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Abstract

Bootstrapping large language models (LLMs) via preference-
based policy optimization enables aligning model behavior
with human preferences while reducing reliance on extensive
manual annotations. We propose a novel preference-based
policy optimization (PbPO) framework that formulates learn-
ing as a min-max game between the LLM policy and a re-
ward model (RM). The RM is constrained within a confi-
dence set derived from collected preferences to ensure reli-
able exploitation, while simultaneously promoting robust ex-
ploration. Our iterative online algorithm actively collects new
preference data from the evolving policy, enabling continual
self-improvement of both the policy and the RM. We provide
theoretical guarantees, establishing high-probability regret
bounds for both sequence-level and token-level RMs. Exten-
sive experiments across five benchmark datasets demonstrate
that PbPO consistently outperforms state-of-the-art prefer-
ence optimization methods.

Extended version — https://arxiv.org/abs/2511.12867

Introduction
Reinforcement Learning from Human Feedback (RLHF)
(Christiano et al. 2017; Ziegler et al. 2019; Zhan et al.
2024a,b) has become a key paradigm for aligning machine
learning models with human preferences (Stiennon et al.
2020; Ouyang et al. 2022; Rame et al. 2024; Rafailov et al.
2024), particularly for Large Language Models (LLMs)
(Brown et al. 2020; Touvron et al. 2023; Achiam et al. 2023).
By leveraging human annotations, RLHF trains a reward
model (RM) that guides the policy to generate outputs that
are helpful, truthful, and harmless (Ouyang et al. 2022; Bai
et al. 2022; Casper et al. 2023).

Existing RLHF methods primarily rely on fixed pref-
erence datasets, separating preference data collection and
RM pretraining (Ziegler et al. 2019; Stiennon et al. 2020;
Ouyang et al. 2022). Collecting large-scale, high-quality
preference data is costly, often requiring human annotators
(Bai et al. 2022) or LLMs (Cui et al. 2024). Moreover, re-
ward misspecification and misgeneralization (Hong, Bhatia,
and Dragan 2023; Gao, Schulman, and Hilton 2023) can lead
to suboptimal policy updates.

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: PbPO framework for bootstrapping LLMs. At
each episode k ∈ 1, 2, . . . ,K: (I) Reward-agnostic explo-
ration: collect new preference data using the current ref-
erence policy πk

ref and an exploration-enhancing policy π̂k.
(II) Reward-aware exploration & exploitation: update the
main LLM policy πk via a min-max objective using the re-
ward model trained on collected preferences.

We adopt a bootstrapping approach in which LLMs itera-
tively improve themselves. Following online iterative RLHF,
responses are sampled from the current LLM policy, feed-
back is collected to generate new preference data, and the
RM is updated accordingly. Recent efforts (Zhan et al.
2024b; Xiong et al. 2024; Ye et al. 2024; Das et al. 2025)
enhance this loop by incorporating reward-agnostic explo-
ration strategies that maintain uncertainty of preference data
collection, thereby improving data diversity to cover the
whole preference data space. But standard online RLHF
frameworks often optimize the RM solely for observed pref-
erences, risking overfitting and premature convergence.

To address this, we propose preference-based policy op-
timization (PbPO), a unified framework integrating reward-
agnostic and reward-aware exploration. PbPO formulates a
min-max game between the LLM policy and the RM. The
RM is constrained within a confidence set derived from col-
lected preferences to ensure reliable exploitation, while be-
ing optimized to minimize the performance gap with a ref-
erence policy, thereby promoting robust exploration. Itera-
tively collecting new preference data from the evolving pol-
icy enables effective bootstrapping of LLM alignment (Fig-
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ure 1).
We provide theoretical guarantees for PbPO, establish-

ing nearly optimal regret bounds for both sequence-level
(Ouyang et al. 2022; Baheti et al. 2024; Xiong et al. 2024)
and token-level RMs (Zeng et al. 2024; Cen et al. 2025;
Zhong et al. 2025), as illustrated in Table 1. Extensive ex-
periments on five benchmark datasets show that PbPO con-
sistently outperforms existing state-of-the-art methods.

Our main contributions are summarized as follows:
1. We introduce PbPO, a unified framework combining

reward-agnostic and reward-aware exploration within
online RLHF.

2. We provide theoretical guarantees for iterative LLM self-
improvement under PbPO, covering both sequence-level
and token-level RMs.

