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Abstract

Existing studies on preference optimization (PO) have been
focused on constructing pairwise preference data following
simple heuristics, such as maximizing the margin between
chosen and rejected responses based on human (or Al) rat-
ings. In this work, we develop a novel PO framework that
provides theoretical guidance to effectively sample rejected
responses. To achieve this, we formulate PO as minimizing the
negative log-likelihood (NLL) of a probability model and pro-
pose a sampling-based solution to estimate its normalization
constant via contrastive divergence. We show that these estima-
tive samples can act as rejected responses in PO. Leveraging
the connection established between PO and NLL estimation,
we propose a novel PO algorithm, called Monte-Carlo-based
PO (MC-PO), that applies a MC kernel to sample hard nega-
tives w.r.t. the log-likelihood of the target policy. Intuitively,
these hard negatives represent the rejected samples that are
most difficult for the current policy to differentiate. We show
that MC-PO outperforms existing SOTA baselines on popular
alignment benchmarks.

1 Introduction

While large language models (LLMs) learn a broad world
knowledge, aligning their behavior precisely with human
values is challenging due to the unsupervised nature of
their training. Reinforcement learning from human feedback
(RLHF) (Ouyang et al. 2022) has emerged as a class of effec-
tive algorithms to align LLMs (Schulman et al. 2017). Recent
works on direct preference optimization (DPO) (Rafailov
et al. 2024) and its variants (e.g., identity preference opti-
mization (Azar et al. 2024)) directly optimize an LLM to
adhere to human values, without explicit reward modeling or
RL. Data for these algorithms are often collected in the form
of preferences (Ziegler et al. 2019). This leads to more con-
sistent labeling across human annotators as it reduces their
cognitive load and avoids the need for absolute judgment,
which can be more subjective. Existing studies on PO have
predominantly considered creating pairwise preference data
using simple heuristics, such as choosing a rejected response
by maximizing the gap with the chosen response in terms of
human (or Al) ratings (Tunstall et al. 2023; Lambert et al.
2024). In this work, we focus on improving the performance
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of PO by improving the quality of their preference-based
training data. Specifically, we ask the question: “How to
choose rejected / dispreferred responses for PO?"

To answer this question, we develop a novel PO frame-
work that provides theoretical guidance on effective sampling
strategies for selecting rejected responses. To achieve this,
we formulate learning the optimal policy in RLHF as mini-
mizing the negative log-likelihood (NLL) of a parametrized
probability model. A key challenge in this formulation arises
from the presence of a normalization constant expressed
as an intractable integral. To overcome this challenge, we
propose to estimate the gradient of this log-normalization
constant using contrastive divergence (CD) (Hinton 2002),
which leverages empirical samples to approximate gradients.
We further demonstrate that this sampling-based solution is
connected to the PO framework, where the generated samples
can be interpreted as rejected responses for PO. This insight
establishes a connection between NLL estimation and PO,
allowing us to incorporate sampling strategies from the NLL
literature to guide the selection of rejected responses in PO.
Hence, these strategies, originally developed to improve the
accuracy of the NLL gradient estimation, can improve PO
performance by producing rejected samples of higher quality.

We leverage the connection between PO and NLL esti-
mation, and propose a novel PO algorithm that applies a
special kernel to generate rejected responses. We refer to our
algorithm as Monte-Carlo-based Preference Optimization
(MC-PO). More specifically, MC-PO selects a rejected re-
sponse (or rejected responses) for an input prompt from a set
of candidates by sampling in proportion to the log-likelihood
of the target policy (the policy being trained). This procedure
often results in generating a hard negative, i.e., a rejected
response that closely resembles the chosen one, posing a
greater challenge to the policy to differentiate between them.
As illustrated in Figure 1, given a chosen response (Rank-1)
and a set of rejected candidates (Rank-2, 3, 4) for the same
input prompt, existing studies often select the most dispre-
ferred response (e.g., Rank-4) to pair with the chosen one.
MC-PO can be considered as a hybrid PO algorithm operat-
ing between offline and online approaches. In the offline PO
setting, both chosen and rejected responses are fixed prior to
training, whereas online PO generates training data for each
batch dynamically using the current policy. MC-PO circum-
vents the computational overhead of generating responses
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Figure 1: Left: Existing methods often choose a rejected
response as the one that maximizes the gap with the chosen
response based on human/Al ratings. Right: We propose the-
oretical guidance to sample rejected responses proportionally
to the parameterized implicit reward model, which is a func-
tion of the log-likelihood of the target policy (policy being
trained). Note that the sampling of rejected responses evolves
during as the reward parameters get updated during training.

during training while still utilizing the current policy to select
rejected responses. As shown in Figure 1, from iteration 0 to
t, even for the same input prompt, MC-PO may change the
rejected response as the policy evolves during training. We
summarize our main contributions below.

