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ABSTRACT

Self-play post-training methods has emerged as an effective approach for finetun-
ing large language models and turn the weak language model into strong language
model without preference data. However, the theoretical foundations for self-play
finetuning remain underexplored. In this work, we tackle this by connecting self-
play finetuning with adversarial imitation learning by formulating finetuning pro-
cedure as a min—max game between the model and a regularized implicit reward
player parameterized by the model itself. This perspective unifies self-play im-
itation and general preference alignment within a common framework. Under
this formulation, we present a game-theoretic analysis showing that the self-play
finetuning will converge to it’s equilibrium. Guided by this theoretical formu-
lation, we propose a new self-play imitation finetuning algorithm based on the
x2-divergence variational objective with bounded rewards and improved stability.
Experiments on various of language model finetuning tasks demonstrate consis-
tent improvements over existing self-play methods and validate our theoretical
insights.

1 INTRODUCTION

Large language models (LLMs) have demonstrated remarkable success across a wide range of appli-
cations that require complex reasoning or specialized domain knowledge. A major recent advance in
LLM development is post-training alignment toward more desirable behaviors (Mishra et al., 2022;
Thoppilan et al., 2022; Chung et al., 2024). Modern post-training pipelines typically combine super-
vised finetuning (SFT) (Ouyang et al., 2022) with a variety of reinforcement learning from human
feedback (RLHF) methods (Bai et al., 2022; Rafailov et al., 2023; Guo et al., 2025).

Among these methods, Many reinforcement learning (RL)-based finetuning approaches (Rafailov
et al., 2023; Wu et al., 2024; Zhang et al., 2024; Calandriello et al., 2024; Zhang et al., 2025)
rely on a (general) preference oracle to label samples, which encourage the model to learn from
preferred responses over the undesirable ones. To reduce reliance on human preference annotations,
recent methods such as SPIN (Chen et al., 2024) study a self-play regime and treat the ground-truth
responses as positive samples and the model-generated responses as negative counterparts. Despite
recent empirical advancement, the theoretical understanding of the self-play regime remains limited.

This gap in theory limits principled development of self-play algorithms. For example, considering
a nontrivial subset of prompts in the dataset, the ground-truth response can be closely comparable
in quality, or even partially worse than, the model-generated response; in such cases, the induced
preference signal becomes ambiguous or misspecified, making the implicit reward model prone to
overfitting these irregular comparisons and thus failing to provide a reliable learning signal. In such
a cases, existing self-play formulations lack a clear theoretical mechanism to regularize the reward
model and can introduce misspecified supervision and destabilize training. This raises the following
question:

How can we theoretically characterize the (implicit) reward learning in self-play finetuning?

To answer this question, we connect the self-play finetuning with the adversarial imitation learning
(AIL) framework. Serving long as a principled framework for imitation and inverse reinforcement
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learning (Ho & Ermon, 2016; Abbeel & Ng, 2004), AIL formulates imitation from expert demon-
strations as a two-player game between a policy learner and a reward learner where the reward
learner aims to distinguish expert behavior from learner behavior robustly, while the policy learner
seeks to match the expert distribution by maximizing the reward model. This paradigm has been
successfully applied to a variety of robotics tasks (Rafailov et al., 2021; Ablett et al., 2023). No-
tably, a series of work Garg et al. (2021); Al-Hafez et al. (2023); Ren et al. (2024) has considered
regularizing the reward learning with improved empirical performance for classical reinforcement
learning.

In this work, we establish a conceptual and algorithmic connection between adversarial imitation
learning and self-play finetuning in large language models. We formulate this alignment process
as a min—max game in which the policy player corresponds to the language model itself, while the
reward player can be reparameterized using the model and its previous snapshots. Based on this
formulation, our contributions are threefold:

* We establish an adversarial imitation learning—based framework for self-play imitation finetuning
of large language models, which naturally generalizes to self-play methods with general prefer-
ence alignment.

* We provide a rigorous game-theoretic analysis of self-play language model finetuning within the
adversarial imitation learning framework. Guided by this analysis, we propose a novel self-play
imitation finetuning algorithm with theoretical advantages over existing approaches.

* We empirically evaluate our method on various families of language models, demonstrating con-
sistent performance improvements over prior methods and validating our theoretical insights es-
pecially a more robust reward learner.

2 RELATED WORKS

In this section, we discuss the related works on the imitation learning and self-play finetuning of
language models.