3. We empirically validate PbPO on five benchmark
datasets, achieving state-of-the-art performance.

Problem Formulation
We consider language modeling as a sequence-to-sequence
decision-making task, where an input prompt x is first sam-
pled, followed by generation of an output sequence y =
{y1, . . . , yH}. We formulate this process as an episodic
finite-horizon Markov Decision Process (MDP), denoted by
M = (S,A, r⋆, µ,H), where S = {{sh}1≤h≤H} de-
notes the state space consisting of the initial prompt state
{s1 = x} and output prefixes {{sh = (x, y≤h−1)}2≤h≤H},
A = {{ah}1≤h≤H} denotes the action space corresponding
to predicted tokens ah = yh, µ ∈ ∆S is the initial state dis-
tribution, and r⋆ : τ 7→ r⋆(τ) ∈ R denotes the ground-truth
reward model for a trajectory τ = (s1, a1, . . . , sH , aH) ∈
(S × A)H . Note that r⋆ is defined as a trajectory-wise re-
ward, which is more general than the sequence-level and
token-level rewards commonly used in RLHF. These com-
monly used rewards can be viewed as special cases and
will be discussed in the following sections. Under our gen-
eral MDP formulation, each of these cases corresponds to
a specific sub-problem induced by a particular MDP struc-
ture. Additionally, we assume a deterministic state-transition
function in sequence generation, where each action deter-
ministically advances the state.

We focus on optimizing a LLM policy for predicting
the next action at a state sh with a probability distribution
π(· | sh) ∈ ∆A. Starting from an initial state s1 = x ∼ µ, a
trajectory τ = (s1, a1, . . . , sH , aH) is generated with the
probability distribution Pπ(τ) = µ(x) ·

(∏H−1
h=1 π(ah |

sh)) · π(aH | sH). Given a LLM policy π, we define its
performance as the expected cumulative reward over the
episode as J(π, r) := Eτ∼π [r(τ)], where Eτ∼π[·] denotes
the expectation w.r.t. τ drawn from the probabiliy distribu-
tion Pπ(τ).
Optimization objective. We consider an episodic learning
objective, where the learning algorithm aims to minimize
the following cumulative regret over K episodes:

Regret(K) :=
K∑

k=1

(
J(π⋆, r⋆)− J(πk, r⋆)

)
, (1)

Regret(K) Sequence-level RM Token-level RM
Upper Bound Õ(κd

√
K) Õ(κdH3/2

√
K)

Lower Bound Ω
(
d
√
K
)

Ω
(
dH
√
K
)

Table 1: Regret analysis. Upper bounds relative to the PbPO
algorithm and information-theoretic lower bounds. Param-
eters: d = feature dimension, H = sequence horizon, K =
number of learning episodes, and κ is a coefficient satisfy-
ing suprmin≤x≤rmax

|1/σ′(x)| ≤ κ.

where the optimal LLM policy is defined as π⋆ =
argmaxπ∈Π J(π, r⋆).
Preference optimization. Standard preference alignment
approaches for LLMs (Ouyang et al. 2022; Zhu, Jordan,
and Jiao 2023) assume ground-truth RM r⋆, such that the
trajectory-based preference probability over a binary feed-
back o ∈ {0, 1} for a trajectory pair in precollected prefer-
ence dataset (τ0, τ1) ∈ Dpref is formulated by:

Pr⋆(τ
0 ≻ τ1) =Pr⋆(o = 1 | τ0, τ1)

=σ
(
r⋆(τ0)− r⋆(τ1)

)
,

(2)

where σ(x) = 1/(1+exp(−x)) leads to the Bradley-Terry-
Luce (BTL) model (Christiano et al. 2017).

Classical preference optimization estimate the RM r ∈ Gr
from precollected preference data to approximate r⋆. Our
analysis will follow the assumption that the reward differ-
ence are bounded in the interval [rmin, rmax] in R and lever-
age the quantity suprmin≤x≤rmax

|1/σ′(x)| ≤ κ with some
constant κ ≥ 0.

Most previous work on preference optimization for LLMs
focuses on the offline setting, where preference data are
drawn from a fixed, predetermined distribution (Ziegler et al.
2019; Stiennon et al. 2020; Ouyang et al. 2022; Bai et al.
2022). We extend this approach iteratively by updating the
reference policy at each episode to be the policy optimized
in the previous step, generating preference samples from this
evolving policy while incorporating exploration strategies.
Notations. We use Eτ0∼π0,τ1∼π1

[·] to denote the expec-
tation w.r.t. first drawing a prompt x ∼ µ, then draws
τ0 ∼ Pπ0(· | x) and τ1 ∼ Pπ1(· | x). We use ∥z∥Σ to denote
the induced norm

√
z⊤Σz for some positive-definite matrix

Σ. We write Õ(·) to omit logarithmic factors and constants
in regret bound.

Preference-Based Policy Optimization
We illustrate the theoretical framework of preference-based
policy optimization (PbPO) using a sequence-level reward
model and a token-level reward model, respectively.