* We propose a novel PO framework that offers theoretical
guidance for designing sampling strategies to generate
rejected responses. This framework is grounded in a re-
formulation of learning the optimal policy as an NLL
estimation problem, which we solve using a CD method.

* We introduce MC-PO, a hybrid PO algorithm motivated
by the connection between PO and NLL estimation. MC-
PO dynamically selects a rejected response for an input
prompt by sampling from a preconstructed set of can-
didates in proportion to their log-likelihood under the
current policy. This approach avoids the computational
overhead of online data generation, while still leveraging
the current policy in constructing the training dataset.

* We perform benchmark evaluations and demonstrate that
MC-PO outperforms existing SOTA baselines. In addi-
tion, we perform detailed ablation studies to assess the
effectiveness of different sampling strategies and show
that MC-PO consistently leads to improved performance.

2 Preliminaries
In this section, we briefly revisit the key concepts of PO

(Section 2.1), NLL estimation and CD (Section 2.2), which
we will build upon in the subsequent sections.

2.1 Preference Optimization

The standard RLHF paradigm (Christiano et al. 2017; Sti-
ennon et al. 2020) consists of two main stages: (i) learning
a reward model (RM) from human preferences and (ii) pol-
icy optimization using the learned RM. Given a preference
dataset D = {(x;,¥0,i,¥1,:)} in which x is an input prompt,
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and y( and y; are the chosen and rejected responses, the RM
is learned by optimizing the following cross-entropy loss:

min ey, v~ 1080 (rs(x,y0) = rs(x,y1))]. (1

Then, the parameter of the policy is optimized as,

max ]Eyw’ff{ﬂx) [76(x,¥)] — B KL[m(y|x)||mret (¥]x)],
(2)

where p is the distribution over prompts and S is a hyper-
parameter controlling the deviation from a reference policy
mret (Often the SFT policy 7spr). The RM is typically es-
timated from a finite dataset, and thus, cannot be accurate
for all prompt-response pairs. The KL-divergence uses the
reference policy as a guardrail to prevent the model from
overfitting the estimated RM (Skalse et al. 2022).

The KL-constrained reward maximization in (2) has the
following closed-forril solution (Go et a1.12023):

T (Y) = g PO e (Greley). )
where the partition function Z(x) ensures that 7*(+|x) is a
valid conditional probability distribution. Since the response
space is combinatorially large, Z(x) is typically intractable
to compute. This makes the policy representation in (3) hard
to utilize in practice.

An alternative approach to the RLHF paradigm is
DPO (Rafailov et al. 2024). To address the challenge of solv-
ing the RL problem in (2), DPO rearranges it to write the RM
T4 in terms of its corresponding optimal policy 7*, and then
substitutes this expression into the RM loss (1) to estimate
the optimal policy by solving the following optimization:

min E [—logo (re(x,y0) —re(x,y1))], (4)
0 (x,y0,y1)~D
where 79 = fBlog ggf(é,“"g) is the parametrized reward

model, o is the logistic function. Using (4), the target policy
g is optimized to distinguish between the chosen y( and
rejected y; responses for each input prompt x.

After DPO, many PO algorithms have been developed with
similar style. Based on their objective functions, these algo-
rithms can be categorized into two groups: contrastive and
classification-based. Contrastive methods aim to maximize
the difference in predicted likelihoods between the chosen
and rejected responses. Representative contrastive-based al-
gorithms include DPO (Rafailov et al. 2024), IPO (Azar et al.
2024), SimPO (Meng, Xia, and Chen 2024), and RPO (Liu
et al. 2024b). In contrast, classification-based algorithms
perform separate maximization and minimization over the
chosen and rejected responses, such as KTO (Ethayarajh et al.
2024), BCO (Jung et al. 2024), and NCA (Chen et al. 2024a).

