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Abstract

Large Language Models (LLMs) have achieved remarkable
success in instruction-following and dialogue tasks, yet align-
ing them with human preferences remains a critical chal-
lenge. Recent advances such as Direct Preference Optimiza-
tion (DPO) simplify the alignment pipeline by bypassing ex-
plicit reward modeling, but they often suffer from suboptimal
reward margin distributions, leading to weak supervision sig-
nals and reduced discriminative capacity. In this work, we
propose Reward Margin Optimization (RMO), a frame-
work that reshapes reward margin distributions during train-
ing to improve alignment performance. RMO comprises three
components: (1) a Dual Denoising Filtering strategy that fil-
ters ambiguous and noisy preference pairs based on reward
margin dynamics; (2) Batch Margin Diversification, which
maximizes intra-batch margin variance to enhance learning
signal diversity; and (3) Pairwise Margin Amplification, an
auxiliary regularization term that encourages larger margins
between preferred and dispreferred responses. Extensive ex-
periments on multiple LLMs and datasets demonstrate that
RMO consistently improves win rates over strong baselines
such as DPO and SimPO, while remaining compatible with
various preference-based optimization methods. Our results
highlight the critical role of reward margin distribution in
preference alignment and establish RMO as an effective and
scalable enhancement to existing alignment techniques.

Code — https://github.com/ryc2001/RMO

Introduction
Large Language Models (LLMs) have demonstrated im-
pressive capabilities across a variety of real-world applica-
tions (Hadi et al. 2023; Zhou et al. 2025). To make LLMs
better reflect human values and intent, Reinforcement Learn-
ing from Human Feedback (RLHF) (Ouyang et al. 2022)
has become a cornerstone technique for aligning language
models with human preferences. Despite the effectiveness of
RLHF, traditional methods like PPO (Schulman et al. 2017)
often suffer from high complexity and instability during op-
timization.

*These authors contributed equally.
†Xiangliang Zhang is the corresponding author.
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Recently, Direct Preference Optimization
(DPO) (Rafailov et al. 2023) and related methods (Meng,
Xia, and Chen 2024; Ethayarajh et al. 2024) have gained
traction by leveraging direct preference comparisons instead
of explicit reward modeling, simplifying the alignment
pipeline while achieving competitive results. However,
the reward margin distributions, which capture the differ-
ences between the scores of preferred and non-preferred
responses, are often suboptimal and may diminish the
overall alignment quality. Specifically, there are three main
challenges: 1) Ambiguous and Noisy Training Signals:
Many sample pairs exhibit small or ambiguous reward
margins, often due to inherent noise or inconsistencies
in the training data (Wu et al. 2024). These noisy pairs
can obscure the true preference signal and potentially
mislead the alignment process, reducing the effectiveness
of learning; 2) Skewed Margin Distribution: In practice,
the reward margin distribution is often imbalanced, with
a majority of training batches failing to achieve a well-
balanced spread of margin values, resulting in weak and
unstable training signals for some batches and impeding
effective optimization. As demonstrated in Figure 1 and
Figure 2, we present the performance of two batch splits
for the same dataset. Training with high-variance reward
margin batches (i.e., more balanced margin distribution in
each batch) largely stabilizes the loss curve, which in turn
enhances the alignment effect of the model. 3) Insufficient
Separation: The model’s optimization objective does not
explicitly encourage a larger separation between positive
and negative samples, limiting its ability to robustly capture
preference distinctions. The recent study (Razin et al. 2025)
also highlighted that a good reward model should exhibit
higher variance in the RLHF objective landscape, rather
than merely achieving high accuracy. In other words, the
LLM should demonstrate stronger discriminative power
between positive and negative sample pairs, resulting in
larger reward margins.

