The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

Data with High and Consistent Preference Difference Are Better for Reward
Model

Qi Lin!, Hengtong Lu', Caixia Yuan', Xiaojie Wang,'", Huixing Jiang,” ", Wei Chen?
!Beijing University of Posts and Telecommunications Beijing, China
’Li Auto Inc. Beijing, China
{07-2018, luhengtong, yuancx, xjwang } @bupt.edu.cn
{jianghuixing, chenweil0} @lixiang.com

Abstract

Reinforcement Learning from Human Feedback (RLHF) is a
commonly used alignment method for Large Language Mod-
els (LLMs). This method relies on a reward model trained
on a preference dataset to provide scalar rewards. However,
the human-annotated preference data is often sparse, noisy,
and costly to obtain, necessitating more efficient utilization.
This paper proposes a new metric for better preference data
utilization from both theoretical and empirical perspectives.
Starting with the Bradley-Terry model, we compute the Mean
Square Error (MSE) between the expected loss and empirical
loss of the reward model. Our findings reveal that data with
higher and more consistent difference result in lower MSE.
We therefore propose the Preference Difference (PD), the re-
ward difference between two samples, as a filter for prefer-
ence data. Experimental results on three open-source mod-
els show that reward models trained by filtered data with PD
achieve higher calibrated accuracy, as well as better RLHF
alignment performance. The conclusion remains consistent
when we extend the experiments and theoretical derivations
to implicit reward alignment algorithms, such as Direct Pref-
erence Optimization (DPO).

Code, dataset and extended version —
github.com/07v2018/Data-with-High-and-Consistent-
Preference-Difference- Are-Better-for-Reward-Model

Introduction

Large language models (LLM) have achieved unprecedented
success in a broad range of natural language processing
(NLP) tasks, such as question-answering, summarization,
and dialogue (Brown et al. 2020). However, they may not
align well with human values such as harmlessness, help-
fulness, and honesty (HHH). Reinforcement Learning from
Human Feedback (RLHF) (Christiano et al. 2017; Stiennon
et al. 2020) was proposed to handle the problem to achieve
value alignments between human and LLM outputs. While
RLHF has been shown to be effective, but many problems
are still to be addressed for a more stable and efficient RLHF
process.

The existing RLHF pipeline heavily depends on reward
models which are trained on a set of paired samples with
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Figure 1: Due to the labeling method of preference data,
there is a gap between the empirical loss and the expected
loss in reward model training. Using the PD metric to filter
the data can effectively narrow the gap between empirical
loss and expected loss.

preference labels. Lots of attention has been paid to building
better reward models. Some previous works design elabo-
rate loss functions to make better use of the preference data,
such as adding a margin in the original loss function or a dif-
ficulty decay coefficient to the ranking loss in the loss func-
tion(Cai et al. 2024; Touvron et al. 2023a). However these
works only try to improve the performance of reward models
by utilizing the loss function, without delving into the pref-
erence data itself. The way in which reward models depend
on the characteristics of preference data remains unclear.

This paper tries to address the problem from both theoret-
ical and experimental aspects. We demonstrated that prefer-
ence data with higher differences is more effective than that
with lower differences, and data with more consistent differ-
ences is superior to those with diverse differences for train-
ing reward models. We point out that due to the low con-
sistency found in human annotators in previous work (Bai
et al. 2022a; Dubois et al. 2024), the binary labels used in
most preference datasets (Bai et al. 2022a; Stiennon et al.



2020; Cui et al. 2024) can lead to weight bias during reward
model training.

Starting from the Bradley-Terry model (Bradley and Terry
1952), we first give both the empirical and expected loss
function for training the reward model using human prefer-
ence data. Then we employ the Mean Squared Error (MSE)
to measure the difference between two loss functions. We
find that preference data with higher and more consistent
data differences can reduce the MSE between two loss func-
tions, thereby improving the performance of the reward
model. Based on the findings, we propose a Preference Dif-
ference (PD) metric which provides a simple way to select
preference data with higher and more consistent data differ-
ences, thereby reducing the gap between expected loss and
empirical loss, as illustrated in Figure 1. Experimental re-
sults on three different open-source models show that reward
models trained on selected data by PD achieve better RLHF
alignment performance. It is also effective for implicit re-
ward alignment algorithms like DPO (Rafailov et al. 2023).

