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Abstract

Reinforcement learning from human feedback (RLHF) has demonstrated remark-
able effectiveness in aligning large language models (LLMs) with human prefer-
ences. Many existing alignment approaches rely on the Bradley-Terry (BT) model
assumption, which assumes the existence of a ground-truth reward for each prompt-
response pair. However, this assumption can be overly restrictive when modeling
complex human preferences. In this paper, we drop the BT model assumption and
study LLM alignment under general preferences, formulated as a two-player game.
Drawing on theoretical insights from learning in games, we integrate optimistic
online mirror descent into our alignment framework to approximate the Nash pol-
icy. Theoretically, we demonstrate that our approach achieves an O(T−1) bound
on the duality gap, improving upon the previous O(T−1/2) result. Meanwhile,
it enjoys a linear convergence rate in the last iterate, a property not achieved by
previous methods. More importantly, we implement our method and show through
experiments that it outperforms state-of-the-art RLHF algorithms across multiple
representative benchmarks.

1 Introduction and Related Works

Reinforcement learning from human feedback (RLHF) has played a pivotal role in aligning large
language models (LLMs) with human preferences. The goal of RLHF is to fine-tune LLMs to
generate responses that are preferred by humans. It has been successfully deployed in state-of-the-art
models, including Instruct-GPT [Ouyang et al., 2022] and Claude [Bai et al., 2022b]. The first RLHF
framework for LLMs was developed by Ouyang et al. [2022], where after the pre-training stage, the
LLM is fine-tuned to maximize the reward signal from a reward model using the proximal policy
optimization (PPO) algorithm [Schulman et al., 2017]. This pipeline requires training both the reward
model and the policy model. In addition, policy gradient approaches such as PPO often exhibit high
variance and instability during training [Peng et al., 2023], leading to increased computational costs.

To develop a more stable and computationally lightweight alignment approach, Rafailov et al. [2024b]
propose the Direct Preference Optimization (DPO) algorithm, which directly trains the LLM on
a preference dataset and bypasses the need for a reward model. DPO uses an offline preference
dataset, and since its development, a line of research has explored different exploration strategies and
proposed online direct preference alignment algorithms [Xiong et al., 2024, Xie et al., 2024, Dong
et al., 2024, Yuan et al., 2024]. All these methods assume that human preferences can be modeled
using the Bradley-Terry (BT) model, where a reward function R∗ exists such that, for any prompt x

∗Email: yuhengz2@illinois.edu.

39th Conference on Neural Information Processing Systems (NeurIPS 2025).



and response pair (y1, y2), the preference between y1 and y2 satisfies:

P(y1 ≻ y2 | x) = σ(R∗(x, y1)−R∗(x, y2)),

where σ(z) = 1
1+exp(−z) is the sigmoid function.

However, the existence of a reward function and the BT model are strong assumptions that can be
overly restrictive when modeling complex human preferences. For example, the preference signals in
the BT model are always transitive: ifA is preferred toB andB is preferred to C, thenAmust always
be preferred to C. This transitive property contradicts evidence from human decision-making [May,
1954, Tversky, 1969], especially when preferences are at the population level and aggregated from
different human groups [May, 1954, Ye et al., 2024]. Furthermore, the limitations of the BT model
have also been observed in RLHF practice. Jiang et al. [2023] show that a preference model with
0.4B parameters achieves performance comparable to Llama-2-13B-based reward models. Ye et al.
[2024] train a BT reward model and a preference model separately using the same base model and
preference dataset, and their results demonstrate that the preference model consistently outperforms
the reward model on Reward-Bench [Lambert et al., 2024] under different base models. These
findings motivate us to drop the BT model assumption and instead consider general preferences.

In this work, we study the problem of aligning LLMs with general preferences and formulate it as
a two-player zero-sum game. Our objective is to approximate the Nash policy of the game, which
ensures a win rate of at least 50% against any other policy. As established in the game theory
literature [Bai et al., 2020, Liu et al., 2021], self-play algorithms have proven to be highly effective in
approximating Nash policies. Building on this, we aim to propose a novel online RLHF algorithm
that further leverages the self-play strcture to enhance general preference alignment for LLMs. Our
contributions are summarized as follows.

Contributions. We propose a novel online general preference alignment algorithm, Optimistic
Nash Policy Optimization (ONPO). Inspired by recent advancements in game theory, our algorithm
integrates optimistic online mirror descent [Rakhlin and Sridharan, 2013, Syrgkanis et al., 2015] into
the self-play framework. By utilizing a reward predictor in a two-step update strategy, ONPO more
effectively leverages the self-play mechanism and achieves a faster convergence rate of O(T−1) on
the duality gap, improving upon the previous O(T−1/2) result. Moreover, ONPO enjoys a linear
convergence rate in the last iterate, a property not achieved by previous methods such as INPO [Zhang
et al., 2024].