To address these practical limitations in preference-based
alignment, we introduce Reward Margin Optimization
(RMO), a method that systematically reshapes reward mar-
gin distributions throughout the training process. The central
motivation of RMO is that effective preference alignment
requires not only a clear separation between positive and
negative examples but also learning signals that are well-
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Figure 1: Loss comparison between different split strategies
for Llama-3.2-1B-Instruct on Anthropic HH dataset.
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Figure 2: Performance comparison across three different
split strategies for Llama-3.2-1B-Instruct on Anthropic HH
dataset.

balanced and resilient to noise. RMO begins with a Dual
Denoising Filtering stage during data preparation, where we
identify and filter out ambiguous or noisy sample pairs. This
is accomplished by comparing the reward margins predicted
by a proxy model (trained on the entire dataset) with those of
the base model: samples with decreasing reward margins af-
ter training, which indicates low quality or inconsistency, are
excluded. In addition, those with persistently small reward
margins are probabilistically downsampled. This step im-
proves the overall quality and robustness of the training set.
At the batch construction stage, RMO applies Batch Mar-
gin Diversification, which explicitly maximizes the variance
of reward margins within each batch. By ensuring that each
batch contains a broad range of margin values, this mod-
ule provides the model with more diverse and informative
preference signals, thereby enhancing generalization and re-
ducing the risk of overfitting to narrow margin distributions.
Finally, during training, RMO employs a Pairwise Margin
Amplification module, which augments the standard train-
ing objective with an auxiliary loss term. This term explic-
itly encourages the model to increase the reward margin be-
tween positive and negative samples. By doing so, RMO fur-
ther strengthens the model’s discriminative ability, leading
to more effective alignment.

The experimental results show that RMO consistently
outperforms existing preference optimization methods
such as vanilla DPO and SimPO across multiple datasets.
Specifically, on models including Llama-3.2 and Pythia
(ranging from 1B to 3B parameters), RMO achieves an av-
erage improvement of 3.4% in length-controlled win rate
(LC) and 5.2% in raw win rate (WR) under standard evalua-
tion settings. Ablation studies further demonstrate that each
component of RMO contributes significantly to performance
gains. Additionally, experiments on the extra dataset and
SimPO validate the generalizability of RMO. These results
underscore the effectiveness and robustness of reshaping re-
ward margin distributions for enhancing alignment in large
language models.

Overall, this work proposes Reward Margin Optimization
(RMO), a method that reshapes the reward margin distribu-
tion to enhance the preference-based alignment of large lan-
guage models. RMO consists of three key components: (i) a

dual denoising filtering strategy that mitigates the impact of
ambiguous and noisy samples during data preparation; (ii)
batch margin diversification, which maximizes the balance
and diversity of reward margins within each training batch;
and (iii) pairwise margin amplification, which explicitly en-
larges the reward margin between positive and negative sam-
ples during training. Extensive empirical results on multiple
baselines demonstrate that RMO consistently improves the
alignment performance of LLMs.

Related Work: Alignment of LLMs
Ensuring LLM alignment is essential for making their be-
havior consistent with human values, intentions, and safety
requirements (Ji et al. 2023). A range of alignment meth-
ods has been developed to achieve this goal. Proximal Policy
Optimization (PPO) leverages reinforcement learning from
human feedback (Schulman et al. 2017; Ouyang et al. 2022),
while Direct Preference Optimization (DPO) aligns outputs
directly through preference comparisons without explicit re-
ward modeling (Rafailov et al. 2023). Response Ranking
based on Human Feedback (RRHF) ranks model outputs
by conditional probability, achieving PPO-level results with
fewer models (Yuan et al. 2023). Implicit Preference Op-
timization (IPO) approach provides a general framework
that bypasses reward modeling and pointwise approximation
that bypasses reward modeling. KTO utilizes prospect the-
ory to model human utility, demonstrating superior strong
results compared to traditional preference-based strategies,
and highlights the importance of inductive bias in human-
centric objectives and highlighting inductive bias. SimPO
improves DPO by using average log-probabilities as implicit
rewards and introducing a margin, achieving better results
without a reference model (Meng, Xia, and Chen 2024).
Rewards-in-Context (RiC) enables flexible multi-objective
alignment by conditioning outputs on reward prompts (Yang
et al. 2024). Several works also focus on weak-to-strong
alignment (Burns et al. 2023; Guo and Yang 2024; Lyu et al.
2024), or enhance alignment by optimizing prompts (Trivedi
et al. 2025; Cheng et al. 2023).