2.2 Negative Log-Likelihood Estimation and
Contrastive Divergence

NLL Estimation. Unnormalized models can be used to
approximate complex data distributions. However, estimating
unnormalized models is not straightforward since the NLL
estimation involves the typically intractable normalization
constant. Given i.i.d. observations from some data distribu-
tion, we seek to approximate it with a parametric probability



model pg,

pe(y|x) := ﬁ;i}(,lg), where Zg(x) = /ﬁg(y'|x)dy’,
()

where pg is the unnormalized model and Zg(x) is its normal-
ization constant. The NLL estimation minimizes the nega-
tive log-likelihood of pg to predict the ground-truth obser-
vations. Generally speaking, as the number of observations
approaches infinity, the NLL estimation results in a paramet-
ric probability model that increasingly approximates the tar-
get distribution. However, computing the log-normalization
constant is challenging because of the integration.

CD. Optimizing the probability model pg in (5) requires
computing the intractable gradient of the log-normalization
constant. CD uses MCMC methods to estimate this gradi-
ent (Hinton 2002). Specifically, it initiates MCMC sampling
from ground-truth observation rather than from a random
state, which allows the sampling process to converge faster.
The sampling process involves a small number of MCMC
steps (often just one), making it particularly effective for
probability models where the normalization constant cannot
be easily computed.

3 Preference Optimization as Sampling-based
Solution to NLL Estimation

In this section, we formulate learning the optimal policy in
RLHF as an NLL estimation (Section 3.1). Subsequently,
we adopt CD as a sampling-based solution to estimate the
intractable term in this NLL estimation and its gradient (Sec-
tion 3.2). This perspective enables a reinterpretation of PO
as NLL estimation, and allows us to adapt sampling-based al-
gorithms from the NLL literature to select rejected responses
in PO (Section 3.3).

3.1 RLHF as NLL Estimation

We use the expression for the optimal policy in (3) and define
the following parametric probability model for 7*:

po(y[x) == T(x)“(y"() exp (ro(x,y)), (©6)

Zo(x) = /u(y’\X) exp (ro(x,y"))dy’,

where rg(x,y) := Slog %’;“’2) is the implicit reward of
DPO (Rafailov et al. 2024) and p is a proposal distribution
from which we can sample. For any set of parameters 6, we
assume that pg covers the support of 77*, such that pg (y|x) >
0 whenever 7*(y|x) > 0, Vx ~ p. This sets conditions on
the proposal distribution p. For instance, in general LLM
alignment setting, we can choose y to be the reference policy
which satisfies the above requirement.

To estimate 7* with pg, the NLL estimator minimizes the
NLL of pg, i.e.,

0" = arg mein Ex~p7 y~7*(4]x) [‘CNLL(Oa X, Y)] ) 7

ENLL(O, X, y) = —To (X7 Y) + log Z@ (X)

Optimizing the model parameters 6 using gradient descent
requires calculating the gradient of the NLL estimator, which
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Algorithm 1: MC kernel Kg(y.|X,¥0)
Input: x, yo
1: Sample {y;}, from u

2 exp(re (%,yi))
Sy exp(ro(x,y5)
3: Sample z ~ Categorical([wo7 Wi, ..y wM])
4: returny,

: Compute {w; } M, w; =

can be derived as (see Appendix A.1 for the detailed deriva-
tion)
VoL(0,x,y) ®)
= _vere(xa Y) + V@ 1Og Z@(X)a
= —Vore(x,y) + Epy(y|x) [Vere(xa y/)}-

The first term on the RHS of (8) is typically easy to compute,
because it is the gradient of the target policy (e.g., the LLM)
which can be computed using an automatic differentiation
software. However, the second term is intractable because it
involves an expectation over the probability model pg in (6).
In the next section, we show how we use CD to approximate
the gradient expression in (8).

3.2 A CD Solution to Solve the NLL Estimation of
RLHF

We now propose a CD-based method to approximate the
gradient of the NLL estimation in (8). As described in Sec-
tion 2.2, CD estimates the gradient of the log-normalization
constant by applying an MC kernel to generate samples.
Specifically, we apply CD with the MC kernel Ko (y'|x, yo)
defined in Algorithm 1 to estimate the gradient of the log-
normalization constant in (8).

Epo (') [Voro(x, )] & By (y'xy0) [Voro(x,y")] ©

This kernel generates samples proportionally to the im-
plicit reward 7g. As a result, these samples have high likeli-
hood under pg. With this particular choice of kernel, we can
approximate the intractable term in the NLL gradient (8) as
described in the following proposition.
Proposition 3.1. Let yo ~ 7*(-|x) and {y;}, be M noise
samples from a proposal distribution p(-|x). The CD approx-
imation of the log-normalization constant in Eq. (9) can be
computed as

M

Eko(y'[x.y0) [Vora(x,y")] = Velog Y exp (re(x,:)).

i=0
(10)

We report the proof of this proposition in Appendix A.2.

