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Abstract

The Reinforcement Learning from Human Feedback (RLHF) methodology has recently been applied to many

high-performance language models. It utilizes a reward model and human feedback to help language models

produce responses that are more likely to be preferred by humans. However, when it comes to RLHF applied

to commercial large language models, it is not clear exactly how it is implemented. In particular, how to set

up the reward model, which is responsible for the environment in reinforcement learning, is the most important

aspect, but open-sourced models have different implementations. In this study, we test which method is more

efficient for the two main branches of reward model training: ranking-based training method and classification-
based training method. We also estimate the reasons for the difference in efficiency based on the analysis of the

experimental results.
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1. Introduction

Reinforcement learning is a method for training an agent
to choose actions that maximize its reward, usually in an en-
vironment with rewards. In order to train a language model
with reinforcement learning, the environment must be well
defined. A recent application of reinforcement learning that
has led to high performance in chat-enabled language models
is Reinforcement Learning from Human Feedback (RLHF).
The RLHF methodology introduces a reward model that re-
wards model responses that are more likely to be preferred
by humans, and applies additional reinforcement learning
training after cross-entropy-based training. Models using this
RLHF methodology are not only capable of understanding
and producing language, but also of generating responses
that are more likely to be preferred by humans. However,
compared to the number of modern commercial language
models that apply reinforcement learning, the number of
studies is very small. ChatGPT [I], a representative com-
mercial language model, was announced to have applied a
methodology similar to InstructGPT [2], but the specific im-
plementation method was not specified, and the technical re-
port of GPT-4 only presented the performance of the model

and did not disclose any information about the creation of

the model. Therefore, the objective function, hyperparame-
ters, and data used to train the reward model in the reinforce-
ment learning phase were not disclosed. The reason why it is
difficult to apply reinforcement learning to language models
is that reinforcement learning is more sensitive to the envi-
ronment and hyperparameters than general training meth-
ods based on cross-entropy, so it is more difficult for general

researchers who lack information.

In this study, we experiment with effective training meth-
ods for reward models and provide a theoretical basis for
our results. There are two main training methods for re-
ward models. The first is the ranking-based method, in
which the responses generated by the model under train-
ing are viewed by a human and ranked from the best to
the worst, which was used in InstructGPT. The second is a
binary classification-based training method, as proposed by
LLAMA-2 [3], CarperAl [4], and others, which trains like a
model that classifies preferred and non-preferred responses.
Reward models trained with either method are used as the
environment for reinforcement learning, where a scalar re-
ward is given for the output produced by the language model,
just like a hypothetical person. Based on the reward values

given by the reward model, the language model is trained to
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increase the sum of the total reward values using a reinforce-
ment learning algorithm. The Proximal Policy Optimization
(PPO) [5] algorithm is the most popular modern reinforce-
ment learning algorithm, which can train a language model

as an actor to increase a given reward.

2. Methodology

Commercially available reward model training methods
can be divided into two main categories. They are ranking-
based methods and classification-based methods. In this
study, we implement and experiment with both methods
under the same conditions to present the features of each
method and how to train a better reward model. In the
RLHF of commercial language models, human judgment of
model generation results is used, but it is expensive, so Chat-
GPT and prompts are used to replace human judgment. Re-
cent studies such as QLoRA [6], LLAMA-2, and G-EVAL [7]
have concluded that ChatGPT is a good substitute for hu-
mans in model evaluation because it produces quality evalu-
ations comparable to humans, and even more consistent than

humans.

2.1 Comparison group 1: Training a rank-based

reward model

In rank-based training, we collect k different responses
from the SF'T model for the same input . We then rank the
k responses in order of human preference. Next, we choose
two of the k responses. Consider one as good response y and
the other as bad response y/ according to the ranking. This
results in a total of 1 Cs training data D. Within D, we train
to generate higher rewards for good responses and lower re-
wards for bad responses. The loss function for the reward

function model ry parameterized by 6 is defined as follows.

loss(r9) = —E(a,y,yn~pllog(a(re(z,y) — re(z,y!)))]