From the data perspective, some methods leverage syn-
thetic data (Xu et al. 2024; Huang et al. 2024) or data selec-
tion (Deng et al. 2025; Gao et al. 2025) to improve align-
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Algorithm 1: Batch Margin Diversification

1: Input: Training dataset Dtrain = {(xi, y
+
i , y

−
i )}Ni=1,

number of batches n, batch size m = N/n, early stop-
ping threshold ϵ, patience k

2: Output: Partitioned batches {Bj}nj=1
3: for i = 1 to N do
4: Compute δi = log πθ(y

+
i | xi)− log πθ(y

−
i | xi)

5: end for
6: Sort {δi}Ni=1 in ascending order to obtain
{δ(1), δ(2), . . . , δ(N)}

7: for j = 1 to n do
8: Initialize Bj =

{
δ(j+kn) | k = 0, 1, . . . ,m− 1

}
9: end for

10: Initialize variance improvement buffer Q← []
11: while early stopping not triggered do
12: Randomly select two batches Bp,Bq
13: Randomly select a ∈ Bp, b ∈ Bq
14: Swap a and b to obtain new batches B′

p,B′
q

15: if Total variance increases then
16: Accept swap: update Bp ← B′p, Bq ← B′q
17: Append improvement to Q
18: end if
19: if length(Q) > k and Q[−1]−Q[−k]

Q[−k] < ϵ then
20: break
21: end if
22: end while
23: Return {Bj}nj=1

ment. However, despite these advances, little attention has
been paid to the distributional properties of reward margins
during alignment.

Preliminary
Reward Margin. Given a prompt x ∈ X and a human pref-
erence pair (y+, y−) with y+ ≻ y−, let r : X × Y → R
denote a scalar reward (or preference) scoring function (e.g.,
an explicit reward model rRM, or an implicit score derived
from model log-probabilities). We define the reward margin
for the pair as

∆r(x; y+, y−) = r(x, y+)− r(x, y−). (1)

A large positive ∆r indicates a clear preference for y+ over
y− under r; values near zero reflect ambiguous or low-
confidence preferences; and negative values signal disagree-
ment between r and the annotated preference.

Reward Variance. In the context of preference-based
alignment, it is often useful to consider the reward variance
(Razin et al. 2025) induced by a reward model for a given
prompt. Formally, given a policy πθ, a prompt x ∈ X , and
a reward model rRM : X × Y → R, the reward variance
induced by rRM for πθ and x is defined as:

Vary∼πθ(·|x)
[
rRM(x, y)

]
= Ey∼πθ(·|x)

[(
rRM(x, y)

− Ey′∼πθ(·|x)
[
rRM(x, y′)

])2]
.

(2)

This quantity measures the diversity of reward signals that
the current policy πθ can obtain for a fixed prompt x under
the given reward model.

Preference-based Alignment. Preference-based align-
ment aims to train models using human feedback in the form
of pairwise preferences. This idea has its roots in the clas-
sical Bradley-Terry model (Bradley and Terry 1952), which
formalizes the probability that one response y+ is preferred
over another y− under a scoring function r as:

P (y+ ≻ y−) =
exp(r(x, y+))

exp(r(x, y+)) + exp(r(x, y−))
, (3)

where r(x, y) denotes the (possibly learned) utility or re-
ward for response y given prompt x.

DPO. Direct Preference Optimization (DPO) (Rafailov
et al. 2023) is a preference-based alignment algorithm that
directly trains language models based on human preference
data, without relying on explicit reward modeling or rein-
forcement learning. Given a dataset of preference triples
(x, y+, y−), where y+ is the preferred response to prompt
x compared to y−, the DPO objective is formulated as:

LDPO = − log σ
(
β( log

Pθ(y
+|x)

Pref(y+|x)

− log
Pθ(y

−|x)
Pref(y−|x)

)
)
,

(4)

where Pθ denotes the policy model being optimized, Pref is
a reference model, β is a temperature parameter, and σ(·)
is the sigmoid function. The DPO objective encourages the
policy to assign higher probabilities to human-preferred re-
sponses, thereby aligning the model more closely with hu-
man preferences in a stable and efficient manner.