In summary, our contributions are as follows:

* We theoretically show that data with high mean and low
variance has a smaller MSE between the currently used
empirical loss function and the expected loss function
of the reward model, which helps train a better reward
model.

* We propose a new metric, named Preference Difference
(PD). The metric is easy to calculate, and efficient to se-
lect the data with high-difference and high-consistency.

Experimental results show that training with data se-
lected by PD improves the calibrated accuracy of the re-
ward model, as well as alignment performance. It is also
effective for implicit reward alignment algorithms like
DPO.

Related Work
Reinforcement Learning from Human Feedback

Nowadays most LLMs are built on pre-trained language
models, which leads to a gap with downstream tasks. Align-
ing LLMs helps us bridge this gap, ensuring that the lan-
guage generated is coherent, contextually accurate, and
aligns with what humans intend to convey. To align with
human values, pre-trained language models are then trained
through interaction with humans (Ouyang et al. 2022; Ope-
nAI 2023), with a combination of supervised learning and
reinforcement learning. Incorporating human feedback into
the process of language model (LM) training has been
shown to be effective in reducing helpless, harmful, and
other undesired model generation outputs. There have been
many attempts on this path recently (OpenAl 2023; Bai et al.
2022b,a; Ziegler et al. 2019).

Reinforcement learning from human feedback (RLHF)
has been proven to be an advanced way to align LMs with
human values (Bai et al. 2022a). The process of RLHF be-
gins with the collection of human feedback, which can come
in various forms, such as explicit ratings, preference com-
parisons, or qualitative comments (Ziegler et al. 2019; Sti-
ennon et al. 2020; Bai et al. 2022a). This feedback is then
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used to train a reward model that encapsulates the prefer-
ences and values of the human annotators. The reward model
serves as a guide for the subsequent reinforcement learning
process, where the language model is optimized to generate
outputs that align with these human preferences. However,
successful RLHF training requires a lot: an accurate reward
model as a surrogate for human judgment, careful hyper-
parameter exploration for stable parameter updating, and a
strong PPO algorithm for robust policy optimization (Schul-
man et al. 2017). The reward model trained on low-quality
data and hard-to-define alignment target can easily mislead
the PPO algorithm to an unintelligible direction (Zheng et al.
2023; Bai et al. 2022a). Our study analyzed what constitutes
higher-quality reward data and investigated whether reward
data should emphasize diversity or consistency in preference
difference levels. In contrast to many studies (Touvron et al.
2023a; Wang et al. 2024) that use margin to amplify the re-
ward model’s differentiation between positive and negative
samples, we emphasize the core aspect of expanding the di-
versity within the data itself.

Reward Model and Preference Data

The reward model plays a central role in RLHF, which
directly converts human preference into a reward signal
(Ouyang et al. 2022; Bai et al. 2022a). Due to the instabil-
ity reflected by humans directly labeling scores, preference
datasets are often paired or grouped data with ranking results
(Christiano et al. 2017; Ouyang et al. 2022). Specifically, hu-
mans are presented with two or more outputs and asked to
select one or rank them, and this result is then used to train a
reward model (Stiennon et al. 2020). Some efforts are made
to investigate the relationship between preference data and
the reward model. Prior works (Gao, Schulman, and Hilton
2023) investigate the relationships between the size of the
reward model dataset, the number of reward and policy mod-
els’ parameters, and the coefficient of the KL penalty added
to the reward in the reinforcement learning setup. Anthropic
(Bai et al. 2022a) discussed the scaling results of model
parameters and the sizes of the dataset, releasing the HH-
RLHF dataset. The aforementioned work, along with some
efforts to modify the reward model loss function (Bai et al.
2022a; Dubois et al. 2024), superficially addresses the im-
pact of difference of preference data on the reward model
but lacks in-depth exploration. Our work focuses on the im-
pact of the data difference within the pair-wised preference
samples which is not yet addressed in previous works. Based
on our conclusions, we further propose a simple and efficient
data filtering method to improve the alignment performance
of RLHF.

