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Abstract

Reinforcement learning from human feedback (RLHF) plays a crucial role
in aligning language models with human preferences. While the signif-
icance of dataset quality is generally recognized, explicit investigations
into its impact within the RLHF framework, to our knowledge, have been
limited. This paper addresses the issue of text quality within the pref-
erence dataset by focusing on Direct Preference Optimization (DPO), an
increasingly adopted reward-model-free RLHF method. We confirm that
text quality significantly influences the performance of models optimized
with DPO more than those optimized with reward-model-based RLHF.
Building on this new insight, we propose an extension of DPO, termed
filtered direct preference optimization (fDPO). fDPO uses a trained re-
ward model to monitor the quality of texts within the preference dataset
during DPO training. Samples of lower quality are discarded based on
comparisons with texts generated by the model being optimized, result-
ing in a more accurate dataset. Experimental results demonstrate that
fDPO enhances the final model performance. Our code is available at
https://github.com/CyberAgentAILab/filtered-dpo.

1 Introduction

Large language models (LLMs) have become pivotal in performing various language pro-
cessing tasks, such as text generation, dialogue, and summarization (Radford et al., 2019;
Brown et al., 2020; Chowdhery et al., 2023). Aligning these models with human preferences
and ethical standards is paramount to ensuring they are practical, trustworthy, and socially
accepted (Bender et al., 2021; Bommasani et al., 2022). Reinforcement learning from human
feedback (RLHF) is developed to tackle this challenge, aiming to enhance LLM performance
by leveraging human feedback (Ouyang et al., 2022; Bai et al., 2022; Lin et al., 2022; Touvron
et al.,, 2023; Casper et al., 2023).

RLHF operates by taking a preference dataset and a language model (LM) as inputs to
produce an LM refined by these preferences (Ouyang et al., 2022). It is broadly divided into
two approaches concerning the use of a reward model (RM): RM-based RLHF, which learns
an RM from the preference dataset and then uses it to optimize an LM through reinforcement
learning (RL), and an RM-free approach that directly adjusts an LM based on preference
data. This division mirrors the distinction between offline model-based and model-free
RL (Sutton & Barto, 2018).! Each approach offers unique advantages and requires careful
application based on specific goals and contexts. For instance, in scenarios with limited data,
model-based RL might be preferable due to its data efficiency, though its computational cost
is generally higher than that of model-free RL (Moerland et al., 2022; Levine et al., 2020).
Consequently, RM-based RLHF may be more effective in leveraging data than RM-free
methods.

1RM-based RLHEF first estimates the environment (specifically, the reward model; we do not need
to estimate a state transition model because it is typically predefined in NLG tasks) and then optimizes
an LM under the estimated environment. This approach is in itself a form of model-based RL.
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Figure 1: Performance comparison of alignment methods using a 160M LM with the
AlpacaFarm dataset (Dubois et al., 2023). (A) shows the impact of dataset quality on RLHF
(Ouyang et al., 2022) and DPO (Rafailov et al., 2023), with DPO exhibiting greater sensitivity
to dataset quality variations. The normalized gold rewards are adjusted to scale the initial
average reward to 0 and the post-optimization average reward to 1 for clarity. The initial
model’s average gold reward was —2.95, while the average rewards for RLHF and DPO
were —1.49 and —2.31, respectively. (B) compares the performance of DPO and the proposed
fDPO on a mixed-quality dataset, illustrating that fDPO effectively mitigates the impact of
data quality variations.

Direct preference optimization (DPO) is a representative method of the RM-free RLHF
(Rafailov et al., 2023). DPO reformulates the RL problem as a type of supervised learning
problem, bypassing key challenges in RM-based RLHF, such as the need for reward mod-
eling and balancing exploration and exploitation in RL fine-tuning. Thus, DPO simplifies
the learning process. However, this approach relies solely on the initially given preference
dataset for training, similar to supervised learning. This reliance might make DPO more
sensitive to the quality of the preference dataset, potentially more so than other RLHF
methods.