PbPO with Sequence-Level Reward Model
In this subsection, we follow Ouyang et al. (2022); Rafailov
et al. (2024); Xiong et al. (2024) and compute the sequence-
level reward based on the entire response sequence y given
an input x. This formulation streamlines the reward model
by providing a holistic assessment of the response quality.
Note that under the assumption of a sequence-level RM, the
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Algorithm 1: PbPO (Theoretical Version)

1: Input: Initial preference set Dpref
0 = ∅, LLM policy class Π, initial LLM policy π0 (SFT pretrained), input distribution µ

2: for episodes k = 1 to K do
3: Set the reference policy as the optimized policy in the previous episode: πk

ref ← πk−1

4: Step 1: Reward-agnostic exploration:
5: Choose an enhancer policy π̂k by maximizing the uncertainty measurement:

6: π̂k = argmaxπ∈Π

∥∥∥Eτ0∼π,τ1∼πk
ref
[ϕ(τ0)− ϕ(τ1)]

∥∥∥2
Σ̂−1

k

7: s.t., Σ̂k = λI +
∑k−1

s=1 (ϕ(τ
0
s )− ϕ(τ1s ))(ϕ(τ

0
s )− ϕ(τ1s ))

⊤

8: Sample an input: x ∼ µ, trajectories: τ0k ∼ π̂k, τ1k ∼ πk
ref

9: Observe preference label: ok ∼ Pr⋆(· | τ0k , τ1k ) with an oracle r⋆

10: Add to the preference dataset: Dpref
k ← Dpref

k−1 ∪ {(ok; τ0k , τ1k )}
11: Step 2: Reward-aware exploration & exploitation:
12: Compute the best policy with a constrained min-max optimization problem:
13: πk = argmaxπ∈Π minr∈R(Dpref

k ) J(π, r)− J(πk
ref , r)

14: s.t.,R(Dpref
k ) =

{
r ∈ Gr :

∑k
s=1 logPr(os | τ0s , τ1s ) ≥ maxr′∈Gr

∑k
s=1 logPr′(os | τ0s , τ1s )− ζk

}
15: end for
16: Output: Optimized policy sequence {πk}Kk=1

MDP problem we previously formulated degenerates into a
sentence-wise bandit problem (Zhong et al. 2025). Given
a ground-truth sequence-level RM r⋆, the trajectory-based
preference probability over a binary feedback o ∈ {0, 1} for
a trajectory pair (τ0, τ1) is formulated by:

Pr⋆(o = 1 | τ0, τ1) = σ
(
r⋆(x, y0)− r⋆(x, y1)

)
.

We focus on linear approximation for the sequence-level
RM and define the function class using the following as-
sumption:
Assumption 1 (Linearity & boundedness of seq-level
RM). We assume the RM is linearly parameterized as
rθ(x, y) = ⟨θ, ϕ(x, y)⟩, where ϕ : τ 7→ ϕ(x, y) ∈ Rd

is a fixed sequence-level feature extractor. For regulariza-
tion, the features and parameters are bounded such that
sup(x,y) ∥ϕ(x, y)∥2 ≤ 1 and ∥θ∥2 ≤ B for some B > 0.

We consider a function approximation approach for esti-
mating the ground-truth RM r⋆. Specifically, we introduce a
linear function class Gseqr to approximate r⋆:

Gseqr :=
{
r(x, y) = θ⊤ϕ(x, y) :

∥θ∥2 ≤ B, ∥ϕ(x, y)∥2 ≤ 1
}
.

(3)

We assume that the RM class satisfies realizability:
Assumption 2 (Realizability of sequence-level RM). We as-
sume the reward class is realizable, i.e., the ground-truth
sequence-level RM lies in the function class: r⋆ ∈ Gseqr , i.e.,
it satisfies that r⋆(x, y) = ⟨θ⋆, ϕ(x, y)⟩ for some ∥θ⋆∥ ≤ B.

Algorithm We introduce the PbPO algorithm in Algo-
rithm 1. During training episodes k ∈ {1, 2, . . . ,K}, pref-
erence feedback can be adaptively collected. This enables
the LLM policy to continuously refine itself based on up-
to-date information, thereby achieving bootstrapping perfor-
mance. At each episode, the reference policy πk

ref is defined

as the optimized policy from the previous round, then the
algorithm mainly consists of two steps as follows.