It is straightforward to see that the approximation to (8) sug-
gested by Proposition 3.1 is the gradient of the following

loss:
M

LP(0,x,y) = —ro(x,y)+log Y exp (ro(x,y:)). (11)
i=0

Thus, the loss in (11) can be seen as the CD approximation

of the NLL estimation (7). Comparing (11) with the NLL

estimation in (7), we notice that the normalization constant

has been approximated as Zg(x) = Zi]\io exp (ro(x,y:))



using samples yo ~ 7* and {y;}, ~ u(-|x). The CD
loss, £EP, is equivalent to a cross-entropy loss that optimizes
the model to classify y as the correct prediction among all
(M + 1) samples. Specifically,

i—0 €XP (TG (X7 yz))

In the above CD approximations to NLL and its gradient,
it is assumed that the chosen response y is sampled from the
optimal policy 7*, which is generally unknown. To address
this, we show that when y is sampled from the probability
model pg, the CD approximation leads to an unbiased esti-
mate for the gradient of the log-normalization constant. This
motivates us to sample y in proportion to the probability
model pg, rather than from 7*.

LP(6,x,yy) = —log
S

Proposition 3.2. Let Zg(x) = ﬁzlj\io exp (rg(x, yz))
be an approximation of the normalization constant Zg(x),
where yo ~ pg(-|x). Then, we have

E oo (yolx)u({y: 3, 1x) [ Vo log Z(x)] = Ve log Zo(x),

M
where u({yi}i\iﬂX) = HM()’:’|X)~
i=1

Notice that the additional constant ﬁ from Zg(x) is

removed by taking the gradient of log. Proposition 3.2, whose
proof is reported in Appendix A.4, provides a feasible CD
approximation to the NLL estimate and its gradient.

3.3 PO as Sampling-based Solution to NLL
Estimation of RLHF

In this section, we show that the sampling-based solution
to the NLL estimation is related to the PO formulation (4)
by considering the generated samples as rejected responses.
Writing the CD loss in (11) for M = 1, i.e., only a single
sample from the proposal distribution (-|x), we obtain

1

—19(X,y0) +log Y _ exp (ra(x,yi))
=0

= —loga(re(x,y0) — re(x,y1)),

which is exactly the DPO objective in (4) with y( and y;
as chosen and rejected responses. This shows that using a
single noise sample, the sampling-based estimation of NLL is
equivalent to the DPO objective. Moreover, this equivalence
can be generalized to the case of M > 1 where multiple
rejected responses are used for PO training.

This provides a novel interpretation of rejected responses
in PO: Rejected responses can be understood as samples
used to estimate the normalization constant in NLL estima-
tion. Building on this bridge between NLL and PO, we can
adapt various sampling-based algorithms from the literature
of NLL estimation to select rejected samples for PO. These
algorithms aim to improve the accuracy of estimating the nor-
malization constant, thereby improving the PO performance.
For example, in Proposition 3.1, the M noise samples are
drawn randomly from a proposal distribution p(+|x). In the
next section, we develop a more advanced sampling strategy
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and use it to implement our PO algorithm.

4 MC-PO Algorithm

Based on the connection we established between PO and
sampling-based solutions to NLL estimation in Section 3,
we now derive a PO algorithm that uses CD to generate
the rejected responses in its training set. We refer to our
algorithm as Monte-Carlo-based Preference Optimization
(MC-PO). Before describing MC-PO, we state two results
that highlight some characteristics of this algorithm. We first
show that CD leads to an unbiased gradient estimator for the
NLL estimation by setting the proposal distribution p equal
to the probability model pg.

Proposition 4.1. Let the proposal distribution be equal to
the probability model, i.e., ;4 = pg. Then, the CD estimator
of the gradient of the log-normalization constant in (10) is
unbiased.

We report the proof in Appendix A.5. Proposition 4.1 sug-
gests to draw the noise samples from the probability model pg.
Recall that the kernel Kg(y.|x,yo) defined in Algorithm 1
aims to approximate the sampling from pg. Following this,
we apply the MC kernel defined in Algorithm 1 that samples
rejected responses proportionally to the implicit reward rg.

Since the implicit reward rg := (log ng(();‘\);)) ,
cates that rejected responses with higher log-likelihood with
respect to g (hard negatives) are preferred.