Imitation Learning. Imitation learning is an variation of reinforcement learning where the agent
aims to imitate expert behavior leveraging the reward-free expert demonstration. Historically, im-
itation learning approaches can be broadly categorized into two major classes. The first category
is usually referred to as behavioral cloning (Florence et al., 2022; Chi et al., 2024) which directly
imitate the expert demonstrations in a supervised learning manner. Several recent works have estab-
lished theoretical guarantees under these settings (Foster et al., 2024; Rohatgi et al., 2025).

The second category adopts a variational formulation casting imitation learning as a min-max opti-
mization between a reward model differentiating agent’s behavior from expert demonstration and a
policy optimization trying to maximize the reward. This approach are usually referred to as adversar-
ial imitation learning (AIL). Representative methods include GAIL (Ho & Ermon, 2016), IQ-Learn
(Garg et al., 2021), and LS-1Q (Al-Hafez et al., 2023). This line of work has also been supported by
rigorous theoretical analyses (Liu et al., 2021; Xu et al., 2024; Li et al., 2025).

Self-play with Preference Feedback. Self-play algorithms have been extensively studied in the
context of large language model alignment. Many existing approaches focus on general preference
alignment, where the model is iteratively updated using samples labeled by a preference oracle, of-
ten inspired by the DPO framework Rafailov et al. (2023). This line of work is frequently described
as RL with Al feedback, in which the preference oracle is typically instantiated by an LLM. For
example, CPL (Hejna et al., 2023) optimizes policies from preference data via contrastive learning;
iterative-DPO (Tu et al., 2025; Wu et al., 2024) repeatedly relabels model-generated responses with
a preference oracle and applies DPO-style updates; and xPO (Huang et al., 2024) introduces x?-
based regularization to stabilize policy optimization. In addition, SPPO (Wu et al., 2024) develops a
preference-based self-play framework with a squared-loss objective and formulates the interaction as
a constant-sum two-player game for general preference model. Closely related works (Calandriello
et al., 2024; Zhang et al., 2024; 2025) further cast preference alignment as seeking a Nash equilib-
rium in two-player games, yielding both improved empirical performance and stronger theoretical
guarantees.

Self-Play Finetuning with SFT Datasets. In parallel to self-play with a preference oracle, an-
other line of work studies self-play finetuning using standard SFT datasets that contain expert
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(ground-truth) demonstrations. For instance, SPIN (Chen et al., 2024) introduces a DPO-style
self-play objective that enables the model to iteratively imitate SFT data by competing against its
own past instances. While SPIN does not require an explicit preference oracle, it relies on expert
prompt-response pairs from SFT as the self-play targets. We refer to these methods as self-play
imitation, as it directly imitates SFT behavior rather than indirectly aligning to a learned or external
preference oracle.

Our work lies at the intersection of imitation learning and large language model self-play. We
reinterpret self-play imitation finetuning methods, such as SPIN (Chen et al., 2024), through the lens
of adversarial imitation learning, and provide the first unified game-theoretic analysis of this class
of methods. We further show that the same perspective naturally extends to self-play algorithms
for general preference, including SPPO (Wu et al., 2024) and INPO (Zhang et al., 2024). Finally,
by instantiating our framework with a variational formulation based on the y? divergence, in the
spirit of IQ-Learn (Garg et al., 2021) and LS-IQ (Al-Hafez et al., 2023), we derive a self-play
imitation finetuning algorithm that is both more stable and empirically more effective. Notably,
Sec. A provides a unified and rigorous discussion of both self-play imitation and preference-based
self-play finetuning under our AIL formulation.

3 PRELIMINARIES

We formulate the language model generation process as a contextual bandit problem. For each
round, the language model observes a context x € X and generates a response y € ). There exists
areward function r(x, y) in a reward class R can be learned for each context and response pairs. We
represent the language model as a policy 7(y|x) in a policy class II. Since the model aims to align
with a domain which an inaccessible generation policy 7* is preferred, the policy learning process
can be formulated as an adversarial process max, mingeyy Ex«[r] — E[r] that jointly learn the
reward and policy. This formulation is consistent with the standard adversarial imitation learning
setup.