Preliminaries
Reward Model for RL Fine-tuning

Let (y1,y2|x) be a pair-wised preference sample, where
Y1, Y2 denotes two responses to the query z, and y; is more
preferred by the human annotators. The reward model is de-
noted as Ry (x,y). Following the previous work for human
preference modeling (Sadigh et al. 2017; Bai et al. 2022a)
and Bradley-Terry model (Bradley and Terry 1952), with the



preference dataset denoted as D = {z%, v}, y3} ¥ ,, the pref-
erence probability for reward function Ry (z,y) is outlined
as in Equation 2:

exp(Rg(z,y1))
exp(Rg(z,y1)) + exp(Ry(x, y2))
=0 (Rg(z,y1) — Ry(z,92))

where o is the logistic sigmoid function. Then the loss func-
tion used for training reward models can be expressed as in
Equation 2:

L(R¢>) = _E(%yl,yz)ND[(IOgU(R¢>(‘T7 yl) - R¢(ac,y2)))]

= —E(ayy.y2)~p[1 X log o (Ry(x,y1) — Ry (x, y2))

+0 x log o (Rs(x,y2) — Ro(x,11))]
@3]
The trained reward model is then used for the RL fine-
tuning process on the language model. The language model
responds to the input prompts and outputs the corresponding
responses, the reward model provides reward values for the

language model’s responses.

Py(yr = y2lz) = "

Direct Preference Optimization

Besides RL fine-tuning, Direct Preference Optimization
(DPO) is an implicit reward alignment method that also uses
preference datasets to directly optimize language models.
Since it has been widely applied in language model align-
ment, we also take it into our consideration.

In the DPO algorithm (Rafailov et al. 2023), the optimal
policy m* under the Bradley-Terry model satisfies the pref-
erence model:

3)

T (y1|z)

o ale)
ﬂref(y1|x)

Wref(y2 |'T)

Popo(y1 = y2lz) =0 (5 log

The loss function can be expressed as:

Loeo () = —E(z,y,,y2)~D
7o (y1]) 7o (ya|) 4)
[log" (5 tog S o) mef(yzlx)ﬂ

Preference Difference

In this section, we first derive the expected and empirical
loss function of the reward model. We then calculate the
Mean Squared Error (MSE) between the two loss functions
and find that data with higher and more consistent differ-
ences can reduce the bias. According to the findings, We
finally propose a PD metric to select data with higher and
more consistent data differences.

Loss Function of Reward Models

The commonly used preference datasets often have binary
labels (Bai et al. 2022a; Dai et al. 2023; Stiennon et al.
2020). However, previous studies have shown that human
annotators can be inconsistent, meaning different annotators
might not always label the same sample in the same way
(Bai et al. 2022a; Dubois et al. 2024). Generally, the BT
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Figure 2: This chart illustrates the required binomial dis-
tribution sample times for different success probabilities p
(ranging from 0.1 to 0.9) at confidence levels of 95%, 85%,
and 75%, with a 10% error margin. It demonstrates that if
we aim to sufficiently annotate each sample in the dataset to
minimize error, the annotation cost would become unaccept-
able.

model provides a win-lose probability Py(yi = yi|z?) as
shown in Equation 2 for each sample pair {z%, v, y4}. If the
annotation repeats T times, the process can be modeled as a
binomial distribution Binomial(T’, Ps(y} = y5|z?)). There-
fore the expected loss function for the reward model should
be as in Equation 5:

Lexpect(Rep) = — E(w7y1,y2)~D
[p x log o (Ry(z,y1) — Ry(x, y2))
+(1 = p) x log o (Ry(x,y2) — Re(z,y1))]
where p = Py(y1 > y2|x).

While in reward model training, we actually employ the
following empirical loss function as shown in Equation 6.

(&)

[rempirical(Rdﬁ) = - ]E(rc,yl,yg)wD
[w1 x log o (Rs(z,y1) — Rg(2,92))
+wz x log o (Ry(,y2) — Re(z,y1))]

6

where w1, wy are the number of wins for y; and y, re-
spectively.

