_constellations("Andromeda, Perseus, Triangulum")

plit_constellation
ert split_constellations(

test_split_constellations()

Figure: Sample from our generated dataset, composed by a prompt (function

it it into a list.

definition, arguments and docstring), a test suite and a the name of the test suite

function
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Sample

Figure: Same here but a little bit more complex
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Reward function

Our reward model is actually just a function that compiles the code and
runs the tests.
Rewards

o Timeout: -2

e Syntax error: -1

@ Runtime error: -0.6

o Assertion error (test fails): -0.3

o Pass all unit tests: 4
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Training

Table: Deepseeker-Coder-1b-base (Guo et al., 2024) performances (Ben Allal,
Muennighoff, et al., 2022)

Win Rate | humaneval-python | java | javascript | cpp
16 32.13 27.16 28.46 27.96

Main issues
@ Missing libraries
@ Indentation
@ Timeouts and inputs

o Wrong tests
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Results

ppo/returns/mean

ppo/returns/var

015

. . . Figure: The mean reward does not
Figure: The observed high variance . .
show a consistent increase,

in rewards may be attributed to the indicating that the current PPO
varying difficulty levels of coding setup may not be maximizing
exercises. expected rewards efficiently.
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Limitations

Requires a high quality test suite
Larger models

Only tests functionality

Limited to a restrained type of exercises
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Limitations

Figure: Function returns nothing while test suite expects a result
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Direct Preference Optimization (Rafailov et al., 2023)
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Relnforcement Learning from Human Feedback (RLHF)

o

Direct Preference Optimization (DPO)
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Figure: PPO RLHF VS DPO (Rafailov et al., 2023)
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Adversarial game

Goal

Transfer coding ability from a larger model to a smaller one

Setup
@ An oracle model
@ A student model
@ Oracle generates exercises and solutions

@ Student also generates it's own solution
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Datasets

Requirements
For DPO, datasets must have a Prompt, Chosen and Rejected

@ Llama 3 70B on Groq as an oracle (Al@Meta, 2024)
e Mistral 7B as a student (Jiang et al., 2024)

@ Same method as for PPO, categories, sub-categories...

Adversarial dataset

At the end of each training, we retrieve the hardest exercise to use as
templates for more samples. (Sukhbaatar et al., 2018)
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Training setup

@ Trained on H100 80GB
@ HuggingFace DPO

o LoRA

@ Floatl6 Quantization
@ Single adapter
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Results

train/rewards/rejected

train/rewards/chosen

Figure: Chosen rewards during our Figure: Rejected rewards during our
training, the higher the reward the training, the lower the reward the
more our model converge to the more our model is diverging from
chosen distribution the rejected distribution
Benchmark

After 2 iterations, we were able to test the model on the HumanEval
benchmark showing a promising 1% increase.
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Results

train/rewards/accuracies

train/rewards/margins

Figure: Accuracies plot shows the
frequency of choosing the preferred
answer. The trained model quickly
reaches a perfect accuracy score,
which is a good sign but could also
mean that the difference between
preferred and rejected answers is too
obvious.

Figure: Increasing reward margin
means our model is actually
converging toward the Oracle’s
distribution and diverging from the
initial distributions

llyas Oulkadda, Julien Perez RDI July 2024 28 /36



Conclusion

Advantages
@ Learning efficiently
@ Easier than PPO unit tests
@ Covers large coding aspect
°

Scalable oversight

Limitations
@ Dependent on the Oracle

@ Monolithic Oracle
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What's next

Run on Jean Zay or future LRE GPUs
Larger and better dataset
Data decontamination

Train Oracles

Improve Adversarial sampling

llyas Oulkadda, Julien Perez RDI July 2024 31/36



Table of Contents

@ Conclusion

llyas Oulkadda, Julien Perez

RDI



Conclusion

@ Promising results for adversarial DPO
@ Limitations during PPO
o PPO failed but we have interesting behavior results

@ Dataset generation can be easily scaled now for future use
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