RMO: Reward Margin Optimization
In this section, we introduce the proposed method—Reward
Margin Optimization (RMO). RMO is composed of three
key components executed sequentially: 1) Dual Denoising
Filtering, which operates during data preparation by identi-
fying and removing or downsampling ambiguous and noisy
sample pairs based on their reward margin statistics both be-
fore and after training, thereby improving robustness and the
quality of training data; 2) Batch Margin Diversification,
which is applied at the batch construction stage to maximize
the variance of reward margins within each batch, encour-
aging greater diversity and balance in the learning signal;
and 3) Pairwise Margin Amplification, which augments
the standard training objective with an auxiliary loss that ex-
plicitly increases the reward margin between positive and
negative samples, thereby enhancing the model’s discrimi-
native capability during training. We elaborate on each com-
ponent below.

Objective. Given a training dataset Dtrain and a testing
dataset Dtest, our goal is to optimize the parameters θ of
the language model such that, after training on the modi-
fied dataset and objective induced by RMO, the model πθ

achieves strong alignment performance on Dtest. Formally,
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RMO seeks to design the data transformation T , batch con-
struction B, and loss function L such that

θ∗ = argmin
θ

E(x,y+,y−)∼B(T (Dtrain)) L(πθ, x, y
+, y−)

(5)
and πθ∗ achieves maximal alignment on Dtest.

Dual Denoising Filtering
Ambiguous and noisy samples, often characterized by small
or negative reward margins, can significantly deteriorate
preference alignment. To address this, we propose Dual De-
noising Filtering, which eliminates unreliable data in two
steps:

Step 1: Margin Decrease Filtering. Samples whose re-
ward margin is negative under the base model and further
decreases after full-dataset training are likely to be domi-
nated by annotation noise, contradictory labels, or inconsis-
tent human preferences. Retaining such samples can inject
harmful supervision and impair the learning of the target
alignment objective. Therefore, let δbase

i denote the reward
margin for sample i given by the base model, and δproxy

i the
margin given by a proxy model trained on the full set. We
identify unreliable samples as:

Irm =
{
i
∣∣ δbase

i < 0 ∧ δproxy
i < δbase

i

}
(6)

These samples are removed from the training set:

D′ = Dtrain \
{
(xi, y

+
i , y

−
i ) | i ∈ Irm

}
(7)

Step 2: Small Margin Downsampling. On the remain-
ing set, many samples may still have reward margins that re-
main very small even after model training, indicating that the
model struggles to learn meaningful preference distinctions
for these pairs. To mitigate the influence of such inherently
ambiguous pairs, we assign each sample a retention proba-
bility according to the absolute proxy margin xi = |δproxy

i |:

Psample(xi) = 0.5

[
1− tanh

(
xi − τ

γ

)]
(8)

where τ and γ are tunable hyperparameters controlling the
threshold and scale of the sampling function, respectively.
Each sample is retained with probability Psample(xi) to con-
struct the final denoised training set:

Dfinal =
{
(xi, y

+
i , y

−
i ) ∈ D

′ ∣∣ bernoulli(Psample(xi)) = 1
}

(9)
Through this two-stage filtering process, unreliable sam-

ples are removed or down-weighted, reducing noise and im-
proving the robustness of preference alignment.

Batch Margin Diversification
A fundamental challenge in preference-based alignment is
that, due to the natural skewness of reward margin distribu-
tions, randomly constructed training batches often lack suf-
ficient diversity. This results in batches dominated by either
small or similar reward margins, leading to weaker and less
informative optimization signals for the model. To address
this, we propose Batch Margin Diversification, which aims
to explicitly maximize the variance of reward margins within
each batch during training.