Self-play finetuning. Self-play finetuning (SPIN) (Chen et al., 2024) aims to align a language
model with an SFT dataset D* generated by an expert policy 7*(y | ), which may represent human
behavior. At each iteration, SPIN updates the model by maximizing the following objective:

B m(ylx) m(y'|z)
JspIN = (x,yI)END* |:U <’B log 7Tk(y|x) —flog 7T’“(y’|x))] ’

y'~mt (o)

where 7 denotes the model from the previous iteration, o(-) is a monotonically non-decreasing
link function. By iteratively optimizing this objective and resampling data, SPIN drives the policy 7
toward the expert policy 7*.

Adversarial Imitation Learning. Instead of directly mimics the expert demonstrations using be-
havioral cloning, adversarial imitation learning (AIL) formulates the learning process as a two-
player game, providing a variational characterization of distribution matching between the expert
and behavioral policies. Formally, this involves jointly learning the reward and policy via the fol-
lowing optimization:

mfxx mgn E(S,a)wd* [r(s,a)] — ]E(s,a)wd" [r(s,a)] — (),

where d™ = (1 — ) > 07" Prr(st = s, a; = a) denotes the discounted occupancy measure
induced by the behavioral policy 7, and d* is defined analogously for the expert policy 7*. ¢ (r) is
a convex regularizer associated with the choice of statistical distance between the expert and behav-
ioral occupancy measures (Garg et al., 2021). Although we formulate adversarial imitation learning
(AIL) within the Markov Decision Process (MDP) framework, in the LLM setting considered in
this work the formulation naturally reduces to a contextual bandit problem, since no meaningful
transition dynamics are present.

For the simplicity of the theoretical analysis, we assume that the optimal expert policy as well as the
ground truth reward is realizable.

Assumption 3.1 (Realizability). The ground-truth reward function and optimal policy lies inside
the corresponding function classes, i.e., 7* € R and 7* € IL
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Imitation Objective ‘ Algorithm ‘ a(t) ‘ p(r) | Distance

SPIN (Chen et al., 2024) —log(1+e7) | ¥(r) =00 1[|r|ec > Rumax] D1,

Query Response Pairs (Linear) SPIN t P(r) =00 1[|7|oc > Rmax] Dty
SPIF (Ours) ¢ D(r) = Enig[r?] Dy mix

Iter-DPO (Tu et al., 2025) —log(1+e7 %) | ¥(r) = o0 1[|r|oc > Rmax] D1
Preference Oracle SPPO (Wu et al., 2024) t P(r) = Emix[r?] D2 mix
INPO (Zhang et al., 2025) t P(r) = Emix[r?] Dy 2 mix

GAIL (Ho & Ermon, 2016) t Y(r) =E[r —log(2—e™")] Dys

Expert Trajectories (MDPs) | 1Q-Learn (Garg et al., 2021) t »(r) = E[rY] D,
LS-IQ (Al-Hafez et al., 2023) t (1) = Emix[r?] D, 2 mix

Table 1: Overview of the Algorithms. This table summarizes AIL and LLM self-play algorithms
under our unified framework, with different learning setting, imitation objective, choice of link
function and convex regularizer, and the resulting statistical distance being minimized for each al-
gorithm. Epix denotes the mixed regularizer ¢(r) = S$Eq«[r(z,v)?] + SEx[r(z, )%, Dyz mix
denotes the mixed x? divergence, defined between expert and model data for non-preference-based
methods, and between positive and negative samples for preference-based methods. (Linear) SPIN
is refer to as a variant of SPIN (Chen et al., 2024) using identical link function o(t) = ¢t. INPO
is an KL-constrained optimization w.r.t 7°°f, so it has an additional regularizer compared to other
methods.

4 AN ADVERSARIAL IMITATION LEARNING VIEW

4.1 A SINGLE-STAGE FORMULATION

In this section, we focus on formulating the self-play finetuning problem imitating an expert data
distribution 77* from an initial policy distribution as an adversarial imitation learning process:

maxminE, [0( E [r(z,y)]-E [r(z,y)]) — w(r)} ) 4.1)
T yrm* y~
where o denotes the monotonically non-decreasing link function such as o(t) = t or o(t) =

—log(1 + exp(—t)), and 9 (r) is a convex regularizer (Ho & Ermon, 2016). Notably, optimiz-
ing the objective in (4.1) is equivalent to minimizing a statistical distance between the expert and
current policy distributions (Ho & Ermon, 2016; Garg et al., 2021), given a identical link function
o(t).