In this paper, we explore the impact of preference dataset quality on the performance of
LMs optimized by DPO, specifically focusing on the quality of response texts rather than
labeling accuracy. We demonstrate that DPO is more affected by text quality variations
within the dataset than typical RLHF methods, as shown in Figure 1 (A). Notably, we
observe that lower-quality data can create performance bottlenecks. In response to this
challenge, we introduce a novel approach named filtered direct preference optimization
(fDPO), which aims to harness potential data efficiency advantages of RM-based RLHF. It
uses a trained RM to identify and discard samples of lower quality than those generated by
an LM during fine-tuning. Our experiments, conducted with 160M and 1.4B LMs, show
that fDPO significantly enhances the effectiveness of DPO, as illustrated in Figure 1 (B).

For simplicity, we will henceforth refer to RM-based RLHF simply as RLHEF, unless a
distinction is necessary. This study’s contributions are threefold:

* We confirm that the quality of the preference dataset significantly influences the
performance of LMs optimized with DPO whereas it has less impact on LMs
optimized by standard RLHE.

¢ We introduce fDPO, a practical solution that uses an RM to identify and discard
lower-quality data, effectively addressing the dataset quality issue.

¢ Our experiments on instruction following tasks demonstrate that fDPO substantially
enhances the performance of LMs.

The remainder of this paper is organized as follows: Section 2 reviews related work. Section 3
delves into the background. In Section 4, we detail the proposed method, fDPO, explaining
its mechanisms and the rationale behind its design. Section 5 presents the experimental
results, illustrating the effectiveness of fDPO and its impact on LM performance. Finally,
Section 6 concludes the paper, summarizing our findings, discussing limitations, and
suggesting directions for future research.



2 Related work

We examine methods for aligning LMs with human preferences, focusing on RLHF and its
alternatives. Most RLHF approaches utilize an RM (Ouyang et al., 2022; Touvron et al., 2023;
Dubois et al., 2023; Casper et al., 2023). These methods fine-tune LMs using RL algorithms
such as REINFORCE (Williams, 1992; Rennie et al., 2017), proximal policy optimization
(PPO) (Schulman et al., 2017), or their variants Sutton & Barto (2018). However, there
are notable reinforcement-learning-free approaches (Zhao et al., 2023; Liu et al., 2024),
and learning-free methods that leverage the RM at decoding time, with best-of-N (BoN)
sampling being a prominent example (Stiennon et al., 2020; Nakano et al., 2021).

A significant challenge in these methods is the estimation error of RMs, which can lead
LMs to overfitting to a proxy reward, a phenomenon termed RM overoptimization (Gao
et al., 2023). Various strategies have been proposed to address this issue, including RM
ensembles (Coste et al., 2023; Eisenstein et al., 2023), uncertainty evaluation (Zhang et al.,
2024), and analysis of out-of-distribution (Pikus et al., 2023; Kirk et al., 2024). Pace et al.
(2024) proposes using BoN sampling to improve the data used for reward modeling, which
is relevant to our fDPO approach focusing on dataset quality. As fDPO also leverages an
RM, it can benefit from these developments.

DPO and its generalizations (Azar et al., 2023; Tang et al., 2024) represent significant RM-free
methods. Some DPO variants explore different regularizations (Wang et al., 2024) or use a
divided dataset for stepwise training (Gou & Nguyen, 2024). Other variants propose adding
an offset to the DPO objective function (Amini et al., 2024) or a curriculum learning (Gou &
Nguyen, 2024), by evaluating the quality difference between chosen and rejected responses.
This focus on response quality is relevant to our approach.

Despite various advancements in DPO, our study is the first, to our knowledge, to explore
its significant dependence on preference dataset quality and to attempt to refine the dataset
for better performance. Additionally, our proposed fDPO method complements these
developments. Integrating fDPO with these methods is an exciting possibility for future
work, potentially leading to even more effective ways to align LMs with human preferences.