ONPO can be efficiently implemented by directly minimizing a loss objective on a preference dataset,
making it computationally lightweight in practice. We evaluate ONPO on several representative
benchmarks, comparing it with state-of-the-art general preference alignment algorithms. Experimen-
tal results demonstrate that ONPO consistently outperforms or achieves performance comparable
to the baselines across different base models and benchmarks. Notably, on the AlpacaEval 2.0
benchmark [Li et al., 2023a], ONPO achieves a 21.2% and 9.9% relative improvement over the
strongest baseline when using Mistral-Instruct and Llama-3-8B as the base models, respectively.

2 Preliminary

Problem Setup. We study the contextual formulation which is extensively used in previous RLHF
literature [Rafailov et al., 2024b, Xiong et al., 2024]. The prompt x ∈ X is sampled from an
unknown prompt distribution d1. Y is the response space and an LLM is characterized by a policy
π : X → ∆(Y) which outputs the response probability given the context. For any policy π, we use
Eπ to denote the expectations under π.

General Preferences. In this work, we drop the BT model assumption [Bradley and Terry, 1952]
and focus on directly aligning LLMs with general preferences. To this end, we define a general
preference oracle as follows:
Definition 1 (General Preference Oracle). There exists a preference oracle P : X ×Y → Y → [0, 1],
which can be queried to obtain the binary preference signal:

z ∼ Ber
(
P(y1 ≻ y2 | x)),

where z = 1 indicates y1 is preferred to y2, and z = 0 indicates the opposite.

2



Unlike the BT model assumption, which assumes the existence of a reward functionR∗ for each x and
y, the general preference oracle always compares y1 to another y2. This setup aligns with practical
scenarios, where it is often easier for users to compare two responses than to assign an absolute score
to a single response. Since the preference signal always involves two responses, potentially come
from two different policies, we formulate the LLM alignment problem as a two-player zero-sum
game. The objective of this game is the expected win rate between the two players:

J(π1, π2) := Ex∼d1Ey1∼π1,y2∼π2

[
P(y1 ≻ y2 | x)

]
.

Here π1 is the policy of the max-player, aiming to maximize the objective, while π2 is the policy of
the min-player, aiming to minimize it.

Nash Policies and Duality Gap. Our learning goal is to find the Nash equilibrium of the game,
which is defined as:

π∗
1 , π

∗
2 := argmax

π1

argmin
π2

J(π1, π2).

Due to the symmetric nature of the game, the Nash policies for both players are identical, i.e.,
π∗
1 = π∗

2 = π∗, and the game value is J(π∗, π∗) = 0.5. Since Nash policies are the best responses to
each other, for any policy π, we have J(π∗, π) ≥ 0.5, indicating that the Nash policy will not lose to
any other policy. To quantify how well a policy π approximates π∗, we define the duality gap as:

DualGap(π) := max
π1

J(π1, π)−min
π2

J(π, π2).

The duality gap is non-negative and DualGap(π) = 0 if and only if π = π∗. Hence, our goal is to
find a policy that minimizes the duality gap. Once we achieve DualGap(π) ≤ ϵ, we say that π is an
ϵ-approximate Nash policy.

3 Algorithm

In this section, we begin by briefly reviewing the self-play algorithm with online mirror descent
(OMD) updates, which is used in previous general preference alignment algorithm [Zhang et al.,
2024]. Next, we present our proposed algorithm, which leverages the faster convergence properties of
optimistic OMD, inspired by advancements in game theory [Rakhlin and Sridharan, 2013, Syrgkanis
et al., 2015]. Through theoretical analysis, we show that our approach achieves an improved bound on
the duality gap and a linear convergence rate in the last iterate. Finally, we describe the implementation
of our algorithm. Following Azar et al. [2024], Zhang et al. [2024], we omit the context x throughout
the rest of the paper since each context is independent.

3.1 Self-play Algorithm with OMD Update

Self-play algorithms are widely used in approximating the Nash policy [Bai et al., 2020, Liu et al.,
2021]. The key idea is to let the policy play against itself, enabling iterative self-improvement. The
algorithm is performed in an online manner, with each iteration using online mirror descent (OMD)
to update the policy. Specifically, at iteration t, we find the policy that maximizes the following
objective:

πt+1 = argmax
π

⟨π, rt⟩ −
1

η
KL(π∥πt), (1)

where rt(y) = P(y ≻ πt) = Ey′∼πt
[P(y ≻ y′)] is the expected win rate of response y against the

current policy πt, and η > 0 is the learning rate. This objective ensures that πt+1 not only aims
to maximize the win rate over πt but also remains close to πt, as measured by the KL divergence
term. The stability introduced by the KL regularization is critical for achieving a sublinear regret
bound. Without this regularization, one can construct examples where the algorithm suffers from
linear regret, which is undesirable [Lattimore and Szepesvári, 2020].

We can show that the uniform mixture of π1:T achieves an O(T−1/2) duality gap, as stated in the
following theorem. The proof is deferred to Appendix C.1.
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Theorem 1. Let D = maxπ KL(π∥π1) and π̄ = unif{π1, · · · , πT }. Self-play algorithm in Eq. (1)

with η =
√

D
T satisfies:

DualGap(π̄) ≤ 4
√
D√
T
.