Step 1: Reward-agnostic exploration by collecting trajec-
tories with an enhancer policy (Lines 4–10). To learn the
ground-truth RM, we collect exploratory trajectories that
cover the space spanned by ϕ(·) before collecting any human
feedback. To achieve this we identify a set of explorative
enhancer policy that are not covered by existing preference
data from the previous episodes. We measure the extent to
which the trajectory generated by (π̂k, πk

ref) can be covered
by computing the norm of Eτ0∼π̂k,τ1∼πk

ref
[ϕ(τ0)−ϕ(τ1)] on

the metric induced by the inverse empirical covariance ma-
trix Σ̂k at the k-th episode. This strategy encourages query-
ing trajectory pairs (τ0k , τ

1
k ) that highlight uncertain regions

of the RM. The obtained preference-labeled pair (ok; τ0k , τ
1
k )

is then added to the cumulative dataset Dpref
k . The process

can be viewed as reward-agnostic exploration.
Step 2: Reward-aware exploration and exploitation by

solving a min–max optimization problem (Lines 11–14).
Given the collected preference dataset Dpref

k , the objective
presented in Lines 13–14 constitutes a min-max optimiza-
tion problem between the policy and an uncertain RM. The
outer objective is to optimize a target LLM policy πk by
maximizing its performance gap with a reference policy πref

k

(= πk−1), while the inner minimization identifies the least
favorable reward model r ∈ R(Dpref

k ) that minimizes the
performance gap. This ensures conservative yet guaranteed
improvement relative to the reference policy, while account-
ing for the inherent uncertainty of the reward inference pro-
cess. Specifically, the reward confidence setR(Dpref

k ) ⊆ Gr
(defined in Line 14) is constructed via the maximum likeli-
hood estimation (MLE) on the preference datasetDpref

k with
ζk ≥ 0 being a slack parameter controlling the confidence
radius, thereby encouraging reward-aware exploration for
a distributionally robust formulation. Since the RM can be
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constrained near the best empirical RM, the optimization of
policy gains exploitation from the previous preference data.

Learning Guarantee We provide a theoretical guarantee
for Algorithm 1 by establishing a cumulative regret bound
of Eq. (1).

Theorem 1 (Regret bound with sequence-level RM). For
any δ ∈ (0, 1], let ζk = O(d log(Bk/δ)) for any
k ∈ {1, 2, . . . ,K} with a maximum episode number
of K, then under Assumptions 1 & 2, setting γ =√

log (1 + 4K/(c2d2 log(K/δ))) we have with probability
at least 1− 3δ:

Regret(K) ≤ c1γBκd
√
K log(BK/δ), (4)

where c1, c2 > 0 denote some universal constants.

Remark 1. Theorem 1 establishes that Algorithm 1 achieves
a regret bound of order Õ(κd

√
K) with high probability,

where K is the number of episodes and d is the feature di-
mension. If neglecting κ, this result is analogous to the re-
gret bounds in standard linear bandit settings, such as those
achieved by the LinUCB algorithm for exploration (Dani,
Hayes, and Kakade 2008).

Corollary 1 (Sample complexity with sequence-level RM).
Under the conditions of Theorem 1, if the number of pref-
erence samples satisfies K ≥ Õ

(
κ2d2/ϵ2

)
, then Algo-

rithm 1 achieves ϵ-approximate convergence with high prob-
ability; that is, there exists some k0 ∈ {1, 2, . . . ,K} such
that J(π⋆, r⋆)−J(πk0 , r⋆) ≤ ϵ with high probability. Since
the algorithm generates exactly one preference sample per
episode, the sample complexity is equivalent to the number
of episodes K.

To show that the regret bound is nearly optimal, we use
the follow information-theoretic lower bound.

Theorem 2 (Regret lower bound with sequence-level RM).
Under Assumptions 1 & 2, there exists a reward model r⋆ ∈
Gseqr such that for any algorithm, the expected pseudo-regret
over K ≥ Ω(d2/B2) episodes is lower bounded as:

Eθ⋆ [Regret(K)] ≥ Ω
(
d
√
K
)
. (5)

PbPO with Token-Level Reward Model
In this subsection, we focus on token-level RM, as discussed
in recent RLHF advances based on token-level MDPs (Zeng
et al. 2024; Cen et al. 2025; Zhong et al. 2025).

Given the ground-truth token-level RM r⋆ = {r⋆h}Hh=1,
the trajectory-based preference probability for trajectory
pairs τ0 = {s1, a01, s02, a02, . . . , s0H , a0H} and τ1 =
{s1, a11, s12, a12, . . . , s1H , a1H} over a binary feedback o ∈
{0, 1} is represented as:

Pr⋆(o = 1|τ0, τ1) = σ

(
H∑

h=1

r⋆h(s
0
h, a

0
h)−

H∑
h=1

r⋆h(s
1
h, a

1
h)

)
.