Algorithm 2: Reward Margin Optimization (RMO)

1: Input: Original training setDtrain, batch size m, number
of epochs E, model parameters θ

2: Output: Optimized model parameters θ∗

3: // Step 1: Dual Denoising Filtering (Data Prepara-
tion)

4: Compute base and proxy reward margins for each sam-
ple in Dtrain

5: Remove samples with negative and decreasing margins;
downsample samples with small margins)

6: Dfinal ← resulting filtered training set

7: // Step 2: Batch Margin Diversification (Batch Con-
struction)

8: for each epoch e = 1, . . . , E do
9: Partition Dfinal into n batches of size m using strati-

fied initialization)
10: Iteratively refine batch assignments via sample

swapping to maximize intra-batch margin variance
(Alg. 1)

11: // Step 3: Pairwise Margin Amplification (Train-
ing)

12: for each batch do
13: For each pair, compute DPO loss LDPO and mar-

gin δ
14: Compute global median margin δ̃

15: Compute auxiliary loss Lreg = λreg · σ
(
δ̃−δ
α

)
16: Update model parameters θ to minimize total loss

Ltotal = LDPO + Lreg

17: end for
18: end for
19: Return θ∗

Given a training dataset Dtrain = {(xi, y
+
i , y

−
i )}Ni=1 con-

sisting of N preference pairs, we partition the data into n
batches, each containing m pairs (so N = n × m). For
each batch, we compute the variance of the reward mar-
gins, where the reward margin for the i-th pair is defined as
δi = log πθ(y

+
i | xi) − log πθ(y

−
i | xi). The goal of Batch

Margin Diversification is to maximize the sum of the reward
margin variances across all batches, thereby ensuring that
each batch exhibits as much margin diversity as possible:

max
B1,...,Bn

n∑
j=1

Vari∈Bj
[δi] (10)

where Bj denotes the set of samples in the j-th batch.
To further improve the efficiency of the optimization, we

employ a stratified initialization strategy. Specifically, let
{δi}Ni=1 denote the reward margins of all N training pairs,
and let n be the number of batches (so each batch has
size m = N/n). We first sort the training pairs such that
δ(1) ≤ δ(2) ≤ · · · ≤ δ(N), where (·) denotes the index after
sorting.

We then initialize the batch assignments as follows: for
j = 1, . . . , n, assign the i-th sample in batch j as

Bj =
{
δ(j+kn)

∣∣ k = 0, 1, . . . ,m− 1
}
. (11)
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In other words, the j-th batch is composed of the (j), (j +
n), (j + 2n), . . .-th elements of the sorted margin sequence,
ensuring each batch contains a broad spectrum of reward
margins.

This initialization ensures that, before any fur-
ther optimization, the sum of intra-batch variances∑n

j=1 Vari∈Bj
[δi] is already maximized to a certain ex-

tent, which significantly accelerates the convergence of
subsequent refinement steps.

After this stratified initialization, we further refine the
batch assignments to maximize the total variance. Specifi-
cally, at each iteration, we randomly select two samples from
different batches and propose swapping them. The swap is
accepted if and only if it increases the sum of intra-batch
variances, i.e.,

n∑
j=1

Vari∈Bnew
j
[δi] >

n∑
j=1

Vari∈Bold
j
[δi]. (12)

This local search procedure is repeated iteratively to pro-
gressively improve the batch-wise margin diversity. To avoid
excessive computation, we introduce an early stopping crite-
rion: the optimization is terminated when the improvement
in the total variance over k consecutive iterations falls below
a predefined threshold ϵ (e.g., 0.1%).

Pairwise Margin Amplification
Recall that the reward variance induced by a reward model
rRM and policy πθ for a fixed prompt x is defined as in Eq.
2. For the special case where πθ(·|x) samples only the two
preference candidates (y+, y−) with equal probability (i.e.,
a uniform distribution over two options), it is easy to show
that:

Vary∼Uniform(y+,y−)

[
rRM(x, y)

]
=

1

4

(
rRM(x, y+)−

rRM(x, y−)
)2

=
1

4

(
∆r(x; y+, y−)

)2
,

(13)
where ∆r(x; y+, y−) = rRM(x, y+)− rRM(x, y−) denotes
the pairwise reward margin.