In RLHF practice, we typically use a small number of iterations (e.g., T = 3), so the uniform
mixture policy π̄ can be directly deployed. Unlike Zhang et al. [2024], which adopts a KL-regularized
game formulation, we directly use the win rate between two policies as the game objective. This
formulation has two advantages: 1. The Nash policy in our formulation guarantees at least a 50%
win rate against any other policy, which aligns directly with the goal of general preference alignment.
In contrast, the Nash policy in the KL-regularized game only ensures this when the KL terms are
negligible. 2. In the KL-regularized setting, the analysis of the OMD algorithm relies on a coverage
assumption that the log-density ratio log π(y)/ log πref(y) is uniformly bounded for all π, and the
regret bound depends linearly on the coverage coefficient. Our analysis avoids this assumption and
its associated dependence by directly optimizing the win rate, resulting in improved results.

3.2 Optimistic Nash Policy Optimization

While self-play with OMD update already achieves anO(
√
T ) regret bound, which is near-optimal in

many online learning scenarios, there is still room for improvement by better leveraging the self-play
structure. Recent advancements in learning in games [Rakhlin and Sridharan, 2013, Syrgkanis et al.,
2015] demonstrate that a faster convergence rate ofO(T−1) can be achieved when both players adopt
optimistic OMD update. In this subsection, we introduce how to integrate optimistic OMD into the
self-play algorithm, resulting in an algorithm called Optimistic Nash Policy Optimization (ONPO).

The key idea of optimistic OMD is to incorporate a reward or loss predictor at each iteration. Recall
that in OMD update, we use the expected win rate over the current policy πt as the reward vector rt
to compute πt+1. While in optimistic OMD, the learner utilizes a reward predictor mt and adopts a
two-step update strategy:

πt = argmax
π

⟨π,mt⟩ −
1

η
KL(π∥π′

t)

π′
t+1 = argmax

π
⟨π, rt⟩ −

1

η
KL(π∥π′

t).

Here πt aims to maximize the reward predictor mt and the auxiliary policy π′
t+1 is updated after

observing the actual reward rt. The word “optimistic” comes from that the learner believes that the
predictor mt provides a good approximation of the true reward rt.

Next, we describe how to apply optimistic OMD in our self-play algorithm. In both OMD and
optimistic OMD, the KL regularization term is consistently used to ensure that the next policy
remains close to the previous policies. This regularization provides stability, making it reasonable to
assume that the change from πt to πt+1 is small. Based on this observation, we directly use the reward
information from the previous iteration as the predictor, i.e., let mt = rt−1 = Ey′∼πt−1

[P(y ≻ y′)].
In the following theorem, we demonstrate that ONPO achieves an O(1/T ) duality gap, improving
over the previous O(1/

√
T ) result.

Theorem 2. Let D = maxπ KL(π∥π′
1) and π̄ = unif{π1, · · · , πT }, ONPO algorithm with η =

min{ 12 ,
√
D} satisfies:

DualGap(π̄) ≤ 4
√
D

T
.

Here, π′
1 = π1 is the initialization policy. Theoretically, π′

1 can be set as a uniform policy, in which
case D is bounded by log |Y|. In RLHF practice, π′

1 is typically a supervised fine-tuned policy.

The proof is provided in Appendix C.2. The key to achieving the O(1/T ) rate lies in the regret
bounded by variation in utilities (RVU) property of optimistic OMD. Specifically, the stability terms
∥rt − rt−1∥2∞ are canceled out by the negative term −∥πt − πt−1∥21, which arises from the self-
play mechanism where rt represents the win rate over πt. Additionally, the stability inherent in
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optimistic OMD ensures that the learned policy remains close to the initial policy. This aligns with
the motivation behind incorporating KL regularization into the game objective in prior works [Munos
et al., 2023, Zhang et al., 2024]. Since our update rule already implicitly enforces this stability,
explicit regularization in the game objective is unnecessary.

Although the uniform mixture policy is implementable, a more common choice in RLHF practice
is to directly deploy the last policy. In the following theorem, we show that ONPO also achieves a
linear convergence rate in the last iterate.
Theorem 3. Assume that the Nash policy π∗ is unique, with η ≤ 1

8 , we have KL(π∗∥πt) ≤ O(C−t)
where C > 1 is a constant.

The proof follows directly from the analysis of Theorem 3 in Wei et al. [2020]. Zhang et al. [2024]
also demonstrate that self-play with OMD achieves last-iterate convergence. However, their result
relies on the strong convexity induced by the KL regularization terms in their game objective and
does not apply to our formulation. This highlights another key advantage of using optimistic OMD: it
not only improves the duality gap bound but also ensures last-iterate convergence without requiring
explicit regularization.

3.3 Implementation of ONPO

In this subsection, we describe the implementation of ONPO with query access to the preference
oracle P. The primary challenge in implementing ONPO lies in computing rt(y), which involves
taking an expectation over the entire policy πt. Fortunately, this challenge can be addressed by
avoiding the direct estimation of rt(y) and instead relying on binary preference feedback between
responses.