We focus on linear approximation for the token-level RM
with the following assumption:

Assumption 3 (Linearity & boundedness of token-level
RM). We assume that the token-level RM is parameterized
by θ = (θ1, θ2, . . . , θH) ∈ RdH and defined as rθ : τ 7→∑H

h=1 θ
⊤
h ϕ(sh, ah) ∈ R, where H denotes the sequence

length. For each h ∈ [H], we assume the RM is repre-
sented as rθh(sh, ah) = ⟨θh, ϕ(sh, ah)⟩. For regulariza-
tion, the step-wise parameters θh ∈ Rd are bounded as
∥θh∥2 ≤ B, and the features satisfy ϕ(sh, ah) ∈ Rd with
supsh,ah

∥ϕ(sh, ah)∥2 ≤ 1.
We consider a function approximation approach for esti-

mating the ground-truth RM r⋆ = {r⋆h}Hh=1. Specifically, we
introduce a linear function class Gtokr to approximate r⋆:

Gtokr :=
{
{rh}Hh=1

∣∣ rh(s, a) = θ⊤h ϕ(s, a) :

∥θh∥2 ≤ B, ∥ϕ(s, a)∥2 ≤ 1
}
.

(6)

We define the realizability of RM with the following as-
sumption:
Assumption 4 (Realizability of token-level RM). We as-
sume the reward class is realizable, i.e., the ground-truth
RM lies in the function class: r⋆ ∈ Gtokr , i.e., for each
h ∈ [H], it satisfies that r⋆h(sh, ah) = ⟨θ⋆h, ϕ(sh, ah)⟩ for
some ∥θ⋆h∥ ≤ B.

Algorithm The theoretical learning procedure is summa-
rized in Algorithm 1, which follows the same structure as the
sequence-level RM setting, with the only differences being
the definition of the reward model and the feature projection:
ϕ(τ) = [ϕ(s1, a1), ϕ(s2, a2), . . . , ϕ(sH , aH)].

Learning Guarantee We present the regret bound and
sample complexity of PbPO under the token-level RM set-
ting as follows.
Theorem 3 (Regret bound with token-level RM). For
any δ ∈ (0, 1], let ζk = O(dH log(Bk

√
H/δ)) for

any k ∈ {1, 2, . . . ,K} with a maximum episode num-
ber of K, then under Assumptions 3 & 4, setting γ =√
log (1 + 4K/(c2Hd2 log(K/δ))), we have with probabil-

ity at least 1− 3δ:

Regret(K) ≤ c1γBκdH3/2
√
K log(B

√
HK/δ), (7)

where c1, c2 > 0 denote some universal constants.
Remark 2. Theorem 3 establishes a high probabiliy regret
bound of order Õ(κdH3/2

√
K) for PbPO with token-level

reward model.
Based on the upper bound of regret, we can derive the

following corollary on the sample complexity for the PbPO
algorithm with token-level RM:
Corollary 2 (Sample complexity with token-level RM).
To achieve an ϵ-approximate convergence, i.e., there ex-
ists some k0 ∈ {1, 2, . . . ,K} such that J(π⋆, r⋆) −
J(πk0 , r⋆) ≤ ϵ, it suffices to collect K = Õ

(
κ2d2H3/ϵ2

)
preference samples. Since our algorithm generates exactly
one trajectory-based preference feedback per episode, the
total number of episodes K coincides with the sample com-
plexity.
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Algorithm 2: PbPO (Practical Version)

1: Input: Input dataset Din, number of episodes K, batch
size B, outer step size Tout, inner step size Tin. Initialize
Σ̂0 = λI , Dpref

0 = ∅, π0 = πSFT

2: for episodes k = 1 to ⌊K/B⌋ do
3: Set the reference policy as the optimized policy in the

previous episode: πk
ref ← πk−1

4: Step 1: Reward-agnostic exploration:
5: Update Σ̂k ← Σ̂k−1 +

∑B
j=1(ϕ(τ

0
k−1,j) −

ϕ(τ1k−1,j))(ϕ(τ
0
k−1,j)− ϕ(τ1k−1,j))

⊤

6: Maximize enhancer policy:

7: π̂k ← argmax
π∈Π

∥∥∥Eτ0∼π,τ1∼πk
ref
[ϕ(τ0)− ϕ(τ1)]

∥∥∥2
Σ̂−1

k

8: for j = 1 to B do
9: Sample input xj ∈ Din, trajectories τ0k,j ∼ π̂k,

τ1k,j ∼ πk
ref , observe preference label ok,j ∼

Pr⋆(· | τ0k,j , τ1k,j)
10: Add Dpref

k ← Dpref
k−1 ∪ {(ok,j ; τ0k,j , τ1k,j)}

11: end for
12: Step 2: Reward-aware exploration & exploitation:
13: for outer steps t = 1 to Tout do
14: πk ← SGA

(
J(πk, r̂)

)
▷ Eq. (9)

15: for inner steps t′ = 1 to Tin do
16: r̂ ← SGD

(
J(π, r̂) − J(πk

ref , r̂) −

β
∑|Dpref

k |
n=1 logPr̂(on | τ0n, τ1n)

)
▷ Eq. (10)

17: end for
18: end for
19: end for
20: Output: Optimized policy sequence {πk}Kk=1

Theorem 4 (Regret lower bound with token-level RM). Un-
der Assumptions 3 & 4, there exists a reward model r⋆ ∈
Gtokr such that for any algorithm, the expected pseudo-regret
over K ≥ Ω(d2/B2) episodes is lower bounded as follows:

Eθ⋆ [Regret(K)] ≥ Ω
(
dH
√
K
)
. (8)

This theorem demonstrates that our regret bound is nearly
optimal, with only a small gap of Õ(κ

√
H).