This equivalence reveals a direct connection between re-
ward variance and the pairwise reward margin: maximiz-
ing the margin between positive and negative samples in-
creases the reward variance. Prior work (Razin et al. 2025)
has shown that higher reward variance is crucial for training
high-quality reward models. In DPO and similar alignment
algorithms, the LLM itself acts as the reward model, making
it theoretically well-motivated to explicitly enlarge the pair-
wise margin to enhance the model’s alignment performance.

Based on this insight, our Pairwise Margin Amplification
module introduces an auxiliary loss term to directly encour-
age the model to increase the reward margin ∆r(x; y+, y−)
for each preference pair. Specifically, we augment the stan-
dard DPO objective (as shown in Eq. 4) with an auxiliary
regularization term. For each training pair, let δ denote the
margin for this pair, and let δ̃ denote the median of all mar-
gins globally. The auxiliary loss is defined as:

Lreg = λreg · σ
( δ̃ − δ

α

)
, (14)
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Figure 3: KDE curves of batch-level average margin distri-
butions among different split strategies for Llama-3.2-1B-
Instruct.

where α controls the input scale, σ(·) is the sigmoid func-
tion, and λreg is a regularization weight. This term penalizes
cases where the margin δ for a pair falls below the median
margin δ̃, thus encouraging all pairs to achieve larger mar-
gins. The total training objective becomes:

Ltotal = LDPO + Lreg. (15)

Experiment
In this section, we evaluate the performance of the pro-
posed RMO on various models, datasets, and alignment al-
gorithms. We also demonstrate the effectiveness of each
component in RMO.

Experiment Setup
Datasets & Benchmarks. We utilize the Anthropic HH
dataset (Bai et al. 2022) for our experimental analysis. Con-
sidering potential biases that may affect the reliability of our
results, we also conduct ablation studies on UltraFeedback
dataset (Cui et al. 2024). In each one-step dialogue, a query
corresponds to a pair of responses: one deemed more pre-
ferred by human annotators and the other less preferred. We
randomly sample 10,000 dialogues and split it into 1:4 for
SFT and preference optimization individually.

Following β-DPO (Wu et al. 2024), we assess our
method using one of the most popular benchmarks for
instruction-following models: AlpacaEval 2.0 (Dubois et al.
2025; Zheng et al. 2023). We utilize two metrics: Length-
controlled (LC) and raw win rate (WR) to measure how of-
ten the GPT-4o model (the recommended replacement for
AlpacaEval 2.0, as GPT-4-1106-preview has been officially
deprecated) prefers a response generated by a fine-tuned
model over the original model. We opt not to rely on the ref-
erence provided in this benchmark to facilitate a more direct
and fine-grained evaluation of finetuning effects. For more
details, please refer to Appendix.

Models. We use two families of models: Llama-
3.2 (Dubey et al. 2024) and Pythia (Biderman et al. 2023),
each evaluated under two configurations: Instruct and Base.
The Llama-3.2 models (Llama-3.2-1B-Instruct and Llama-
3.2-3B-Instruct) are pre-trained in an instruction-following
setup. For the Pythia models (Pythia-1.4B and Pythia-2.8B),
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Method Llama-3.2-1B-Instruct Llama-3.2-3B-Instruct Pythia-1.4B Pythia-2.8B
LC(%) WR(%) LC(%) WR(%) LC(%) WR(%) LC(%) WR(%)

Low-Var 49.67 50.93±1.76 49.70 48.07±1.76 56.67 57.02±1.75 54.74 55.09±1.75

Rnd-Var 54.00 53.42±1.76 50.00 52.79±1.76 57.09 57.14±1.75 55.80 56.15±1.75

High-Var 56.39 56.02±1.75 53.81 53.42±1.76 59.20 60.00±1.73 59.72 60.06±1.73

Table 1: Performance comparison across different models for three margin variance settings. LC and WR denote length-
controlled and raw win rate, respectively.