To achieves this, our goal is to design a loss function that does not involve P(y ≻ πt) for policy
optimization. We focus on obtaining the loss objective for πt here and the derivation for π′

t is similar.
The key observation is that, πt has a closed-form solution which satisfies ∀y, y′ ∈ Y ,

log
πt(y)

πt(y′)
− log

π′
t(y)

π′
t(y

′)
= η (P(y ≻ πt−1)− P(y′ ≻ πt−1).

Therefore, similar to the techniques used in Azar et al. [2024], Zhang et al. [2024], solving πt is
equivalent to finding the minimizer of the following loss function:

Ey,y′∼πt−1

[(
gt(π, y, y

′)− η
(
P(y ≻ πt−1)− P(y′ ≻ πt−1)

))2]
.

where gt(π, y, y′) = log π(y)
π(y′) − log

π′
t(y)

π′
t(y

′) . Since the inside win rate term is with respect to πt−1

and we also have an expectation over πt−1 outside, the loss function can be further written as

Ey,y′∼πt−1,yw,yl∼λp(y,y′)

[(
gt(π, yw, yl)−

η

2

)2
]
,

where λp is the preference distribution [Calandriello et al., 2024]:

λp(y, y
′) =

{
(y, y′) with probability P(y ≻ y′)
(y′, y) with probability 1− P(y ≻ y′).

To calculate the loss function, we only need the access to sample from the current policy, which
is standard and easy to implement in practice. Putting everything together, the implementation of
ONPO is summarized in Algorithm 1.

In the beginning, we initialize π′
1 and π1 with the supervised fine-tuned policy πSFT. At each iteration

t, we sample responses from the current policy πt and use the preference feedback from the oracle P
to construct the dataset Dt. Then we can directly minimize the corresponding loss functions on Dt to
find π′

t+1 and πt+1 respectively. We use the last iteration policy πT as the output policy, which is
consistent with online RLHF practice [Dong et al., 2024, Wu et al., 2024, Zhang et al., 2024].

4 Discussion

In this section, we discuss the differences between ONPO and other general preference alignment
methods.
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Algorithm 1 Implementation of ONPO
1: Input: Number of iterations T , learning rate η, preference oracle P, supervised fine-tuned policy
πSFT.

2: Initialize π′
1 ← πSFT, π1 ← πSFT.

3: for iteration t = 1, 2, . . . , T − 1 do
4: Sample response pairs from the current policy πt: {y(i)1 , y

(i)
2 }ni=1 ∼ πt.

5: Construct preference dataset Dt = {y(i)w , y
(i)
l }ni=1 with feedback from the oracle P.

6: Calculate π′
t+1 as:

π′
t+1 = argmin

π
Eyw,yl∼Dt

[(
gt(π, yw, yl)−

η

2

)2
]
.

7: Calculate πt+1 as:

πt+1 = argmin
π

Eyw,yl∼Dt

[(
gt+1(π, yw, yl)−

η

2

)2
]
.

8: end for
9: Output πT .

IPO. Azar et al. [2024] is the first to address general preference alignment in LLMs. The optimiza-
tion objective of IPO is:

max
π

Ey∼π,y′∼µ [P(y ≻ y′)]− τKL(π∥πref),

where µ is a fixed policy. From a game-theoretic perspective, the goal of IPO is to find the best
response to µ. However, this approach only ensures that the learned policy outperforms µ, which
leaves the possibility that another policy could outperform the learned policy. In contrast, our
approach focuses on learning the Nash policy in a two-player game. This provides stronger theoretical
guarantees, as the Nash policy will not lose to any other policy.

Nash-MD. Munos et al. [2023] is the first to formulate the alignment problem as a two-player
zero-sum game. Their game objective includes KL regularization terms, which ensure that the
player’s policy remains close to the reference policy πref. The KL terms are weighted by a parameter
τ . They proposed an iterative algorithm, Nash-MD, to learn the Nash policy of the game. At each
iteration t, the policy is updated as:

πt+1 = argmax
π

P(π ≻ π′
t)−

1

ηt
KL(π, π′

t),

where π′
t is a geometric mixture policy of the current policy πt and the reference policy πref:

π′
t(y) =

πt(y)
1−ηtτπref(y)

ηtτ∑
y′ πt(y

′)1−ηtτπref(y′)ηtτ
.

Nash-MD requires sampling from the mixture policy π′
t. However, the response space Y is often

exponentially large, making the exact computation of π′
t intractable. To address this, Munos et al.

[2023] propose sampling from an approximate policy. The theoretical guarantees of this approxima-
tion remain unclear. In contrast, our approach only requires sampling from the current policy πt,
which is straightforward to implement in practice.