3 Background
This section delves into RLHF in Section 3.1 and explores DPO in Section 3.2.

3.1 Reinforcement Learning from Human Feedback

Reinforcement learning from human feedback (RLHF) frames the application of human
feedback to enhance performance of a language model (LM) within the context of an RL
problem. The process incorporates a pre-trained LM 7y(y | x), with 6 denoting model
parameters, x the prompt, and y the associated response. It also includes a demonstration
dataset Dyemo for initial supervised fine-tuning and a preference dataset D for further RL
fine-tuning. The aim is to refine the LM 71y with these datasets Dgemo and D. We will present
an overview of the widely studied RLHF pipeline (Ouyang et al., 2022), establishing the
notations and concepts for understanding our contributions. The RLHF pipeline comprises
three principal phases: (1) supervised fine-tuning, (2) reward modeling, and (3) RL fine-
tuning.

Supervised fine-tuning. Supervised fine-tuning (SFT) refines a pre-trained LM 77y through
supervised learning using demonstration data Dgemo from downstream tasks such as
dialogue, instruction following, or summarization. This step steers 7ty towards desirable
responses y given prompts x, laying the groundwork for the more complex RL fine-tuning
steps in the RLHF pipeline. The resulting LM is called the SFT model.

Reward Modelling. The reward modeling phase constructs a reward model (RM) 4 (x,y)
with a parameter ¢ to capture human preferences. This is achieved using a preference

dataset, D = {(x(9, ygi), ygi)) N |, where for each prompt x, y, denotes the response chosen



by a human, and y, is the rejected response. The variable N denotes the total number of
samples in the dataset.

To estimate the probability that a given response is preferred over another, the RM 7, utilizes
the Bradley-Terry model (Bradley & Terry, 1952), which is formulated as:

exp(rp(¥,yc))
exp(rg(x,ye)) + exp(rp(x, yr

per(Ye = Yr | X,19) = ) = o (rp(x,yc) —rp(x,yr)),

where o(x) = Hemlw is the sigmoid function. The RM is trained by minimizing the
following negative log-likelihood of the observed preferences in the dataset:
L(¢) = —E (. y)~pllogo(re(x,yc) — ro(x, yr))] ¢))

This training process aims to assign higher scores to responses that humans prefer, thus
enhancing the RM’s ability to predict human-like responses.

RL fine-tuning. The RL fine-tuning phase uses the learned RM r, to optimize the SFT
model 7rg. The goal is to enhance 7y by maximizing the expected reward while maintaining
closeness to the reference LM 7., striking a balance that avoids large deviations from
the pre-trained behavior. The SFT model before RL fine-tuning is often used as 7t,¢. This
is achieved through policy gradient methods like proximal policy optimization (PPO)
(Schulman et al., 2017). The optimization objective is formalized as
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where Dyt is Kullback-Leibler (KL) divergence of a distribution p from another distribution
q, defined as
o]
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Here, 8 is a hyperparameter that controls the penalty for the deviations from 77y.

3.2 Direct Preference Optimization

Direct preference optimization (DPO) reformulates the above reward modeling and RL
fine-tuning phases to a single optimization problem (Rafailov et al., 2023). While DPO
essentially follows the same loss function under the Bradley-Terry model (Eq. 1), it is an
RM-free approach that aligns the SFT model 7ty directly with the preference data.

The objective function of DPO is defined as follows: aiming to maximize the ratio of
probabilities for the chosen responses, optimizing the LM to imitate human preferences:

7o (Yc | %) 700 (yr | x) )]
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where B is a hyperparameter and has a similar role in Eq. (2). As the objective function
indicates, DPO simplifies the optimization process by not requiring the generation of
responses Y from 7ty during training, unlike the standard RL fine-tuning of Eq. (2). This
approach, akin to supervised learning, makes DPO accessible and easy to use.

4 Filtered Direct Preference Optimization

In this section, we propose an approach called filtered direct preference optimization (fDPO),
which refines the dataset used in DPO. The principle of fDPO is straightforward: it aims to
discard lower-quality samples compared to those generated by the LM, as determined by
an proxy RM. This strategy is intuitively derived from observing that lower-quality data
can create performance bottlenecks in DPO. First, we give an implementation of fDPO in
Section 4.1. Then, we will elaborate on the motivation of fDPO by analyzing DPO’s behavior
in Section 4.2.



4.1 fDPO Implementation

fDPO needs to assess the quality of responses. For this purpose, a straightforward approach
is to use an RM. This incorporation of an RM diverges from the RM-free nature of the
original DPO, aligning fDPO closer to RM-based RLHF approaches and making DPO more
effective in leveraging data.