Llama-3.2-1B-Instruct Llama-3.2-3B-Instruct Pythia-1.4B Pythia-2.8B

LC(%) WR(%) LC(%) WR(%) LC(%) WR(%) LC(%) WR(%)

Vanilla-DPO 54.00±0.22 53.42±1.76 50.00±0.14 52.79±1.76 57.09±0.32 57.14±1.75 55.80±0.33 56.15±1.75

Rnd-Var
+Filter 56.05±0.19 55.78±1.75 53.68±0.15 53.42±1.76 59.14±0.39 59.38±1.73 59.16±0.39 59.50±1.73

+Reg 54.98±0.28 54.78±1.75 52.25±0.13 52.55±1.76 58.75±0.37 59.13±1.75 57.49±0.32 57.39±1.75

Rnd-RMO 57.83±0.31 57.40±1.74 54.45±0.19 54.29±1.76 59.96±0.41 60.50±1.72 59.41±0.30 59.75±1.73

High-Var

DPO 56.39±0.19 56.02±1.75 53.81±0.20 53.42±1.76 59.20±0.36 60.00±1.73 59.72±0.32 60.06±1.73

+Filter 56.43±0.22 55.65±1.75 54.58±0.12 54.16±1.76 60.78±0.33 61.24±1.72 60.79±0.45 60.93±1.72

+Reg 57.25±0.21 56.89±1.75 54.02±0.34 53.66±1.75 62.34±0.38 62.48±1.71 59.80±0.43 60.19±1.75

RMO 59.78±0.22 59.13±1.73 55.72±0.15 55.78±1.75 62.36±0.42 62.61±1.71 61.31±0.44 61.50±1.72

Table 2: Main results of RMO on four popular models. We ablate each key design of RMO: (1) High-Var denotes adding
the Batch Margin Diversification module compared to Rnd-Var, which randomly partitions the data into batches; (2) +Filter
denotes adding the Dual Denoising Filtering module, with 6% filter ratio (τ=14); (3) +Reg denotes adding the Pairwise Margin
Amplification module, with λreg=2 .

we first fine-tune the base versions on the Anthropic HH
dataset to obtain the corresponding SFT models, followed
by further experiments for preference alignment.

Hyperparameter setting. In During Dual Denoising Fil-
tering, we set different values for τ to ensure consistent filter
ratio (varying from 2% to 10%) across models and γ is fixed
as 1. In Pairwise Margin Amplification, we set δ̃ as the me-
dian of the reward margin from the proxy model. α is set to
125 for DPO and 5 for SimPO, and λreg is set in the inter-
val [0, 3], as specified in the following results. Other specific
settings for DPO training can be found in the Appendix.

Model Low-Var Rnd-Var High-Var
Pythia-1.4B 523 19108 20492 ↑7.2%

Pythia-2.8B 434 17999 19302 ↑7.2%

Llama-3.2-1B-Instruct 516 20158 21793 ↑8.1%

Llama-3.2-3B-Instruct 623 19164 20509 ↑7.0%

Table 3: Margin variance for different batch partitioning.

Main Results
For each model, we constructed three datasets from the same
raw data in the Anthropic HH dataset, using different batch

partitioning methods: Low-Var, Rnd-Var, and High-Var. For
Rnd-Var, we randomly shuffled the data and constructed the
batches. For Low-Var, we use the Batch Margin Diversifi-
cation algorithm with the objective flipped to minimize, in-
stead of maximize, the margin variance within each batch,
serving as an extreme contrast. For High-Var, we apply the
original algorithm to maximize the variance of reward mar-
gins in each batch. The specific variance values for each
method are compared in Table 3.