Specifically, we set k& = 4, which means that we sam-
pled four different responses to the same model’s input and
prompted ChatGPT to rank them in order of the best re-
sponse. Thus, six training examples were generated for one
x. In our experiments, we found that the six generated train-
ing examples all shared the same z, leading to rapid over-
fitting even though we only trained on one width. To solve
this problem, we set up the environment so that all 6 train-

ing examples are in the same minibatch as suggested by [2].

We also fixed the ChatGPT API version to GPT-4-0613 to
prevent the environment from changing in the middle of the

experiment.

2.2 Comparison group 2: Training a

classification-based reward model

In classification-based training, you train the model to
binary classify good and bad responses. In a pre-prepared
dataset D, good responses are labeled 1 and bad responses
are labeled -1. The model is trained to classify good and bad
responses using typical supervised learning methods. Fitting
a sigmoid function to the logit values given by the trained
model outputs values in the interval (—1,1). This value is
later utilized as the reward value in the PPO algorithm.

In our experiments, we considered the set of correct an-
swers on a given dataset as good responses and the responses
generated by the SFT model as bad responses. Therefore,
the reward model was trained to reward closer to the cor-
rect answers. The reward models trained by both methods
were normalized after training to have a mean of zero and a

variance of one.

2.3 Dataset for experiment

We used FairytaleQA as our experimental dataset. The
FairytaleQA dataset consists of fairy tale prints for children
and their question and answer pairs. The dataset consists of
10580 fingerprint-question-answer pairs from a total of 278
books. The model is tasked with reading a given fairy tale
from the FairytaleQA dataset and generating questions. The
FairytaleQA dataset is characterized by the fact that experts
in the field of education have created high-quality questions
that require reasoning to develop children’s reading compre-
hension skills. Therefore, the model is required to generate
questions of appropriate difficulty, not just simple questions.
During the reinforcement learning phase, the reward model
is adjusted to reward more educational, reasoning, and gram-

matically correct questions.

3. Experiment

The reward model trained based on classification did
not work effectively. In addition, the model received lower
rewards from the beginning of training compared to the
ranking-based method. We would like to extrapolate from
our experiments why the classification-based method was less

effective than the ranking-based method. When training the
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reward model with the classification-based method, the re-
ward model is trained to consider the responses generated
by the SF'T model as bad responses and give them a reward
close to -1. The RL model is trained to reward responses
close to +1 when they are produced like the correct response
sentences in the dataset. Therefore, the RL model will con-
tinue to receive responses close to -1 from the reward model.
Therefore, when reinforcement learning with a classification-
based reward model, it will continue to receive low rewards.
In the PPO algorithm, the behavioral model is tuned to re-
ceive relatively high rewards, and if it continues to receive
low rewards, it will encourage unintended token generation,

which in turn increases the randomness of the model.

4. Conclusion

In this study, we investigated how to train an effective re-
ward model for RLHF tuning, which has recently been used
to train high-performance language models. The experimen-
tal results show that the ranking-based reward model, which
has been applied to ChatGPT and InstructGPT, is a more
effective method. However, the ranking-based reward model
training method requires a lot of work for humans to rank
the model’s responses, so it is an expensive method and dif-
ficult to conduct at the general research level. Therefore, in
this study, we fixed the prompts of ChatGPT and conducted
experiments under the assumption of a consistent human.
However, training a classification-based reward model is not
without its drawbacks. It is a training method that is worthy
of further research because it can be used to create a reward
model from a given dataset without any human interven-
tion. The number of studies on RLHF in academia is small
compared to the continuous application of RLHF method-
ology in commercial high-performance language models. In
addition, while RLHF methodology requires complex train-
ing steps and many hyperparameters, commercial models do
not disclose the detailed training process, making it difficult
for general researchers to access. We hope that this study

will stimulate further research on RLHF methodology.
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