Online IPO. Calandriello et al. [2024] propose the online IPO population loss:

E
y,y′∼SG[π]

yw,yl∼λp(y,y
′)

[(
log

π(yw)πref(yl)

π(yl)πref(yw)
− 1

2τ

)2
]
,

where SG is the stop-gradient operator, which prevents gradients from propagating through the
data-generation process. Unlike the offline IPO approach, which always samples from a fixed policy
µ, online IPO leverages responses generated by the current policy π.
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Since the policy π is updated throughout training, policy gradient methods are used to minimize
the objective. However, as discussed earlier, policy gradient methods in RLHF have limitations,
including being resource-intensive and unstable to train. In contrast, ONPO avoids these challenges
by directly minimizing a loss function over a preference dataset, offering a more stable and efficient
implementation.

DNO. The theoretical version of DNO (Algorithm 1 in Rosset et al. [2024]) relies on computing
rt(y) = Ey′∼πt

[P(y ≻ y′)], which requires taking an expectation over the current policy πt. This
computation is challenging to implement in practice, so Rosset et al. [2024] propose a practical
version, DNO-Prct (Algorithm 2), where πt+1 is updated as follows:

argmax
π

Eyw,yl∼Dt
log

[
σ

(
η log

π(yw)πt(yl)

πt(yw)π(yl)

)]
.

When constructing the dataset Dt, only response pairs with large margins are selected. This selection
is motivated by the fact that, to approximate DNO, the ideal condition is σ(rt(yw) − rt(yl)) ≈ 1.
However, this cannot be fully achieved since rt(y) ∈ [0, 1]. Notably, the objective of DNO-Prct is
identical to the DPO objective [Rafailov et al., 2024b]. Therefore, DNO-Prct can be viewed as an
iterative version of DPO.

SPPO. Wu et al. [2024] propose a self-play algorithm SPPO. The policy update in SPPO is:

πt+1 = argmin
π

Ey∼πt

(
log

π(y)

πt(y)
− η

(
P̂ (y ≻ πt)−

1

2

))2

,

where P̂ is a heuristic approximation of P(y ≻ πt). However, obtaining an accurate estimation
of P(y ≻ πt) is challenging in practice. For example, Hoeffding’s inequality suggests that more
than 100 queries are needed to ensure

∣∣∣P(y ≻ πt)− P̂ (y ≻ πt)∣∣∣ ≤ 0.1. This requirement results in
high annotation and computation costs, as 100 oracle queries are needed for a single response y. In
contrast, ONPO bypasses the need to estimate P(y ≻ πt) and instead relies on binary preference
signals between two responses.

INPO. Zhang et al. [2024] propose a self-play algorithm, INPO, which employs OMD to iteratively
update the policy, as described in Section 3.1. Leveraging the faster convergence properties of
optimistic OMD, ONPO achieves an improved duality gap bound of O(T−1), compared to the
O(T−1/2) bound of INPO.

Concurrent Works. Two concurrent works also study general preference alignment. Liu et al.
[2024] propose a two-level algorithmic framework that differs significantly from ours. In each
iteration, their meta-algorithm defines a new KL-regularized game and applies a general preference
alignment algorithm, such as INPO, to learn its Nash policy. Their theoretical analysis shows that
the resulting policy converges asymptotically to the true Nash policy. Wu et al. [2025] focus on
the multi-turn setting and adopt a deep reinforcement learning approach based on the actor-critic
framework. In contrast, our work targets a computationally lightweight algorithm and therefore
focuses on the single-turn setting.

5 Experiments

5.1 Main Results

Experiment Setup. We implement ONPO following the online RLHF workflow described in
Dong et al. [2024]. Two base models are used as the initial policy π1: Llama-3-SFT2, based on
Llama-3-8B [Dubey et al., 2024], and Mistral-Instruct-v0.33, an instruct fine-tuned version of the
Mistral-7B-v0.3. For the general preference oracle, we use a pairwise preference model4, which
demonstrates better performance compared to the BT reward model [Zhang et al., 2024]. Training
details for the preference model are available in Dong et al. [2024].

2https://huggingface.co/RLHFlow/LLaMA3-SFT
3https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
4https://huggingface.co/RLHFlow/pair-preference-model-LLaMA3-8B
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Table 1: Results on three benchmarks. “ONPO+Mistral-It" refers to tuning the Mistral-Instruct model
with ONPO, while “ONPO+Llama-3-SFT" refers to tuning the Llama-3-SFT model with ONPO.
Results where the baseline outperforms ONPO are underlined.

Model Size AlpacaEval 2.0 Arena-Hard MT-Bench
Iterative DPO + Mistral-It 7B 32.0 22.2 7.35

SPPO + Mistral-It 7B 33.1 24.5 7.51
INPO + Mistral-It 7B 35.3 25.3 7.46
ONPO + Mistral-It 7B 42.8 29.7 7.68

Iterative DPO + Llama-3-SFT 8B 28.3 31.9 8.34
SPPO + Llama-3-SFT 8B 38.5 32.9 8.23
INPO + Llama-3-SFT 8B 44.2 37.0 8.28
ONPO + Llama-3-SFT 8B 48.6 36.4 8.40

Llama-3-8B-it 8B 24.8 21.2 7.97
Tulu-2-DPO-70B 70B 21.2 15.0 7.89
Llama-3-70B-it 70B 34.4 41.1 8.95

Mixtral-8x22B-it 141B 30.9 36.4 8.66

GPT-3.5-turbo-0613 - 22.7 24.8 8.39
GPT-4-0613 - 30.2 37.9 9.18

Claude-3-Opus - 40.5 60.4 9.00
GPT-4 Turbo (04/09) - 55.0 82.6 -

At each iteration, the current policy generates K = 8 responses using a different set of prompts5. To
select yw (winner) and yl (loser), we follow the tournament approach in Zhang et al. [2024], where
the eight responses are compared pairwise to identify the winning and losing responses.