Algorithm 1 details the pseudo-code for fDPO implementation, which follows the standard
RLHF pipeline in Section 3.1 except for RL fine-tuning. Instead of RL fine-tuning, DPO
fine-tuning with filtering is employed. At the start of each training epoch in Step 3, the
quality of each sample in the preference dataset is evaluated with a trained RM r,. Samples
with chosen responses deemed to be of lower quality than those the LM 7y generates
are discarded. Specifically, for each prompt x in the dataset, 7ty generates a response y,
and ry scores y and the chosen response y.. If the score of y is higher than that of ., the
corresponding sample (x, yc, yr) is excluded from training.

The learning process itself mirrors that of DPO but introduces the aforementioned data

refinement step. This refinement step aims to create a more effective training dataset, thereby
improving the LM’s alignment with human preferences.

Algorithm 1 filtered Direct Preference Optimization (fDPO)

Require: Pre-trained LM 719, RM 7, demonstration dataset Dyemo, preference dataset Dprer,
maximum epoch M, and maximum filtered rate 1.

1: Step 1: Supervised fine-tuning. Train 719 on Dyeme-
2: Step 2: Reward modeling. Train ry on Dyt (see Eq. (1)).
3: Step 3: DPO fine-tuning with filtering.
4: Initialize filtered-preference dataset D¢ := Dpyer, epoch number m := 0.
5: while m < M and |D¢|/|Dpref| > 1~ do
6: for each (x, yc,yr) in D¢ do
7 Generate response y by LM 7y given prompt x.
8: if ry(x,y) > r4(x,y.) then
9: Discard (x, yc, y,) from Dy.

10: end if

11: end for

12: Update LM 71y on D for one epoch using DPO.

13: Increment epoch number m := m + 1.

14: end while

15: return Optimized LM 7.

4.2 Background and Motivation for fDPO

The motivation for developing fDPO stems from the observation that the quality of data
in DPO significantly affects the performance of the resulting LM. More specifically, upon
differentiating the objective function of DPO in Eq. 3, we obtain

VoLppo(8) = —E(yy.y,)~D {we(x, Ye, Yr)Volog 1o (ye|x) — wo(x, ye,yr) Vo log o (yr|x) |,
increase likelihood of v decrease likelihood of v, ( 4)

where wy(x, Y, yr) =0 (ﬁ log % — Blog ng((yy’rlj;))) is a weight function.

Equation (4) highlights that DPO, while adaptively adjusting sample weights, inherently
aims to increase the generation probability for chosen responses and decrease it for rejected
ones. This approach can lead to two types of problems: 1) diminished generation probability
for high-quality responses labeled as rejected, and 2) increased generation probability for
low-quality responses labeled as chosen.



Concerns regarding the first case, where high-quality responses are classified as rejected,
might be insignificant. In such a case, while the generation probabilities of several high-
quality responses decrease, the capability of LMs could remain robust. This is because their
extensive diversity of potential responses will ensure that suppressing some responses does
not substantially reduce the LM’s capacity to generate other high-quality alternatives.

Conversely, the more critical issue arises when low-quality responses are labeled as chosen.
In such cases, their generation probabilities increase. This increase is particularly prob-
lematic because the probabilities of potential responses sum to one, meaning an increase
in the probability of low-quality responses invariably decreases the share of high-quality
responses. This shift substantially directs the learning process toward suboptimal outputs
and declines the overall performance of LMs. A more detailed analysis of the sensitivity
comparison between chosen and rejected responses will be provided in Appendix A.1.

Building upon these insights, fDPO uniquely addresses the issue of increased generation
probability for low-quality chosen responses. It tackles these bottlenecks by discarding
samples where the chosen responses are of lower quality compared to those generated by
the LM 71y, as evaluated according to an RM. Through this process of consistent refinement,
fDPO performs DPO on the improved dataset, thereby enhancing DPO'’s effectiveness and
ensuring a more effective alignment with human preferences.