In current open-source datasets, the preference label
Y1, Y2 is usually a binary classification label, and the data
pair {z%,y%, y4} appears only once, which means that j ~
Binomial(1, Ps(y} > yb|z?)), w1 + wy = 1. Equation 6
reduces to Equation 2 in this case.

Bias Analysis

In Equation 5, different samples {2, y}, 5 } will receive dif-
ferent weights as P,(y] > y5|x*) varies. But in Equation 2
they share the same weights, which leads to a weight bias.

We use MSE to measure the bias between the empirical loss
L(Ry)and the expected 10ss Lexpect (R )-



With o o(Rg(x,1n) — Rg(x,42)),1 — o
o (Ry(,y2) = Ry(x,31)):
MSE = E(; 4, yo)~D

{(p xlog o+ (1 —p) xlog(l—0)—log 0)2]
(N
We finally get the following result shown in Equation 8§,
derivation details are listed in the appendix:

MSE = [Var(p) + (Eqe,y, )0 (p) — 1)°]
®)

2
1-— 0)

Due to p = Py(y1 > ya|z) > 0.5, it implies that the
MSE between the expected loss function Legpect(Ry) and
the loss function £(Ry) is proportional to the preference
consistency Var(p) of the sample data and inversely propor-
tional to the overall preference intensity E(p). The higher the
preference consistency of the sample as a whole, the lower
the MSE. At the same time, the higher the preference inten-
sity, the lower the MSE.

The above analysis is based on the assumption that each
sample only appears once. So can we approach the expected
p by increasing the number of annotations for each sample in
the preference data? Figure 2 shows the number of annota-
tions required per single sample to achieve confidence levels
of 75%, 85%, and 95%, with a 10% error margin, for differ-
ent values of p. When p is between 0.3 and 0.7, the required
number of annotations ranges from 28 to 97, resulting in
an unacceptable workload for annotation. This necessitates
finding ways to reduce the error by improving data quality.

X E(m,yl,yg)wD [log (

Definition and Application of PD

According to the analysis in the above subsection, if the data
used for training the reward model has bigger enough E(p)
and smaller enough Var(p), we can approximate expected
loss with empirical loss. To achieve this, we define Prefer-
ence Difference (PD) on data as in Equation 9:

PDp, (i) = [Ry(a', y1) — Ro(a', 42| ©

The above formula describes the method for estimating
PD using the reward values Ry, (z,y) calculated by the re-
ward model in the RLHF pipeline. As for DPO, which uti-
lizes implicit reward alignment and can similarly calculate
the sample BT probability. Thereby, replacing R4(x,y) in

the reward model of Equation 5,6,8 into (5 log %, we

can draw similar conclusions from the DPO loss, with de-
tailed derivation provided in the appendix.
Here we define PDppg as below:

T (y1]2)
Wref(yl |1')

o T l2k)

PDoro(i) = [log Tret (Y2|)

(10)

Reminding the estimation of p in Equation 2, we have:

p' =0 (Re(a',y1) — Ro(z',13)) (n
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PD concerns the difference of the reward values between
each sample pair. Sample pairs with smaller differences have
smaller PD values, those with larger differences will have
larger PD values.

We can find that PD(i) is proportional to p‘. Therefore,
data with large PD will increase the E(p), and data with
consistent PD will reduce Var(p). i.e. data with large and
consistent PD have small MSE. It gives us a way for data
selection to train reward models with less loss bias.

To obtain PD, we train an initial reward model with the
empirical loss (Equation 2). With this initial reward model,
we can calculate the PD value for each sample {z, 3%, 33}
of preference data. By sorting the data samples according to
their PD and then filtering out data according to a threshold
for PD. Although the total amount of data decreases after fil-
tering, we found that the performance improvement brought
by this data filtering strategy can counteract or even surpass
the impact of the reduced data volume in experiments.

Experiments

In this section, we evaluate how PD estimate the win-lose
probability p. Then we show by experiment that by filtering
data with PD, the reward model receives higher calibrated
accuracy and the RLHF model achieves higher performance.
And we discussed PD’s influence on Al risk and bias.