Another characteristic of MC-PO is related to its sampling
strategy, which is proportional to the implicit reward rg. We
explain the advantage of MC-PO’s sampling strategy using
its gradient expression. For M = 1, we can write the gradient
of the CD loss in (11) as

VoLP(0,%,y0) = —0(re(x,y1) — ro(x,¥0))
Vo(re(x,y0) — re(x,¥1)),

where y( and y; are chosen and rejected responses, respec-
tively. It can be seen that sampling in proportion to the im-
plicit reward minimizes the gap between the rewards of the
chosen and rejected responses, thereby increasing the magni-
tude of the gradient. In contrast, when the rejected response
receives a low reward, the scaling factor in the gradient ex-
pression becomes small, leading to less effective parameter
updates.

which indi-

Implementation. MC-PO can be considered as a hybrid
PO algorithm as it combines aspects of both offline and online
PO algorithms. In the fully offline PO setting, chosen and re-
jected responses are predetermined prior to training (Rafailov
et al. 2024). In contrast, the online PO setting generates re-
sponses dynamically for each batch using the current check-
point (policy) during training (Qi et al. 2024; Xiong et al.
2024). MC-PO takes a middle ground: it avoids the com-
putational expense of generating responses during training
while still leveraging the current policy (checkpoint) to select
rejected responses.

Given a dataset in which each input prompt x is paired
with a chosen response y and a set of M rejected response
candidates {y; }£,, MC-PO applies the MC kernel defined
in Algorithm 1 to select a rejected response from this set. The



MC kernel uses the current checkpoint g to compute weights
{w;}M,, and then samples from the resulting categorical
distribution, as described in Algorithm 1. This process yields
a rejected response as output which MC-PO pairs it with
the chosen response y to form its training set for the next
iteration.

5 Related Work

There has been a growing body of work focused on enhancing
PO performance through improving its training data quality.
An early effort in this direction introduces the use of on-
policy data generation together with rejection sampling to
approximate the optimal policy, thereby improving the effec-
tiveness of DPO (Liu et al. 2024a). Building upon this idea,
a series of concurrent results proposed different sampling
strategies to construct pairwise preference data in an online
or an iterative batch learning setting, where the target policy
alternates between sampling new completions and updating
via DPO training (Xiong et al. 2024; Xu et al. 2023; Dong
etal. 2024; Xie et al. 2024; Guo et al. 2024; Chen et al. 2024b;
Shi, Zhou, and Du 2024). These iterative methods proposed
several sampling strategies to generate higher-quality prefer-
ence data for DPO. For instance, (Xu et al. 2023; Dong et al.
2024) advocate using a best-of-n versus worst-of-n approach,
where multiple completions are sampled and the chosen and
rejected completions are selected to form a training pair. (Xie
et al. 2024) introduces a value bonus mechanism that guides
the choice of rejected completions by biasing toward ex-
ploratory completions, inspired by the optimism in the face
of uncertainty principle in online learning. In contrast, (Guo
et al. 2024) adheres to strict on-policy sampling without
additional sampling heuristics, focusing on a more theoret-
ically grounded approach. (Chen et al. 2024b) proposes a
semi-supervised strategy in which a high-quality supervised
fine-tuning dataset provides the chosen completions, while
rejected completions are sampled from the target policy, cre-
ating pairwise preference data that blends human supervision
and policy outputs.

In this work, we investigate the impact of different sam-
pling strategies in offline PO by reformulating PO as an NLL
estimation problem. This perspective reveals that rejected
completions act as noise samples used to estimate the gradi-
ent of the log-normalization constant. By establishing this
connection, our reformulation enables the application of var-
ious sampling techniques from the NLL literature to guide
the selection of rejected completions during PO training.

6 Experiments

In this section, we present the main results of our experiments,
highlight the effectiveness of MC-PO on various benchmarks
(Section 6.2) and provide an in-depth understanding of the ef-
fect of different sampling strategies (Section 6.3). Additional
results are presented in Appendix C.