In this work, we focus on the choice of the convex regularizer ¢ (r), corresponding to the original
regularization term ¢(r, 7*~1) with the Bregman divergence component removed. Different choices
of ¥ (r) induce different properties in the resulting self-play algorithms. In particular, we study
two specific regularizer choices that cast the min—max optimization in (4.1) as a statistical distance
minimization:

Total Variation Distance. Consider a regularizer with ¢(r) = 0 for ||7||cc < Rmax and t(r) = oo
otherwise, and an identical link function with o(¢t) = ¢. This formulation is equivalent to
minger RyaxDrv(m, 7*) under a trust region constraint. Taking the closed form of the policy
update, can recover the learning objective of (Linear) SPIN (Chen et al., 2024). However, original
the reward reparameterization used in SPIN doesn’t explicitly enforce the boundedness of the
reward, thus Ry, ,x can be arbitrarily large.

KL Divergence. For ¢)(r) = 00 - 1[|r|cc > Rmax), and a link function with o(¢) = —log(1 +
exp(—t)). This formulation can be seen as minimizing the KL divergence, which recovers SPIN
(Chen et al., 2024) under logistic link function. We prove it under a multi-iteration two-stage sur-
rogate, as used in SPIN, in Appendix J. Notably, R,.x here is unbounded and can be arbitrary
large.

Pearson x? Divergence. Consider a regularizer with ¢)(r) = cE«[(r(z,y))?] and a link function
o(t) = t. This formulation is equivalent to min,c; D2 (7||7*) under a trust region constraint. This
regularizer can further be generalized to ¢ (r) = ca-Er[(r(z,y))?]+c(1—a)-Ex[(r(x,y))?], which
can characterize the data mixing strategy during self-play and equivalent to min ey D2 (7* ||am* 4
(1 — a)m) (Al-Hafez et al., 2023) under trust region constraints on policy and reward. Since SPIN
with both identical and sigmoid link function cannot guarantee a bounded reward, the magnitude
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Algorithm 1 Self-Play Imitation Finetuning (General)

1: Input: Number of iterations K, expert policy 7*, reference policy 7.
2: Initialize 7! = 7™,
3: fork=1,2,...,K do
4:  Obtain 7% by solving
argmax, E «[r(z,y)] — Exx[r(z,y")] — o(r,r
5. Update policy 7%*! by solving
argmax, E,[r*(x,y)] — 8Dk (7 ||7")
end for
7: return 7

k=1)

&

K+1

of the reward from SPIN may be arbitrarily large in their cases. In contrast, we can show that
by applying the equally sampled mixed x? regularization, i.e., ¥’(r) = (1/2)c - Er+[(r(z,v))?] +
(1/2)c - E[(r(z,y))?], can lead to a bounded divergence and a bounded reward, which leads to
theoretical benefits in the following analysis in the two-stage optimization alternative. Notably,
Al-Hafez et al. (2023) has derived a similar result within MDP setting with occupancy distribution
matching. We’ll adapt their result to contextual bandit setting in our case. We now introduce the
following proposition showing the boundedness of the reward when using the mixed y? convex
regularizer:

Proposition 4.1 (Contextual bandit version of Proposition A.2 and A.3, Al-Hafez et al. 2023). The
mixed Pearson y? divergence between 7* and the mixture distribution Z£™ induced by the convex
regularizer ¢(r) = § - (Ex+[(r(2, y))?] + Ex[(r(z,y))?]) is bounded by:

0< 2D (n* 25 ) < L.
Furthermore, the optimal reward for solving the variational form of this Pearson y? divergence:
2DX2 (7-(*” 71'—&-271—* ) = sup E [T(1'7 y)] —E, [r(x7 y)]
T

c

= 5 (Ene[((@,9))] + Exl(r(a.)))

is bounded within the interval [—1, 1].

4.2 A TWO-STAGE ITERATIVE ALTERNATIVE

Directly solving the min-max optimization problem in (4.1) may be hard in practice, prior work
usually decompose it into a two-stage iterative optimization process (Ho & Ermon, 2016; Garg et al.,
2021). This iterative process can be decomposed into a two-stage algorithm iteratively optimizing
the reward 7 and policy 7:

rk = arngnaXIEp [G(Eﬂ* [r(z,y)] — Exx[r(z,y)])

- ¢(T7 Tk_l)} )
7 = argmax E,, [Eﬁrk(fmy) - ﬂDKL(WHWkﬂ . 4.2)

To attain a more stable optimization process, we seek to constrain the optimization in (4.2) by
regulating the optimization process with an additional KL constraint D (7||7") on the policy for
mirror descent and a one-step Bregman constraint for ~, which leads to a new convex regularizer
(r,r*=1) = (r) + ¢(Dg(r,r*=1). Dy(r,r*71) is a Bregman divergence defined by a convex
function f. One thing worth mentioning is that the policy optimization objective has a closed-
form solution 751 oc 7% exp(3~1r*). SPIN (Chen et al., 2024) has leveraged this closed-form to
reparameterize the reward function, converting the two-stage algorithm into a single-stage iterative
policy optimization.