Experiment Settings

Task and Model. We choose the safety alignment task
to conduct our experiment (Ji et al. 2023). It aims
to enhance helpfulness while reducing the harmfulness
of the model output y when given a prompt z. To
test models with different abilities, we choose models
from Huggingface/open_llm_leaderboard (Beeching et al.
2023). Considering the average scores of models, we
chose mistralai/Mistral-7B-v0.1 (Jiang et al. 2023), meta-
Llama/Llama-2-7b-hf (Touvron et al. 2023b) and openlm-
research/open_Llama_3b_v2 (Geng and Liu 2023), which re-
spectively have average leaderboard scores of approximately
60, 50, and 40.

SFT phase. For the SFT phase, we used the Alpaca dataset
as BeaverTails (Taori et al. 2023) for instruction fine-tuning.
Alpaca is a dataset of 52k instructions and demonstrations
generated by OpenAl’s text-davinci-003 engine. Our SFT
implementation and settings follow the implementation of
safe-RLHF (Dai et al. 2023).

RLHF phase. For the reward model training phase and RL
fine-tuning phase, we adopted the HH-RLHF dataset (Bai
et al. 2022a). HH-RLHF is a dataset captured from real hu-
man feedback, ranked by human annotators both helpfully
and harmlessly. It contains 160k pairs of data, consisting of
118k helpful and 42k harmless instances as the training set.
Each sample consists of a dialogue history between a hu-
man and an assistant, followed by two subsequent responses.
We referred to the data partitioning method used by MOSS
(Zheng et al. 2023). We randomly sampled 12k harmless
data and 28k helpful data for the RL phase and the rest of
the data is used for reward model training. From the remain-
ing 8.5k test data, we randomly selected 0.7k helpful and
0.3k harmless examples for a total of 1k data as our test set.
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Figure 3: GPT-4 agreement for 512 samples in HH-RLHF
train set. The results were inferred 12 times using GPT-4
and then divided into 5 equal parts based on PD. Different
colors represent the proportion of data with varying degrees
of consistency, and the average PD was represented below.
The black line indicates the accuracy of GPT-4 in relation to
the original dataset labels for both individuals, representing
the consistency between the original dataset and GPT-4.

Evaluation. Our evaluation strategy is following DPO
(Rafailov et al. 2023) and MOSS (Zheng et al. 2023), which
uses GPT-4 as the evaluator. In detail, we collect the infer-
ence results for models under each of the following settings.
Then we compared each model’s win rate against the cho-
sen response in test sets of the preference dataset. Higher
win rates mean higher performance.

All the experiments are conducted on identically imple-
mented machines. Each machine contains eight 80G A100
or A800 GPUs. We carry out full-parameter fine-tuning us-
ing the PPO implementation of safe-RLHF(Dai et al. 2023)
.To save on GPU memory cost, we use DeepSpeed ZERO3
(Rasley et al. 2020), BF-16, and gradient checkpoint. More
details about settings are available in the appendix.
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Figure 4: Left part: calibrated accuracy prediction for dif-
ferent Llama-2 reward models. Right part: actual accuracy
for different Llama-2 reward models.
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Evaluation for PD Metric

In this section, we evaluated the PD metric to see if it can
really estimate p for data samples. Since p’ is the probabil-
ity for Binomial(7), p*), samples with higher p® will show
higher agreement in multiple annotations, the same as PD.
So we use GPT-4 to re-annotate a subset of the original
dataset. We sampled 512 samples from the original train
dataset of HH-RLHF. Then we used the default reward
model trained on the full dataset to compute PD for each
sample. We requested GPT-4 to provide a comparison both
helpfully and harmlessly for two responses based on each
sample’s prompt, repeating 12 times. (The prompt for GPT-4
can be found in the appendix.) We evaluated GPT-4’s agree-
ment and overall accuracy across four judgments. Each sam-
ple could result in one of 12 possible outcomes, from 12:0
to 6:6. These scores represent the preference for each of the
two responses in the four judgments. The experiment results
can be seen in Figure 3. We sorted the samples with their PD
from low to high and split them into 5 equal parts, calculat-
ing their average PD separately. There is an obvious trend
that data with higher PD show greater consistency in GPT-4
annotations, and the consistency between GPT-4 annotations
and the original dataset labels, which is acc, is also higher.
The data with the lowest 0-20% difference received less than
40% of the 12:0 outcomes. Additionally, it accounted for
nearly 40% of the total outcomes ranging from 6:6 to 9:3.
The accuracy of these outcomes was lower than 50%. While
the 20% data with the highest difference obtained over 50%
of 12:0 outcomes with 83% accuracy. This means PD indeed
serves the effect of estimating p, for data with a higher PD
indeed show greater annotation consistency.