Since online or iterative alignment methods have been shown to outperform offline counterparts, we
focus on comparing ONPO with other online methods for a fair evaluation. These include iterative
DPO [Dong et al., 2024], SPPO [Wu et al., 2024] and INPO [Zhang et al., 2024], where the latter two
are general preference alignment approaches.

We evaluate the models on three representative benchmarks: AlpacaEval 2.0 [Li et al., 2023a], Arena-
Hard [Li et al., 2024] and MT-Bench [Zheng et al., 2024]. AlpacaEval 2.0 has 805 instructions from
five datasets, including self-instruct test set [Wang et al., 2022], Open Assistant test set, Anthropic’s
helpful test set [Bai et al., 2022b], Vicuna test set [Zheng et al., 2024] and Koala test set [Geng et al.,
2023]. Arena-Hard includes 500 challenging user queries from Chatbot Arena. Both AlpacaEval
2.0 and Arena-Hard compare model-generated answers against reference answers from a baseline
model, using GPT-4 Preview-1106 as the judge model. We report the win rate for Arena-Hard and
the length-controlled (LC) win rate [Dubois et al., 2024] for AlpacaEval 2.0. MT-Bench consists of
80 multi-turn questions, where responses are rated by GPT-4 on a 1-10 scale, with the average rating
reported.

Results. The model performance is summarized in Table 1. Our results show that ONPO consis-
tently outperforms or achieves comparable performance to the baselines across both base models.
Among the three benchmarks, the length-controlled (LC) win rate in AlpacaEval 2.0 exhibits the
highest 0.98 Spearman correlation with Chatbot Arena rankings [Dubois et al., 2024]. In this bench-
mark, ONPO outperforms the strongest baseline by a clear margin—achieving a 9.9% improvement
on Llama-3-SFT and a 21.2% improvement on Mistral-It. These results align with our theoretical
findings, demonstrating that ONPO benefits from an improved bound on the duality gap. We also
compare ONPO with other LLMs that have significantly larger parameters, such as Llama-3-70B-it,
Mixtral-8x22B-it and GPT-4-Turbo. Remarkably, our ONPO even outperforms models with at least
nine times more parameters.
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Table 2: Model performance on more academic benchmarks (AVG: average).

Model GPQA Hellaswag MMLU-Pro Winogrande TruthfulQA GSM8K AVG
Mistral-It 30.1 83.5 30.4 74.2 59.7 49.5 54.6

Iterative DPO 29.6 83.3 28.0 75.1 64.0 45.7 54.3
SPPO 28.7 83.5 28.1 73.9 66.4 49.9 55.1
INPO 28.8 82.9 28.9 74.9 64.7 46.3 54.4
ONPO 30.4 83.7 29.9 75.1 65.5 47.8 55.4

Figure 1: Performance of ONPO with different values of η on Arena-Hard and AlpacaEval 2.0.
ONPO consistently outperforms the best baseline, which achieves a win rate of 25.3 on Arena-Hard
and 35.3 on AlpacaEval, respectively.

5.2 More Results on Academic Tasks

In this subsection, we evaluate the model’s reasoning and calibration abilities across six academic
benchmarks: GPQA [Rein et al., 2023] for graduate-level science question answering, MMLU-
Pro [Wang et al., 2024] for multitask language understanding, Hellaswag [Zellers et al., 2019] for
commonsense inference, Winogrande [Sakaguchi et al., 2021] for difficult commonsense reason-
ing, TruthfulQA [Lin et al., 2021] to assess the model’s tendency to reproduce falsehoods, and
GSM8K [Cobbe et al., 2021] for mathematical reasoning.

It is important to note that these benchmarks primarily evaluate a model’s intrinsic knowledge
and capabilities, which are developed during the pre-training stage rather than the alignment stage.
However, as observed in prior work [Ouyang et al., 2022, OpenAI, 2023], alignment can sometimes
have a negative impact on these abilities—a phenomenon known as the “alignment tax". Therefore,
our purpose in presenting these results is to verify that our alignment method preserves the model’s
abilities rather than demonstrating performance improvements.

We show the results using Mistral-Instruct-v0.3 as the base model and compare ONPO with three
baselines as well as the base model itself. The results in Table 2 show that ONPO achieves a slightly
higher average performance than both the base model and the baselines, demonstrating that ONPO
does not over-align the model and effectively preserves its intrinsic knowledge and abilities.