4.3 A GAME-THEORETIC ANALYSIS

We first formulate (4.1) as a two-player game between policy 7 and reward r. Thus the following
weak duality holds:
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Proposition 4.2. The problem defined in (4.1) has the following weak duality with a identical link
function o (+):

min J(m,r*) < J(7*,r*) < max J(7*, 1),

where J(m,r) = E )[ E r(z,y) —yIEWT(JJ,y)].

T~p(Tyy~T*

Following Proposition 4.2, we further characterize the duality gap of the alternative two-stage ad-
versarial algorithm:

Definition 4.3. For Algorithm 1, define the duality gap as

DualGap = max,cr J(7,r) — mingen J (7, 7),
where 7 = (1/K) S, rF and 7 = (1/K) S p_, "

By Definition 4.3 and Proposition 4.2, we are ready to provide an upper bound for the duality gap
of the self-play imitation algorithm:

Theorem 44. Let r : R N {X X VY — [—Rmax, Rmax]}, D=max e Dxp(7*||7),
B=max,cg D;(r*,r)/R2,.., and (=VK/(BR?,,), 3=V K/D in Algorithm 1 with an identical

link function o (t)=t, the duality gap is upper bounded by:

(D + B)R?nax>
Nre :

Remark 4.5. Theorem 4.4 suggests the upper bounds for the iteration steps K < O(R2 (D +
B)?¢2). Similar setting (adversarial imitation formulation with KL-constrained policy update)
have been stud~ied in OGAP (Liu et al., 2021) but with linear MDP and without estimation error.
They achieve O(1/+/K) suboptimality gap upper bound, which matches our results although with
different setting. Prior work considering the setting of Nash policy optimization with general pref-
erence also achieves the upper bound for K with similar order (Zhang et al., 2024).

DualGap<O (

Remark 4.6. From Proposition 4.1, we have that using the mixed Pearson x? divergence as the
choice for the convex regularizer leads to a bounded reward, where Ry,ax = 1/c. This suggests the
theoretical benefit of leveraging x? divergence as the regularization compared to using KL diver-
gence or TV distance as in SPIN (Chen et al., 2024), since a bounded reward may result in small
Ruax, and a tighter upper bound for the duality gap according to Theorem 4.4.

Remark 4.7. The reward space R in Theorem 4.4 is defined by strictly enforcing the regularizer
1 (r), which can be seen as turning the Lagrangian dual form in (4.1) into a constrained optimiza-
tion by turning v (r) from to regularizer to a hard constraint on the reward space. By employing
Assumption 3.1, we assume that the optimal reward is still in the constrained reward space.

Following Theorem 4.4, leveraging a mixed x? regularizer ¢(r) = (1/2)c-Er«[(r(z,v))?]+(1/2)c-
E.[(r(x,y))?], by Proposition 4.1 we can have the bounded reward property, i.e., the reward that
solves the variational form of Pearson x? divergence is bounded by [—1/c, 1/c]. In this case, we can
have a bounded R,,.x, Which leads to a tighter upper bound depicted in Theorem 4.4, compared to
unbounded formulation in SPIN (Chen et al., 2024).