PD Improves Reward Model’s Calibrated
Accuracy Prediction

In this section, we investigate the impact of data differences
on the reward model. According to the previous findings,
a dataset with fewer data carries a higher average differ-
ence and lower difference variance. Thus reward models
trained using data with high PD should have better cali-
brated accuracy. To prove this, we tested our reward mod-
els obtained from previous experiments. We compute the
results on our HH-RLHF test set for each reward model,
and calculate the BT model calibrated prediction of accu-
racy Hcﬁ (Bai et al. 2022a), where A is the score differ-
ence Ry(x,y1) — Ry(x,y2). As shown in Figure 4, these re-
ward models achieve similar actual accuracy on the test set.
But in terms of the calibrated accuracy, the reward models
trained on filtering data based on difference achieve a higher
calibrated accuracy as the overall data quantity drops, while
the calibrated accuracy of the reward models trained on ran-
domly sampled data decreases as the amount of data de-
creases. This confirmed our conclusion that low-difference
data impairs the performance of the reward model.

Improving RLHF Performance by Filtering with
PD

We experimented with the impact of difference on RL
model performance. First, we trained default reward mod-
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Figure 5: Data proportion vs. GPT-4 win rates for HH-RLHF test set. 512 samples were evaluated for data proportion and win
rates. Three columns are results of Llama-2-7b, mistral-7b and open_Llama_3b_v2 models. First row is GPT-4 (gpt-4-1106-
preview) winrates on overall test set. PD means filter data with difference, rand means random sampling and sft means the
SFT model. Second row show the average difference EXP and difference variance VAR of each reward models’ training set.
The optimal results of above models under different settings are displayed in Table 1. More details are listed in the appendix.

els and RL models on the origin train set as our full data
baseline. Then we computed the PD for all data used for
reward model training. We sorted the pairs of samples
based on their difference from high to low and then fil-
tered the data from the front according to different ratios
w € (0.4,0.5,0.6,0.7,0.8,0.9,1.0) '. We maintain the ra-
tio of helpful and harmless data in the filtered data consistent
with the ratio in the original data, to prevent the training data
from being biased towards a particular dimension.

Under this setting, the dataset filtered by PD carries higher
average PD and lower PD variance as shown in Figure 5. To
serve as a control, we also used a randomly sampled dataset
of the same size. Our main results are shown in Figure 5.
The optimal results of each model under different settings
are displayed in Table 1. In the experiment results of all
three models, training the reward model with data that has
a larger difference achieves better RLHF performances than
those trained on equivalent random sampling data across
nearly every percentage of filtering. In nearly all cases, these
results even exceed the default reward model trained with
full data (w = 1.0). We noticed that within the range of
w € [0.6,1.0], the overall performance shows an upward
trend, which proved that the best trade-off ratio is between
50% and 60% on the HH-RLHF dataset. The performance
drop in the range of w € [0.4,0.6] is, we believe, due to

"'We attempted to filter the data from low to high PD, resulting
in reward models with accuracy dropping below 50%
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the high consistency of preference in the data used for train-
ing the reward model, leading the reward model to learn
a relatively simplified preference, thereby reducing overall
RLHF performances. More details and extended results can
be found in appendix.