Approximate Policy Optimization for PbPO
In this section, we describe how to implement the theoretical
PbPO algorithms in practice.

Stackelberg Game Formulation of the Min-Max Objec-
tive The original objective in Algorithm 1 (Lines 13–14)
defines a constrained min-max optimization problem over
the LLM policy and the RM. However, solving this prob-
lem is generally intractable when employing flexible func-
tion approximators such as neural networks. To address this
issue, we reformulate the objective as a two-player Stackel-
berg game (Von Stackelberg 2010) between the LLM policy
(leader) and the RM (follower).

To circumvent the difficulty of directly optimizing under
the RM’s confidence-set constraint, we apply a Lagrangian

relaxation. Specifically, we introduce a Lagrange multiplier
β ≥ 0 and convert the constrained min-max problem into an
unconstrained bi-level optimization problem:

π̂ ∈ argmax
π∈Π

J(π, rπ)− J(πref , r
π), (9)

such that

rπ ∈ argmin
r∈Gr

{
J(π, r)− J(πref , r)

− β

|Dpref |∑
n=1

logPr(on | τ0n, τ1n)
}
.

(10)

Here, the RM r is optimized to maximize the likelihood
of the observed preferences via maximum likelihood esti-
mation (MLE) based on the preference dataset. This dataset,
denoted by Dpref

k , is iteratively updated at each online train-
ing episode k ∈ {1, 2, . . . ,K} in Algorithm 1.

Gradient-based Policy Optimization Following the two-
player game formulation, we adopt a gradient-based ad-
versarial training procedure for policy optimization, as il-
lustrated in Algorithm 2. At the beginning of each online
episode k, after optimizing the enhancer policy, input sam-
ples are sampled from the input dataset. Preference data
are collected by sampling trajectories from both the the en-
hancer policy and the reference policy, which are then ag-
gregated with previous preference data (Lines 8–11).

The two-player game is solved via gradient-based adver-
sarial training for policy optimization (Lines 13–18). Specif-
ically, the main LLM policy is updated via stochastic gradi-
ent ascent (SGA) to maximize the objective in Eq. (9) (Line
14), while the reward model (RM) is updated via stochas-
tic gradient descent (SGD) to minimize the objective in Eq.
(10) (Line 16).

Experiments
We evaluate the PbPO approach on five benchmarks.

Experimental Setup
Benchmarks. We evaluate on a suite of benchmarks in-
cluding the complex reasoning dataset BBH (Suzgun et al.
2023), knowledge-based benchmarks AGIEval (Zhong et al.
2024), ARC-C (Clark et al. 2018), and MMLU (Hendrycks
et al. 2021), as well as the math reasoning benchmark
GSM8K (Cobbe et al. 2021). All reported accuracy results
are averaged over three random seeds {10, 20, 30} using
zero-shot decoding.
Preference data collection. In each online learning episode,
we randomly sample a batch of prompts from the training
set to generate preference pairs using outputs from the ref-
erence policy and the enhancer policy. The corresponding
preference labels are derived from GPT-4 feedback. To con-
struct the offline preference dataset, we utilize models from
the LLaMA2 (Touvron et al. 2023) and Qwen2 (Yang et al.
2024) families, including LLaMA2-7B/13B/70B-Chat and
Qwen2-1.5B/7B/72B to generate candidate response pairs.
Hyperparameters. For both the initial policy and the en-
hancer policy, we employ a pretrained LLaMA2-7B (Tou-
vron et al. 2023) or Qwen2-7B (Yang et al. 2024) model,
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Method LLaMA2-7B Qwen2-7B
BBH AGIEval ARC-C MMLU GSM8K Avg. BBH AGIEval ARC-C MMLU GSM8K Avg.