5.3 Hyperparameter Sensitivity Analysis

In this subsection, we analyze the sensitivity of ONPO to the hyperparameter η, which serves as
the learning rate in the update rule. We conduct experiments using Mistral-Instruct-v0.3 as the
base model and vary η from 200/3 to 200. The results, presented in Figure 1, indicate that ONPO
consistently achieves strong performance across different values of η and outperforms the baselines,
demonstrating its robustness to hyperparamter variations.

5https://huggingface.co/datasets/RLHFlow/prompt-collection-v0.1
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6 Conclusion and Future Work

We propose Optimistic Nash Policy Optimization (ONPO), a novel approach for aligning LLMs
with general preferences through self-play. By integrating optimistic online mirror descent, ONPO
achieves improved theoretical guarantees for approximating the Nash policy of the game. More
importantly, our experimental results demonstrate that ONPO consistently outperforms or matches
state-of-the-art general preference alignment methods across multiple benchmarks. A potential
limitation of this work is that our experiments focuses on the single-turn setting. In the future, we
plan to explore the implementation of ONPO under the multi-turn setting.
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A Related Literature

Reward-Based RLHF. Since the first RLHF framework proposed by Christiano et al. [2017],
RLHF has achieved tremendous success in aligning large language models (LLMs), powering models
such as Instruct-GPT [Ouyang et al., 2022], Llama 2 [Touvron et al., 2023], and Claude [Bai et al.,
2022b]. The RLHF pipeline typically involves training a reward model followed by applying policy
gradient methods such as PPO [Schulman et al., 2017] to optimize a KL-regularized objective [Korbak
et al., 2022, Li et al., 2023b]. Nevertheless, the use of PPO in RLHF introduces challenges, including
instability during training [Choshen et al., 2019] and high computational costs [Yuan et al., 2023].
To address these limitations, Rafailov et al. [2024b] proposed the DPO algorithm, which directly
optimizes preferences by minimizing a loss objective on offline datasets. Additionally, other direct
preference learning algorithms have been developed, including offline methods [Ethayarajh et al.,
2024] and online (iterative) methods [Xie et al., 2024, Xiong et al., 2024, Yuan et al., 2024]. However,
all these algorithms are reward-based and rely on the Bradley-Terry (BT) model assumption. In this
paper, we remove the BT model assumption and consider general preference alignment.

RLHF with General Preferences. Azar et al. [2024] is the first to consider the general preference
without BT model assumption. They propose the offline IPO algorithm to learn the optimal policy
when the comparator policy is fixed. Munos et al. [2023] formulate the alignment problem as a
two-player zero-sum game and propose the iterative Nash-MD algorithm to find the Nash policy of
the game. Subsequently, there has been a line of work [Ye et al., 2024, Calandriello et al., 2024,
Rosset et al., 2024, Wu et al., 2024] developing online algorithms for learning the Nash policy. The
closest work related to ours is Zhang et al. [2024], which also employs a no-regret learning algorithm
for self-play. However, our algorithm incorporates an optimistic predictor into the policy update,
achieving improved theoretical guarantees and better empirical performance. A detailed comparison
between our algorithm and other general preference alignment algorithms is provided in Section 4.

Learning in Games. Online learning and self-play algorithms are widely used in approximating
the equilibrium of games, including normal-form games [Freund and Schapire, 1999, Daskalakis
et al., 2011, Mai et al., 2018, Roy et al., 2019, Chen and Peng, 2020, Wei et al., 2020, Daskalakis
et al., 2021], extensive-form games [Zinkevich et al., 2007, Kroer et al., 2020, Kozuno et al., 2021,
Lee et al., 2021, Bai et al., 2022a] and Markov games [Wei et al., 2017, Jin et al., 2021, Liu et al.,
2021, Mao and Başar, 2023]. Our work is inspired by the faster convergence properties of optimistic
online mirror descent in equilibrium learning [Rakhlin and Sridharan, 2013, Syrgkanis et al., 2015].

B Extension to the Multi-Turn Setting

In this section, we describe how ONPO can be extended to the multi-turn setting, which is formulated
as a contextual Markov decision process (CMDP) [Shani et al., 2024]. The interaction between the
LLM and the environment unfolds as follows: the LLM starts at a fixed initial state s1 ∈ S and
takes an action y1 ∼ π(· | s1). The environment then transitions to the next state s2 ∼ P (· | s1, y1)
according to the transition dynamics P , and the LLM subsequently takes action y2 ∼ π(· | s2). This
process repeats for H steps, ultimately reaching the final state sH+1. At the end of the interaction, the
preference oracle compares two final states and provides a preference signal: z ∼ Ber

(
P(s1H+1 ≻

s2H+1)
)
. This CMDP formulation effectively captures various LLM applications, including chatbot

interactions and token-level MDPs [Rafailov et al., 2024a].