From the perspective of harmfulness and helpfulness, the
experimental results are more stable in terms of harmfulness,
and the effect of data filtering according to the difference is
also stronger. Besides, when w reaches above 0.5, there is no
significant bias towards either helpfulness or harmlessness.
Our method of filtering data based on the difference does not
make the model more inclined towards each dimension.

PD is Effective for DPO

We use a DPO model trained on the HH-RLHF dataset on
the Llama-7B SFT model to calculate PDppg. For PDppo
utilizing, we filter the data from high to low PD and in-
clude a random control. The results are shown in Table 2.
The method of using PD filtering to select data achieves the
highest win rate for GPT-4, which proves PD’s effectiveness
for DPO algorithm. More details are listed in the appendix.

PD’s influence on Model’s Latent Biases

As previous works (Ouyang et al. 2022; Bai et al. 2022a)
highlight, it is pretty challenging to capture human prefer-
ence due to the subjectivity and ambiguity of human judg-
ments. If not carefully tuned, a reward model can be over-



Model Setting e w;:;il:rlrflee(s?) ———| Proportion | Var(PD) | EXP(PD)
SET | 4531 4297  44.14 N - -
openllama 3Bz | Tl | 5234 7734 6484 100% 0.950 1111
random | 50.78 7227 6152 70% 0.965 1117
PD | 5898  80.86  69.92 40% 0.768 2.046
SFT | 6328 4297  53.12 - - -
Llama.2.7B full | 7421 8594  80.08 100% 1.129 1.280
random | 71.88  89.06  80.47 40% 1.121 1.280
PD | 8632 9336  89.84 60% 0.930 1.886
SFT | 5078 4336  47.07 . - -
Mistral.7B full | 60.55 6797  64.26 100% 1.070 1.332
random | 60.94 7656  68.75 60% 1.068 1.330
PD | 6562 8438  75.00 50% 0.755 2.132

Table 1: The best results of different models for data filtering based on random and PD, selecting the optimal results from each

different schemes of each model in Figure 5

. winrate(% .
Setting helpful harmle(ss ) overall Proportion
SFT 63.28 42.97 53.12 -
full 74.84 58.79 66.82 100%
random | 69.53 54.88 62.21 90%
PD 79.10 68.16 73.63 60%

Table 2: The best results of Llama-2-7B DPO model, select-
ing the optimal results from each different scheme.

optimized (Gao, Schulman, and Hilton 2022) and potentially
lead to risks of emergent deception (Perez et al. 2022). We
followed Anthropic (Perez et al. 2022), using the Model-
Written Evaluation Datasets (Perez et al. 2022) to conduct a
risk assessment on the model filtered by PD, including Per-
sona, Sycophancy, Advanced Al Risks. The overall results
for different Llama-2 reward models are shown in Figure 6.
We found that, with changes in data proportion, the fluctua-
tion of risk bias was relatively significant. However, overall,
the reward model filtered by PD showed lower preference
for bias-matching behavior compared to the baseline. The
PD filtering method improves alignment performance while
essentially maintaining the original level of risk bias.

Conclusions

In this paper, we conducted an in-depth analysis of how the
difference of preference data influences the reward model,
and introduce PD metric to help filter the training data to
get better RLHF performance. We start from the BT proba-
bility, viewing the annotation process of the preference data
as a binomial distribution. We discovered the weight bias
in empirical loss by deriving the expected loss. By comput-
ing the MSE between the expected loss and the empirical
loss, we proved that data with higher and more consistent
differences help reduce the bias. We introduce a definition
for PD to help filter data due to the substantial cost of ex-
tensive annotation. We verified the reliability of PD by com-
puting multiple GPT-4 judgment agreements. We conducted
our experiments on HH-RLHF and 3 different models and
got much better performances in reward model calibrated ac-
curacy and the safety alignment task performance. Further,
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Figure 6: Results on persona, sycophancy, and advanced Al
risk datasets for Llama-2-7B reward models. A higher value
of matching behavior signifies a higher risk or bias.

we also verified the effectiveness of PD on DPO. Last we
discussed if PD intensifies Al risk and bias. We proved that
higher and more consistent data differences improve RLHF
performance, achievable via PD filtering.
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