5 Experiments

We first detail our experimental setup, including the pretrained models in Section 5.1 and
the data in Section 5.2. We then evaluate the impact of data quality on DPO in Section 5.3
and the effectiveness of f{DPO in Sections 5.4 and 5.5 in the context of instruction following
tasks, focusing on the ability to generate appropriate responses to prompts. For our base-
line comparison, we include a DPO implementation from the Transformer Reinforcement

Learning (TRL) library.?

5.1 Pretrained Models

In our experiments, we employed pretrained LMs provided in the Pythia suite by Biderman
et al. (2023) of two different sizes: 1.4B and 160M models. In Section 5.4, we present the
primary findings of our study using a 1.4B-sized LM to highlight the effectiveness of fDPO
in an LLM. Due to computational resource constraints, a comprehensive examination of the
160M LM is provided in Section 5.5. In the preliminary setup, each LM was subjected to SFT
using the demonstration dataset from AlpacaFarm (Dubois et al., 2023). These prepared
LMs, denoted as 71y, were then used as the initial LMs for our experiments.

For the (proxy) RM, we used Pythia models of varying sizes: 14M, 70M, and 160M models.
To circumvent the high costs associated with human evaluation, similar to other studies
Dubois et al. (2023); Rafailov et al. (2023), we utilized a large-scale human preference model
as the gold RM. Specifically, “OpenAssistant/reward-model-deberta-v3-large-v2” 3 model
was employed for this purpose.

5.2 Data

We utilized the AlpacaFarm instruction dataset (Dubois et al., 2023) for our experiments.
The dataset consisted of 20,000 training samples. For evaluation, a random selection of 200
samples from in a pool of 2000 was used in each independent run to ensure consistency and
unbiased results.

The baseline DPO and our proposed fDPO used the same data to ensure a fair comparison.
This means that in fDPO, both the RM and the LM were trained using an identical dataset.

Zhttps:/ / github.com /huggingface/trl
Shttps:/ /huggingface.co/OpenAssistant/reward-model-deberta-v3-large-v2



Given our focus on dataset quality, we employed gold RM and BoN sampling (Stiennon
et al., 2020; Nakano et al., 2021) to create three types of pairwise preference datasets:

Low-quality dataset. This dataset was created using the conventional manner. For each
prompt x, the LM 71y generated two responses. These responses were then evaluated by
the gold RM, with the higher-scoring response designated as y. and the other as y,. This
formed the preference dataset D samples (x, y., y»). For brevity, this dataset is referred to as
the ‘low dataset’.

High-quality dataset. Adopting the approach from (Pace et al., 2024), we used BoN
sampling to create responses of higher quality. Specifically, for each prompt x, the LM 7y
generated 16 responses. These responses were then evaluated by the gold RM, and the
highest-scoring response was selected as ., with one randomly selected from the remaining
15 responses labeled as y,. Due to the probabilistic nature of outputs of 71y, this approach is
likely to yield y. responses of higher quality (as indicated by gold RM scores) compared to
the y. responses in the low-quality dataset. For simplicity, this dataset is referred to as the
‘high dataset’.

Mix-quality dataset. This dataset was created by mixing the low-quality and high-quality
datasets in a 50/50 ratio, ensuring no overlap in prompts between the two. This dataset is
referred to as the ‘mix dataset’.

We provide the evaluation scores of the gold RM for these datasets in Table 3 in Appendix B.

5.3 Effect of Data Quality to Performance of RLHF and DPO

Our preliminary experiment investigates the sensitivities of (RM-based) RLHF and (RM-
free) DPO to the quality of the datasets employed with the 160M-sized LM. Here, we used
the high-quality and mixed-quality datasets. We used an RLHF implementation in the TRL
library, in which a 70M-sized RM is trained and then used for RL fine-tuning. The evaluation
is based on three independent runs, with each run employing different evaluation prompts
that could vary ranges of the average of gold rewards. For a coherent comparison, gold
rewards are normalized, setting the initial performance of LM to 0.0 and post-training
performance with RLHF or DPO to 1.0.