In the multi-turn setting, the challenge is that preferences are only provided for the final states, and
there is no direct feedback for intermediate states. To address this, we use Q-value functions, which
capture the long-term expected outcomes, in the optimization objective. For each state sh, the update
rule for πt+1(· | sh) is:

argmax
π

⟨π,Qπt,πt(sh, ·)⟩ −
1

η
KL(π(· | sh)∥πt(· | sh)),

where Qπt,πt(sh, yh) = Eπt
[P(sH+1 ≻ πt) | sh, yh] and P(s ≻ πt) represents Eπt

[P(s ≻ sH+1)].
Here ⟨π,Qπt,πt(sh, ·)⟩ measures the probability of π outperforming πt at state sh. The update rule
for π′

t+1 is similar, except that the KL divergence is computed between π and π′
t.

The primary challenge in implementing ONPO in the multi-turn setting lies in the efficient estimation
of Qπt,πt . Shani et al. [2024] propose to use an actor-critic framework that employs policy-gradient
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methods such as PPO [Schulman et al., 2017] for policy optimization. However, policy-gradient
methods are known to exhibit high variance and sensitivity to implementation details, leading to
increased computational costs. In this paper, we focus on implementing ONPO in the single-turn
setting and leave the implementation under the multi-turn setting for future work.

C Proofs for Section 3

C.1 Proof for Theorem 1

Proof. According to the regret analysis of OMD [Lattimore and Szepesvári, 2020], for any policy π,
we have

T∑
t=1

⟨π, rt⟩ −
T∑
t=1

⟨πt, rt⟩ ≤
KL(π∥π1)

η
+ η

T∑
t=1

∥rt∥2∞

≤ 2
√
TD.

The rest proof follows from Theorem 3 in Zhang et al. [2024].

C.2 Proof for Theorem 2

Proof. Let ψ(π) =
∑
y π(y) log π(y), the KL divergence between π1 and π2 can also be written as

the Bregman divergence term:

KL(π1∥π2) = Dψ(π1, π2) = ψ(π1)− ψ(π2)− ⟨∇ψ(π2), π1 − π2⟩ .

Since ψ is strongly convex with respect to L1 norm, we can apply regret analysis from Rakhlin and
Sridharan [2013], Syrgkanis et al. [2015] and obtain that for any π′

T∑
t=1

⟨π′ − πt, rt⟩ ≤
KL(π′∥π′

1)

η
+ η

T∑
t=1

∥rt − rt−1∥2∞ −
1

4η

T∑
t=2

∥πt − πt−1∥21.

We observe that for any t ≥ 2 and any y,

|rt(y)− rt−1(y)| = |
∑
y′

P(y ≻ y′)(πt(y)− πt−1(y))| ≤ ∥πt − πt−1∥1.

Once we have 1
4η ≥ η, the terms η∥rt − rt−1∥2∞ and − 1

4η∥πt − πt−1∥21 cancel out and we get

T∑
t=1

⟨π′ − πt, rt⟩ ≤ 2
√
D.

Next, we decompose the duality gap as:

DualGap(π̄) = max
π1

J(π1, π̄)−
1

2︸ ︷︷ ︸
Term A

+
1

2
−min

π2

J(π̄, π2)︸ ︷︷ ︸
Term B

.

We show how to bound Term A and Term B is bounded similarly due to the symmetric nature of the
game. Let π′ = argmaxπ1

J(π1, π̄), we have

J(π′, π̄)− 1

2
=

1

T

T∑
t=1

J(π′, πt)− J(πt, πt)

=
1

T

T∑
t=1

⟨π′ − πt, rt⟩

≤ 2
√
D

T
.

The proof is finished by also having 1
2 −minπ2

J(π̄, π2) ≤ 2
√
D
T .

15



D Additional Experiment Details

For the implementation of ONPO, we follow the hyperparameters in Dong et al. [2024], including
the cosine learning rate scheduler with a peak learning rate of 5× 10−7, a 0.03 warm-up ratio, and
a global batch size of 128. We use a grid search for 1/η over [0.1, 0.05, 0.02, 0.01, 0.005] and set
1/η = 0.01. Llama-3-SFT is trained for 5 iterations6, where in each iteration π′

t is trained for 2
epochs and πt for 1 epoch. While Mistral-Instruct, having already undergone instruction fine-tuning,
is thereby trained for 3 iterations, with π′

t trained for 1 epoch and πt for 2 epochs in each iteration. To
ensure a fair comparison, all baselines are trained using the same number of iterations and the same
prompt set as ONPO. All experiments are conducted on 8×A100 GPUs with 40GB memory each.

6Iteration 1, Iteration 2, Iteration 3, Iteration 4, Iteration 5.
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contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss it in Section 6.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
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Justification: We state the assumptions in Section 3 and provide the proofs in Appendix C.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: See Section 5 and Appendix D.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: We provide details about our data that can be found online. We have uploaded
our codes.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: See Section 5 and Appendix D.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [No]
Justification: Conducting LLM experiments with statistically significant justifications is
challenging due to the high computational costs and the substantial carbon emissions
generated.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: See Appendix D.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Conducted.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: There is no societal impact of the work performed.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper poses no such risks.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All datasets are used properly.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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