Diverse margin distribution generally facilitates DPO
performance. Figure 3 illustrates the corresponding dis-
tributions of batch-level average margin on Llama-3.2-1B-
Instruct. RMO reshapes batch composition such that the dis-
tribution of batch-level average margins is sharply centered
around zero. This indicates a more balanced composition
within each batch, reflecting a well-proportioned presence
of both positive and negative margins within each batch.
In contrast, Low-Var and Rnd-Var show skewed or unstruc-
tured distributions. Table 1 demonstrates that performance
significantly and consistently improves across all models
and evaluation metrics with increasing variance of reward
margins, emphasizing the effectiveness and robustness of
RMO. Notably, High-Var achieves an average improvement
of 4.59% in LC and 4.60% in WR compared to Low-Var,
underscoring the critical role of balanced data distribution
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Figure 4: Analysis of different regularization intensities on Llama-3.2-1B-Instruct.

in achieving stable optimization. Moreover, runtime analy-
sis in the Appendix confirms the method’s high efficiency.

Anthropic HH UltraFeedback
Method LC(%) WR(%) LC(%) WR(%)

Vanilla-SimPO 60.00±0.09 60.62±1.72 65.91±0.06 64.72±1.68

+Filter 61.60±0.08 62.32±1.70 67.76±0.08 67.33±1.70

+High 61.44±0.07 61.37±1.70 67.06±0.05 66.21±1.67

RMO(w/o Reg) 62.62±0.04 64.10±1.70 68.32±0.05 67.82±1.68

RMO 63.76±0.05 64.84±1.68 69.52±0.08 68.82±1.63

Table 4: RMO Performance on SimPO across different
datasets on Llama-3.2-3B-Instruct.
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Figure 5: Win rate performance with different filter ratios on
Llama-3.2-1B-Instruct.

RMO introduces significant performance gains for DPO.
As shown in Table 2, experiments on both Rnd-Var and
High-Var settings show that RMO consistently outperforms
across all models, with average improvements of 3.4% and
5.2% (LC and WR). High-Var generally yields better re-
sults than Rnd-Var, aligning with findings in Table 1. Ad-
ditionally, ablation studies show that adding Dual Denois-
ing Filtering (+Filter) and Pairwise Margin Amplification
(+Reg) independently boosts performance on each dataset,
with gains of 3.52% and 3.78% in High-Var, underscoring

the effectiveness of these components.

RMO can be transferred to other preference optimiza-
tion methods and datasets. To expand our approach
to more datasets and preference optimization methods,
we experiment on one of the most popular methods,
SimPO (Meng, Xia, and Chen 2024), and include an extra
dataset–UltraFeedback (Cui et al. 2024). As shown in Table
4, RMO and its components demonstrate significant perfor-
mance improvements on both datasets, which substantiates
the robustness of RMO’s scalability.

Hyperparameter analysis of regularization and filter
strategy. We investigate the effect of varying λreg in Pair-
wise Margin Amplification (Eq. 14), assessing margin dis-
tribution and performance on AlpacaEval2’s LC and WR,
alongside accuracy on a given dataset. As shown in Fig-
ure 4, increasing λreg successfully shifts the margin dis-
tribution rightward, demonstrating that our regularization
strategy effectively improves the distinction between an-
swer pairs, leading to clearer optimization signals. Simul-
taneously, accuracy improves with λreg. However, LC and
WR do not monotonically increase with λreg; instead, they
peak at λreg=2. We hypothesize that the interaction between
LDPO and Lreg in Equation 15 results in a trade-off: an ex-
cessively large Lreg may overshadow the main loss LDPO,
causing performance degradation.

Figure 5 shows the LC performance for different filter ra-
tios (4% to 16%). In Dual Denoising Filtering, the sample
count in Step 1 (Eq. 6) is fixed and the filter ratio is con-
trolled by the threshold parameter τ in Step 2 (Eq. 8). As the
ratio increases, LC rises steadily and peaks at 10%. Beyond
this point, an overly aggressive filter discards informative
preference pairs, causing LC to decline.

Conclusion
In this work, we propose RMO, a framework that improves
LLM alignment by reshaping reward margin distributions
throughout data preparation, batch construction, and train-
ing. RMO enhances answer pair distinction and learning sig-
nals, leading to consistent performance gains across models
and datasets, and scales to various preference optimization
algorithms. While RMO introduces extra hyperparameters
during filtering and regularization, future work will focus on
adaptive adjustment and broader algorithmic applications.
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