SFT 43.6±.3 34.3±.3 66.7±.5 48.3±.4 49.3±.2 48.4 61.4±.2 50.0±.2 61.5±.4 69.5±.3 75.5±.3 63.6
DPO 45.2±.4 35.3±.3 67.6±.5 49.5±.4 51.0±.4 49.7 65.3±.3 52.7±.4 63.2±.5 70.5±.3 77.8±.3 65.9
PPO 44.7±.5 33.7±.2 68.0±.4 50.2±.4 49.5±.2 49.2 64.7±.5 54.9±.4 65.3±.3 72.7±.3 78.2±.5 67.2
Online DPO (300 eps) 45.6±.5 35.6±.3 68.7±.4 52.3±.4 51.7±.4 50.8 65.6±.3 55.7±.2 68.2±.5 70.2±.4 76.5±.4 67.2
Online PPO (300 eps) 46.2±.5 35.5±.4 66.7±.6 50.0±.7 51.0±.6 49.9 66.2±.6 54.2±.4 65.2±.6 73.2±.3 79.2±.6 67.6
Best-of-N Distill (300 eps) 46.8±.3 33.8±.4 67.5±.3 49.2±.2 50.7±.4 49.6 68.2±.4 53.2±.5 65.4±.3 72.7±.2 78.2±.4 67.5
PbPO w/ seq RM (100 eps) 49.4±.4 40.5±.3 68.3±.5 53.2±.3 52.1±.6 52.7 65.7±.3 57.8±.4 66.7±.4 73.4±.5 81.4±.4 69.0
PbPO w/ seq RM (200 eps) 52.4±.3 44.0±.2 71.6±.4 55.4±.5 55.2±.4 55.7 66.3±.4 59.2±.5 68.7±.5 75.0±.3 82.5±.3 70.3
PbPO w/ seq RM (300 eps) 53.9±.6 43.7±.3 72.9±.5 57.1±.6 58.1±.4 57.1 67.8±.4 58.2±.4 70.5±.4 77.2±.4 85.2±.3 71.8
PbPO w/ tok RM (100 eps) 49.0±.5 39.2±.5 68.8±.4 52.0±.4 54.5±.4 52.7 66.3±.4 57.2±.6 67.5±.3 71.5±.3 83.6±.3 69.2
PbPO w/ tok RM (200 eps) 52.7±.4 41.7±.3 72.0±.3 54.8±.5 57.2±.5 55.7 67.2±.3 58.1±.4 69.5±.4 74.6±.2 85.8±.2 71.0
PbPO w/ tok RM (300 eps) 54.3±.5 43.5±.4 73.5±.3 56.3±.4 60.2±.4 57.6 68.0±.3 59.5±.4 71.0±.3 76.4±.6 87.2±.4 72.4

Table 2: Main results on LLaMA2-7B and Qwen2-7B backbones. We format the best and the second best results.

fine-tuned on the supervised training dataset. The reward
model is constructed by appending a linear output layer to
a frozen LLaMA2-7B or Qwen2-7B backbone. For the main
experiments, we conduct a total of 300 episodes of online
PbPO. In each episode, preference data are sampled with a
batch size of 32.
Baselines. We compare our approach against several strong
offline and online preference optimization baselines:

• DPO: Performing Direct Preference Optimization
(DPO) (Rafailov et al. 2024) using the offline preference
dataset.

• PPO: Training a reward model using the offline prefer-
ence dataset, followed by PPO fine-tuning (Ouyang et al.
2022).

• Online DPO: Similar to Self-Rewarding LM (Yuan et al.
2024), where the main LLM policy generates new pref-
erence pairs for iterative fine-tuning via DPO.

• Online PPO: Following Xiong et al. (2024), iterative
RLHF training where new preference pairs are gener-
ated and added to the dataset for reward model learning
at each episode.

• Best-of-N Distill: Following (Sessa et al. 2024), we per-
form iterative self-distillation. In each episode, N = 10
candidate completions are generated using the teacher
policy via nucleus sampling (top-p = 0.9, top-k = 40,
temperature = 0.8). The response with the highest reward
score is used as the training signal for knowledge distil-
lation with KL divergence.

Main Results
Table 2 presents the main results. Compared to the SFT
baseline, all preference-based optimization methods yield
noticeable improvements, confirming the effectiveness of
leveraging preference data for LLM fine-tuning. However,
existing online approaches—including Online DPO, On-
line PPO, and Best-of-N Distillation—only marginally out-
perform the offline RLHF baselines. In contrast, our pro-
posed method consistently surpasses both offline and on-
line baselines across all five evaluation datasets, demon-
strating the superiority of our preference-based policy op-

timization (PbPO) framework in enhancing policy opti-
mization. We conduct an ablation study on the number
of online PbPO episodes. The results indicate that online
PbPO reliably outperforms its offline variant, underscor-
ing the advantage of iterative preference alignment. Per-
formance continues to improve with more episodes, high-
lighting the effectiveness of bootstrapping LLMs through
repeated preference-based refinement. Additionally, we ob-
serve that PbPO based on token-level RM achieves superior
final performance compared to its sequence-level counter-
part, particularly on datasets that require multi-step reason-
ing such as BBH, ARC-C, and GSM8K. This shows that
token-level RM has an advantage for mastering complex,
long-horizon tasks.