6.1 Experimental Setup

In this section, we summarize the setup used in our experi-
ments. More details are in Appendix B.
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Models and datasets. We perform PO under two different
setups: (1) Base setup considers the Mistral-7B-SFT and
Llama-3.1-8B-SFT model, which has been fine-tuned using
supervised next-word prediction on the TULU 3 SFT Mix
dataset (Lambert et al. 2024). We fine-tune these models on
the Nectar dataset (Zhu et al. 2023). The Nectar dataset con-
sists of 7 ranked responses generated by different LLMs per
input prompt, which creates high-quality and diverse can-
didate responses for sampling. For each input prompt, we
consider the rank-1 response as the chosen response, and
sample a rejected response from the remaining candidates.
(2) Instruct setup uses the off-the-shelf instruction-tuned
Llama-3.1-8B-Instruct model (Dubey et al. 2024) to initial-
ize the target policy mg. This model has undergone exten-
sive instruction-tuning processes, making it more expressive
compared to the initial model in the base setup. We use
prompts from UltraFeedback (Cui et al. 2024) and gener-
ate chosen and rejected responses using the Llama-3.1-8B-
Instruct model. This makes the instruct setup closer to an
on-policy setting (Tang et al. 2024). Specifically, we gener-
ate 6 responses using temperatures 0.6, 0.8, and 1 for each
input prompt (2 responses for each temperature). Then, we
apply the iterative pairwise ranking approach (Chen et al.
2024c) to select the chosen response and sample a rejected
response from the remaining candidates with different strate-
gies. The iterative pairwise ranking method determines the
overall winner from a group of candidates by comparing two
responses at a time. Each comparison is conducted using a
teacher model (in this work, we use Llama-3.1-70B-Instruct).

Sampling. For both setups, we randomly sample a rejected
response from all candidates for all baseline methods. The
proposed MC-PO applies the kernel defined in Algorithm 1
to sample a rejected response.

Proposal distribution. The baseline setup utilizes re-
sponses from the Nectar dataset, which are pre-generated
by various LLMs. In this context, the mixture of these LLMs
serves as the proposal distribution. The instruct setup applies
the off-the-shelf instruction-tuned Llama-3.1-8B-Instruct
model model to generate multiple responses, in this case,
the Llama-3.1-8B-Instruct model serves as the proposal dis-
tribution.

Evaluations. To evaluate the performance of the models
after alignment, we use two popular open-ended instruction-
following benchmarks: AlpacaEval 2 (Dubois et al. 2024)
and Arena-Hard (Li et al. 2024). These benchmarks assess
the model’s versatile conversational capabilities across a wide
range of queries and have been widely adopted by the com-
munity. We use win-rate as the evaluation metric. Let N¢apq,
Npase, and Ni;e be the number of candidate’s wins, base-
line’s wins, and ties, respectively. We compute the adjusted

win-rate as
Ncand + Ntie/2

Ncand + Nbase + Ntie '

All the win-rate-based evaluations are done using Mistral-
Large-Instruct-2407 as the judge model.

Winrate :=

Training. All jobs are trained using full-parameter tuning.
We set the effective batch size to 128 and the number of



training epochs to 2. Hyperparameter optimization is done
using 7 different learning rates. All results are reported as the
average of the final checkpoints across 3 random seeds, along
with the standard deviation, which can effectively reduce
numerical randomness (Miller 2024). Finally, each training
job is done on a node of 8-:A100 GPUs and a cluster of
multiple AWS p4d nodes is used to complete all experiments.

6.2 Main Results: Comparison with SOTA PO
Algorithms

We compare MC-PO with several existing offline PO al-
gorithms. These baselines belong to either contrastive or
classification-based categories described in Section 2.1. The
contrastive ones are DPO (Rafailov et al. 2024), RPO (Liu
et al. 2024b), EXO (Ji et al. 2024), SimPO (Meng, Xia, and
Chen 2024), and CPO (Xu et al. 2024), and the classification-
based ones are BCO (Jung et al. 2024), KTO (Ethayarajh
et al. 2024), APO (D’Oosterlinck et al. 2024), SPPO (Wu
et al. 2024), and NCA (Chen et al. 2024a).

The main results are summarized in Table 1. MC-PO out-
performs existing baselines in five out of six studies. No-
tably, in the base setup with Mistral-7B-SFT, MC-PO per-
forms better than DPO by 4.5% and 9% in Alpaca-Eval and
Arena-Hard, respectively. Using Llama-3.1-8B-SFT, MC-PO
achieves win-rates 35.84% and 63.77% in Alpaca-Eval and
Arena-Hard, outperforming all baselines. In the instruct setup,
MC-PO outperforms almost all baselines (performs similarly
to CPO), but the margin is not as significant as observed
in the base setup experiments. This could be related to the
low diversity of the candidates in this setup, as they are all
sampled from Llama-3.1-8B-Instruct.