Figure 1 (A) shows the results, where the mean and standard error of the normalized gold
reward with three independent runs are presented. Notably, while DPO experienced a
decline in efficacy when trained on the mixed-quality dataset relative to the high-quality one,
RLHF showed an intriguing resilience, sustaining comparable performance levels across
both datasets. This differential impact starkly highlights the greater susceptibility of DPO to
dataset quality, suggesting that the RM-based approach, including fDPO, may offer more
stable performance when the preference dataset quality cannot be consistently assured. All
experiments are conducted using a single NVIDIA A100 accelerator. Further details of the
experimental parameters are provided in Table 1 in Appendix B.

5.4 Evaluation of fDPO

We evaluate fDPO and DPO when trained using a 1.4B-sized LM 7y on the mixed-quality
dataset, where fDPO used a 160M-sized RM that was trained with the same dataset. The
evaluation is based on three independent runs, where the gold reward was normalized with
the performance of DPO with high-quality dataset, as in Section 5.3. The epoch number for
DPO was set to 5, which avoided overoptimization while ensuring the learning convergence.
In the case of fDPO, we adapted the epoch count to double that of DPO, up to 10 epochs, or
ceased learning when the remaining sample size was reduced to less than 1% of the original
due to the filtering process, meaning the maximum filtered rate y = 0.99.

Figure 2 present the results of DPO and fDPO. The results shows that the performance of
DPO trained on the high-quality dataset and fDPO trained on the mixed-quality dataset
were on par. It indicates that fDPO has successfully circumvented the performance decline
typically observed with DPO, thereby showcasing its potential to improve DPO performance
where dataset quality is inconsistent. Corresponding learning curves are included in
Appendix B.
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5.5 Detailed Experiments

We delve into an extensive analysis of fDPO using a 160M LM. We set the number of epochs
to 8 for DPO to ensure convergence, resulting in a maximum of 16 epochs for fDPO. We
maintained the maximum filtered rate (y = 0.99) as unchanged.

Performance comparison with DPO. Figure 1 (B) illustrates the performances of LMs
trained with DPO and fDPO using the mixed-quality dataset. The results are consistent with
those obtained from the larger 1.4B-sized LM, reaffirming the advantage of fDPO with the
mixed-quality dataset. Additionally, we conducted an experiment using only a low-quality
dataset, which revealed a surprising improvement of 7.42% (standard error: 1.89%) despite
the presumed uniformity of response quality. This improvement suggests it effectively
discriminates subtle quality variations, enhancing overall performance by eliminating less
optimal data, even within uniformly labeled datasets.

Analysis of configuration parameters. We investigated various aspects of fDPO, including
the size of RMs, the randomness of LMs, and the criteria for the sampling filtering, with the
mix-quality dataset. Figure 3 displays the impact of RM size. Consistent with findings from
Ouyang et al. (2022), smaller RMs relative to the LM size yielded better performance. This
contrasts with studies advocating larger RMs for improved performance (Gao et al., 2023;
Coste et al., 2023), highlighting an area for further detailed analysis.

Reducing randomness of LMs was hypothesized to enhance fDPO’s performance by min-
imizing the variance in quality of the LM-generated responses. However, as Figure 4
indicates, reducing randomness did not yield improvements, and in some cases, it led to
worse performance. This outcome may be attributed to a discrepancy between inference-
time and training-time randomness.

Finally, we explored different criteria for discarding data. As stated in line 8 of Algorithm
1, the original criterion was discarding a sample even if the reward of the LM-generated
response y is only marginally higher than that of y, in the dataset. Considering potential
errors in proxy rewards and the probabilistic nature of LMs, we introduced a margin € to
the discarding criterion: r(x,y) > r(x,y.) + €. Figure 5 presents the results, showing that a
certain margin size can indeed be effective in enhancing fDPO’s performance.
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Figure 6: Unfiltered ratio, accuracy, precision, and recall throughout epochs in fDPO,
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Analysis of filtered samples. We examined how data was selectively discarded throughout
the learning process of fDPO with the mix-quality dataset. Figure 6 presents the unfiltered
ratio, accuracy, precision, and recall at each epoch. The unfiltered ratio reflects the proportion
of data that remains after filtering. Accuracy reflects the overall correctness of the filtering
decisions, both for deletion and retention of samples, based on their gold reward quality.
Precision measures how accurately the samples decided for deletion were actually of lower
quality, while recall evaluates the success in identifying and discarding all samples that
warranted removal. The result of the unfiltered ratio indicates an exponential decay in the
number of samples used in each epoch. The consistency of accuracy and precision across
epochs suggests that data was discarded with a constant efficiency. The lower precision
compared to accuracy can be attributed to the relatively small number of samples that
warranted removal. Conversely, recall decreases with progressing epochs. This decline can
be tied to the static errors within the proxy RM, leading to consistently overestimated y,
samples, thus increasing their relative proportion over time. The figure contrasts various
margin settings with the no-margin condition (e = 0), revealing that larger margins lead to
slower filtering speeds. Notably, as the margin increases, precision improves at the expense
of recall. This trade-off underscores the importance of carefully tuning the margin parameter
€ to balance filtering efficacy.