Experimental Analysis
Ablation study on exploration strategies. We evaluate
PbPO against two ablations: (i) PbPO w/o reward-agnostic
explor., which removes the optimized enhancer and instead
uses only the reference policy to generate trajectory pairs
for preference data; and (ii) PbPO w/o reward-aware explo-
ration, which follows a pipeline approach: it first trains the
reward model using the online preference data and then per-
forms policy optimization in each episode (similar to Xiong
et al. (2024)). Figure 2(a–d) shows that our full method con-
verges to a higher plateau across all tasks. The ablation with-
out reward-agnostic exploration achieves lower final perfor-
mance, while the one without reward-aware exploration per-
forms significantly worse, confirming that both exploration
components are critical.
Sensitivity of the conservatism regularizer β. Figure 2(e)
shows the effect of β, which balances adversarial and prefer-
ence losses in Eq. (10). Any β > 0 leads to steady improve-
ment and higher stability compared to β = 0, where the RM
fails to learn effectively. With β ∈ {0, 0.01, 0.02, 0.04, 0.1},
larger values (0.04, 0.1) achieve similar top performance,
indicating robustness to β selection without fine-tuning.
Effect of RM size. We test RM sizes from OpenLLaMA-
3B to LLaMA2-70B (Figure 2(f)). All sizes benefit from
more episodes, confirming the advantage of online learn-
ing. Smaller RMs (e.g., 3B) converge faster but plateau
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(a) Accuracy on AGIEval. (b) Accuracy on ARC-C. (c) Accuracy on MMLU.

(d) Accuracy on GSM8K. (e) Sensitivity to conservatism β. (f) Effect of reward model size.

Figure 2: Experimental analysis based on LLaMA2-7B backbone.

lower; larger RMs achieve better final performance, suggest-
ing greater RM capacity improves preference alignment.

Related Work
RLHF. Reinforcement learning from human feedback
(RLHF) has become a pivotal approach for fine-tuning large
language models (LLMs) to produce text better aligned
with human preferences. Early methods in this area rely on
reward-based RLHF, where human preferences are used to
train a reward model that guides reinforcement learning to
optimize the LLM’s outputs (Christiano et al. 2017; Ziegler
et al. 2019; Stiennon et al. 2020; Ouyang et al. 2022). In con-
trast, reward-free methods such as Direct Preference Opti-
mization (DPO) (Rafailov et al. 2024) and its variants (Azar
et al. 2024; Ethayarajh et al. 2024; Park et al. 2024; Meng,
Xia, and Chen 2024) bypass the explicit learning of a reward
model. These approaches directly optimize the model based
on pre-collected human preference data through pairwise
comparisons, avoiding the construction of an explicit reward
function. This often leads to improved data efficiency and
scalability for LLM fine-tuning. Moreover, recent studies
(Guo et al. 2024; Pang et al. 2024; Xiong et al. 2024; Ye et al.
2024; Shani et al. 2024; Cen et al. 2025; Zhang et al. 2025;
Das et al. 2025) propose online variants of RLHF, where
preference data are collected interactively from LLM anno-
tators to iteratively evaluate and update the current policy.
These works can be viewed as reward-based preference op-
timization relying on online collective preference datasets.
Self-improvement of LLMs. Self-improvement of large
language models is an emerging paradigm aiming to en-

hance model capabilities by leveraging the model’s own out-
puts as training signals. A prominent line of work is based on
RLHF: starting from a supervised fine-tuned (SFT) model,
Sun et al. (2024) prompt the SFT model to generate pref-
erence labels by selecting preferred responses according to
certain principles, then train a principle-driven reward model
and optimize the policy via PPO. Yuan et al. (2024) build
a preference dataset from their own SFT model fine-tuned
on instruction-following and evaluation data, followed by
DPO training. Chen et al. (2025) focus on further enhanc-
ing a DPO-tuned model through bootstrapping with implicit
rewards. Another related direction is Best-of-N distillation
(Sessa et al. 2024; Yang et al. 2025), where a model learns
from its own Best-of-N sampled outputs to improve consis-
tency and generalization.

Conclusion
We propose Preference-based Policy Optimization (PbPO),
a framework for bootstrapping large language models
(LLMs) by iteratively refining both the policy and reward
model via a min-max optimization game. Unlike conven-
tional RLHF methods, which can suffer from reward mis-
specification and premature convergence, PbPO leverages
confidence set constraints to ensure robust and reliable pol-
icy improvement. Guided exploration further enhances data
collection by maintaining uncertainty, enabling continual
self-improvement. Our theoretical analysis provides high-
probability guarantees, and extensive experiments on mul-
tiple benchmarks show that PbPO consistently outperforms
state-of-the-art preference optimization methods.
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