6.3 Analysis of Sampling Strategies in MC-PO

We also study how varying the sampling strategy in MC-PO
impacts the performance, as it changes the quality of the
preference dataset used by the algorithm. We develop Max
and Min samplings as variants of MC-PO based on the ker-
nel defined in Algorithm 1. Here, the Max (Min) sampling
variant outputs the candidate with the maximum (minimum)
weight, where the weight for each candidate ¢ is calculated
exp (Te(x,yi))
3o exp (T's (%,¥5)
ence datasets with varying candidate qualities. For instance,
based on the Nectar dataset, we progressively remove highly
ranked responses for each input prompt. The first dataset
excludes the rank-2 response, while the second one excludes
both the rank-2 and rank-3 responses, resulting in lower can-
didate quality. The results are summarized in Figure 2, from
which we observe the following insights:

(1) Sampling from the MC kernel yields the best per-
formance. MC-PO achieves a balance between exploitation
(sampling according to the categorical distribution) and explo-
ration (retaining probabilities for choosing alternative candi-
dates). This approach accurately estimates the gradient of the
log-normalization constant, which in turn leads to improved
performance.

(2) Min-based variant leads to low performance and
high variance. In the NLL estimation view of PO, the

as w; = ) . Moreover, we construct prefer-
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Figure 2: Win-rate evaluation of the optimized Llama-3.1-8B-
SFT model using MC-PO, versus its Max and Min variants.
We use five modified Nectar datasets for training. By x-negs,
we mean that the training dataset contains = negative candi-
dates for each input prompt. For example, the 3-negs training
dataset is constructed by removing rank-2 and rank-3 re-
sponses from Nectar.

rejected samples are to estimate the gradient of the log-
normalization constant. While CD suggests that hard neg-
atives yield more accurate gradient estimates, it considers the
Min sampling variant as the worst sampling strategy. Accord-
ing to CD, Min sampling leads to inaccurate gradient esti-
mates, resulting in lower model performance and increased
variance.

(3) MC-PO’s performance is correlated with the quality
of candidates. When the preference dataset includes five
high-quality candidates for each input prompt (referred to
as 5-negs), both MC-PO and Max sampling strategies yield
the best performance. However, as high-quality responses are
eliminated from the candidate set, the performances of the
models optimized with MC-PO and its Max variant decline
due to the reduced quality of candidates. In the extreme case,
when there is only one candidate per prompt (referred to as
1-neg), all three sampling strategies become equivalent.

6.4 Data and Ablation Analysis of MC-PO

MC-PO is robust against noisy samples. We demonstrate
that MC-PO maintains high model performance even when
noisy samples are included in the candidate set. Note that it
has been shown that when the edit distance between pairs
of responses is low, running DPO leads to a reduction in the
model’s likelihood for chosen responses (Pal et al. 2024).
We consider the processed Nectar dataset and inject noise



Model Mistral-7B-SFT Llama-3.1-8B-SFT Llama-3.1-8B-Instruct

Train dataset Nectar Nectar Ultrafeedback (prompt only)
Evaluation Alpaca Arena Alpaca Arena Alpaca Arena

DPO 25.07(£6.81) 42.01(£11.88) | 33.74(£2.51) 60.25(£2.12) | 64.22(+1.01) 75.88(%0.79)
RPO 15.31(£0.62)  39.18(£0.49) | 32.50(%0.75) 59.20(£0.82) | 51.27(£0.50) 64.74(£0.12)
EXO 21.77(£4.09)  30.63(£3.55) | 26.48(%3.31) 52.89(£5.03) | 64.75(£1.72) 74.93(£0.81)
SimPO 18.62(4+2.64)  48.26(£3.90) | 33.71(£1.41) 60.69(£1.01) | 54.28(+1.48) 73.36(%1.38)
CPO 24.27(£0.39)  49.66(£0.34) | 29.10(£1.01) 55.25(£0.60) | 65.28(%+0.54) 77.92(£1.78)
BCO 23.04(£0.19)  46.68(£1.62) | 24.96(£1.28) 58.16(£1.76) | 61.17(+£1.27) 73.45(%+0.54)
KTO 22.98(£0.23)  45.77(£1.85) | 24.50(%£1.35) 53.40(x£0.75) | 60.35(£0.67) 71.19(£0.49)
APO 15.79(£0.78)  35.94(£0.26) | 21.13(£0.40) 53.25(£0.82) | 57.54(£0.97) 70.70(£0.25)
SPPO 12.68(£0.27)  30.87(£0.67) | 20.26(£0.34) 53.52(£0.56) | 56.39(£0.58) 71.73(£0.62)
NCA 17.30(£0.37)  39.88(£0.80) | 20.46(%0.36) 53.36(£1.25) | 58.04(£0.42) 72.40(£0.23)
MC-PO 30.86(£0.91) 52.75(£2.00) | 35.84(+0.31) 63.77(£0.81) | 66.90(+£0.74) 76.71(£0.24)