6 Conclusions

This study explores how the quality of a preference dataset impacts language models (LMs)
optimized using direct preference optimization (DPO), especially when compared with an
ordinary reinforcement learning from human feedback (RLHF) method. We discovered
that the impact of dataset quality is significantly more pronounced in DPO. To address
the challenges posed by low-quality data within DPO, we proposed filtered DPO (f{DPO).
This approach utilizes a reward model (RM) to identify and discard lower-quality data,
effectively refining the DPO process. Our experiments demonstrated that f{DPO improved
DPQO’s performance across different LM sizes, effectively handling datasets with quality
discrepancies. This finding highlights the practicality of fDPO, particularly for applications
where data quality can vary or is challenging to control. Intriguingly, f{DPO also presented
potential performance gains in datasets with standard quality variance.

Several avenues for future research emerge from this work. One vital area involves ex-
panding our experimentation to diverse, real-world preference datasets. In this study, we
employed artificially created datasets with varied response qualities. However, merging
multiple existing preference datasets, which naturally contain varied qualities, could offer
more realistic insights into fDPO’s applicability and robustness. Exploring how fDPO
performs with these organically varied datasets will be crucial for understanding its effec-
tiveness in more complex, real-application scenarios.

Further, the uncertainties associated with proxy RM estimation and response generation of
LM require more in-depth exploration. Our initial assessments suggest robustness against
these factors; however, a comprehensive investigation is essential to validate these findings.
Additionally, while fDPO currently focuses solely on the quality of chosen responses,
considering rejected responses presents an exciting direction for future work.
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A Appendix

A1l Sensitivity analysis of chosen and rejected responses

This subsection presents a theoretical analysis focused on the differential sensitivity of the
DPO algorithm to chosen (y.) and rejected (y,) responses. The analysis elucidates how the
DPO’s update gradient affects the probability of chosen responses relative to rejected ones,
which is a key consideration in designing our proposed approach, fDPO. This understanding
is vital to enhance the efficiency of DPO, which fDPO achieves by selectively discarding
low-quality y. samples during training.

For simplicity in the following analysis, we will occasionally omit the prompt x and denote
79 (y | x) simply as 77p(y)-
Proposition 1. Let the following assumptions hold:

[|Velog mg(ye)ll — [[Volog ma(yr)||| < o([|Velog ma(y)Il), Yy € {ye, yr}

1
|Volog o(ye) ' Velog me(yr)|2 < o(|[Velog me(w)ll), ¥y € {ye,yr}
79 (ye) / 7o (yr) = 0.
When, following the DPO algorithm, the parameter 0 is updated using the gradient given by

w(Ye,yr)(Volog me(yc) — Volog mg(yr)),

the sensitivity of 1ty (y. ), defined as the magnitude of change in probability, A7ty (y), is approximately
0 times higher than that of 1tg(y).