Table 1: Performance evaluation of the aligned models. Results are reported as win-rate against GPT-4. Each experiment is
conducted using three random seeds. We report the mean and standard deviation of win-rate for AlpacaEval 2 (Dubois et al.
2024) and Arena-Hard (Li et al. 2024). The Mistral-7B-SFT and Llama-3.1-8B-SFT models are trained using the Nectar dataset
(in the Base setup). Llama-3.1-8B-Instruct is trained using prompts from UltraFeedback and self-generated responses (in the

Instruct setup). The highest score for each task is boldfaced.

into the candidate set by randomly switching two tokens of
the chosen response for each input prompt. As shown in Ta-
ble 2, training with DPO(—) that selects the noisy sample
as the rejected response leads to a degenerated model. DPO,
which randomly selects a dispreferred response, is also im-
pacted by the noise injection, but much less. MC-PO that
samples a rejected response based on the log-probabilities of
all candidates chooses semantically hard negatives instead of
syntactically similar negatives with small edit distances, and
achieves the best performance.

MC-PO benefits from sampling more negatives. In Ta-
ble 3, we examine the performance of MC-PO and random
sampling when the number of rejected samples is greater
than 1. It is evident that random sampling does not achieve
notable improvements when having more rejected samples.
Conversely, the performance of MC-PO, which utilizes an
MC kernel for sampling, is consistently improved as we in-
crease the number of rejected samples.

MC-PO vs. augmented training dataset. As described
earlier, MC-PO uses a preference dataset in which each
prompt is paired with a chosen response and multiple re-
jected responses. An alternative way of using such data is to
augment the DPO dataset by pairing the chosen response with
each rejected response. E.g., in the processed Nectar dataset,
where each prompt contains 5 candidate responses, this pro-
cess increases the size of the training set by 4-fold. We trained
Llama-3.1-8B-SFT with DPO and this augmented dataset,
and achieved win-rates of 34.18(+1.26) and 59.62(+1.04)
on Alpaca and Arena. Note that training the same model
with MC-PO and its original dataset, we obtained win-rates
of 35.84(+0.31) and 63.77(£0.81) on Alpaca and Arena,
as reported in Table 1. Comparing these results, we notice
that despite 4X increase in training time, the performance of
DPO with the augmented training set is still inferior to that
of MC-PO.
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Model Llama-3.1-8B
Evaluation Alpaca Arena
DPO(—) 1.08(£0.6) 3.17(£0.9)
DPO 23.62(£2.81) 50.51(%5.59)
MC-PO 28.98(+1.34) 58.09(£2.63)

Table 2: Evaluation of models trained with DPO and MC-PO
when noise samples are included in the rejected responses set.

Nectar / Llama-3.1-8B-SFT

Alpaca M=1 M =2 M=3
Random | 33.74(2.51) 33.73(0.49) 34.36(0.56)
MC-PO | 35.84(0.31) 36.73(0.59) 37.40(0.13)
Arena M=1 M=2 M =3
Random | 60.25(2.12) 61.53(0.29) 61.16(0.69)
MC-PO | 63.77(0.81) 64.53(0.60) 66.16(0.13)

Table 3: Comparison of random sampling and MC-PO with
multiple rejected responses.

7 Conclusion, Limitations and Future Work

In this paper, we frame the alignment problem as a NLL
estimation task and introduces sampling-based methods to
solve PO. By establishing a connection between PO and NLL
estimation, we provide theoretical justification for sampling
rejected responses in PO and open the door to the develop-
ment of more sophisticated sampling algorithms for improved
performance. In practical scenarios, input prompts are often
associated with multiple responses, for instance, rule-based
reward functions can generate several chosen and rejected
answers. The proposed MC-PO approach offers a principled
way to sample from rejected responses, rather than indiscrim-
inately using all available responses. As future research, we
aim to showcase the benefits of utilizing a multi-step MCMC
based PO solutions and will develop more efficient training
algorithms to speed up these algorithms.
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