Proof: We notate the DPO gradient as A8 = w(y., yr)(Vglog te(yc) — Vo log me(yr)). The
DPO gradient A6 directly influences the rate of change in the probabilities 7ty (y.) and 774 (yy ).
The change in probabilities can be approximated as

Ate(y) = A0T Ve (y) + O(A8" AD)
=~ 119 (y) A8 Vg log 4 ()

Given the assumptions, the magnitudes of the gradients for log 79 (y.) and log 7ty (y,) are
similar and their inner product is small, indicating that the direction of their gradients is
nearly orthogonal. Hence, the impact of A6 on log 7y (y.) and log 7y (y,) would be similar
in magnitude but differ in direction. However, due to the ratio 7y(y.)/e(y,) = 9, the
rate of change in 71y (y.) is amplified by a factor of § compared to 77y (y,). Thus, under the
DPO update, 719(yy.) demonstrates a sensitivity approximately ¢ times higher than that of
7o (Yr)- D

As the training progresses in DPO, it is generally observed that the ratio J, representing
the likelihood of y. over y,, tends to exceed 1. This phenomenon indicates an increased
sensitivity towards the chosen responses, emphasizing the criticality of their quality within
the DPO framework. Consequently, the presence of low-quality chosen responses in the
dataset can significantly impede the effectiveness of DPO.

However, it is essential to acknowledge that the assumptions leading to these observations
are strong and may not hold in some contexts and datasets. Therefore, further experimen-
tal work is necessary to validate these assumptions. Additionally, considering rejected
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responses in fDPO represents a separate but exciting area for future exploration, poten-
tially offering new insights into data refinement approaches of preference-based model
optimization.

B Details of experiments

B.1 hyperparameters

We provide details of the hyperparameters used in our experiments. Table 1 presents the
training parameters for DPO and RLHF, while Table 2 illustrates the parameters for response
generation.

Table 1: Experimental Parameters of DPO and PPO

Parameter DPO (160M) DPO (1.4B) RLHF (160M)
epochs 8 (16 for fDPO) 5 (10 for fDPO) 3
batch size 32 16 16
gradient accumulation steps 2 4 2
learning rate 1x10°° 2x 1077 1x10°°

B 0.1 0.1 0.1

PPO epochs - - 4
number of rollouts - - 128

Table 2: Response Generation Params

Parameter value

Top p 0.9 (1.0 for fDPO and PPO)
Top k 0
Temperature 1.0

Max response tokens 64

B.2 Additional results

The evaluation scores of the gold reward models for each preference dataset ("high’, ‘low’,
‘mix”) are detailed in Table 3.

Table 3: The evaluation scores of gold rewards for each dataset

Model Size Quality Chosen Mean Rejected Mean Overall Mean

High -0.950 -2.786 -1.868
Low -2.153 -3.180 -2.667
160M Mix1 -1.549 -2.978 -2.263
Mix2 -1.547 -2.984 -2.265
Mix3 -1.555 -2.984 -2.270
High 1.220 -0.996 0.113
Low -0.240 -1.482 -0.860
1.4B Mix1 0.500 -1.233 -0.367
Mix2 0.487 -1.236 -0.375
Mix3 0.487 -1.247 -0.380

Figure 7 provides the learning curves for DPO and fDPO with the the 160M-sized LM,
corresponding to the final performances depicted in Figure 1 (B) of the main text. The
curves show that even though fDPO processes double the number of epochs compared
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to DPO, the total number of steps for fDPO is fewer than that for DPO. This reduction is
due to the filtering process of fDPO, which decreased the data over epochs, resulting in
fewer steps per epoch, as demonstrated in Figure 6. Additionally, when assessed using
KL divergence, the performance of fDPO shows a trend towards converging with the DPO
trained on the high-quality dataset, suggesting that fDPO can close the performance gap
even when trained on mixed-quality data.

Figure 8 presents the learning curves for DPO and fDPO applied to the mix-quality dataset
with the 1.4B LM and the low-quality dataset with the 160M LM. In both contexts, fDPO
consistently improved the performance of DPO over steps, echoing the results observed in
the mix-quality dataset scenario with the 160M LM.
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Figure 7: The learning curves for DPO and fDPO using the 160M-sized LM on the mix-
quality dataset. The horizontal axes of the two figures represent the number of training
steps and the KL divergence with the initial LM, respectively. Normalized gold rewards are
adjusted from 0 (initial) to 1 (DPO on high-quality).”
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Figure 8: The learning curves for DPO and fDPO using the 1.4B LM on the mix-quality

dataset (left) and the 160M LM on the low-quality dataset (right), respectively. Normalized
gold rewards are adjusted from 0 (initial) to 1 (DPO).”
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