5 x? SELF-PLAY IMITATION FINETUNING

We consider a setting that given a finetuning dataset D* containing query-response pairs sampled
from an oracle 7* similar with SPIN (Chen et al., 2024). Since Proposition 4.1 and Theorem 4.4
has shown theoretical benefit of leveraging y? divergence as the convex regularizer in the self-play
imitation setting. We aim to derive a practical algorithm under the scope of using x? divergence by
choosing a identical link function o(t) = ¢ and a convex regularizer (1) = a - Ep+[(r(z,9))?] +
(1 — «) - E;[(r(x,))?] for the formulation in (4.2). The KL-regularized policy optimization (4.2)
yields the following closed-form solution:

r(z,y) = Blog (:k((yyg)) + Blog Z(x).
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Algorithm 2 Self-Play Imitation Finetuning (Practical)

Input: Number of self-play iterations K, expert dataset D*, reference policy 7', sample size M.
1: Initialize 7! = 7™,
fork=1,2,..., K do
Sample a dataset D* using current policy 7.
Update policy via (5.2).
end for

return 751

A A

To avoid estimating the partition function Z(z), we establish a reward mapping by subtracting the
partition function:

Ar(e,y) = r(e,y)—BlogZ() = ﬂlog(:k(f’y'g) ) 5.1

We note that applying this reward mapping still yields the same upper bound on the duality gap in
Theorem 4.4:

Proposition 5.1. Leveraging the mapped reward from (5.1) to conduct Algorithm 1, the upper
bound of duality gap in Theorem 4.4 still holds.

Using this reward mapping, we can turn the x? regularized two-stage formulation in (4.2) into a
singe stage least square optimization problem in the following proposition:

Proposition 5.2. Updating via (4.2) under the mapped reward defined in (5.1) and the regularizer
in the form of ¥(r) = ca - Ep«[(r(z,y))?] + ¢(1 — a) - Ex[(r(z,y))?] is equivalent to minimizing
the following regularized objective:

1 = argmin, L(7) + E, « o (Dy(m,7),

where £(7) is the least square objective:

2
L(1) = aE, v [6 log ;k(éjr;)) — rmax}

m(y|z) ?
1-— E 1 — "min| »
+ ( O[) p,ﬂ'k(z) |:6 Og ﬂ_k(y‘m) r i|

in which rpax = 1/(2ca), Tmin = —1/[2¢(1 — «a)] and Dy(m,7*) =

(1/2)E e () [B log(m (]2) 7 () 2.

Remark 5.3. Similar formulations as in Proposition 5.2 has been previously explored in some lit-
eratures proposing stable versions of GANs (Mao et al., 2017) and adversarial imitation learning
(Al-Hafez et al., 2023). The key difference of the formulation proposed in Proposition 5.2 com-
pared to prior work is that we plugged the closed form solution given by the KL regularized policy
optimization objective into the original least square reward learning objective using the reward map-
ping defined in (5.1).

Remark 5.4. As discussed in Sec. 4.1, leveraging the convex regularizer ¢¥(r) = ca -
Er [(r(z,y))?] + (1 —a) - E[(r(z, y))?] with coefficient « for reward learning objective is equiv-
alent to measuring the mixed x? divergence D, 2 (7*||am* + (1 —a)n*). Therefore, o can be seen as
a coefficient for mix-up ratio between oracle data generated from 7* and the data from the previous
policy 7%. The data mix-up strategy has been applied in the practical implementation of SPIN (Chen
et al., 2024). Usually, we set « = 0.5 to consider the balanced sampling scenario, i.e., drawing the
same amount of data from the oracle policy 7* and the previous step policy 7*.

By Proposition 5.2, we can retrieve the learning objective of our proposed x? self-play imitation
finetuning algorithm using finite dataset approximation and balanced sampling (o« = 0.5) for one
iteration:

7+ —argmin £(m)+
T

¢ m(y|z) 12
5(ﬂﬂ~,z/)~1%*uz>k [lo 7'['k7(y|x):| ’ (5.2)
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Qwen3-4B Mistral-7B
Methods Arc-Challenge MMLU HellaSwag WinoGrande | Arc-Challenge MMLU HellaSwag WinoGrande
Base 51.62 68.33 67.57 65.43 5333 53.18 74.47 71.67
SFT 54.46 68.58 69.68 66.80 54.24 54.08 76.11 72.77
SPIN Iter-1 53.84 68.10 67.98 66.06 54.21 54.11 75.52 72.93
SPIF Iter-1 (Ours) 55.12 68.66 70.48 68.11 54.05 54.60 75.92 73.09
SPIN Iter-2 54.58 67.90 68.10 67.13 54.52 54.40 75.39 73.14
SPIF Iter-2 (Ours) 56.66 68.75 71.43 68.34 54.41 55.02 76.63 74.33
SPIN Iter-3 55.12 68.06 68.32 67.61 54.60 54.38 75.47 73.42
SPIF Iter-3 (Ours) 57.11 68.83 71.92 68.82 54.70 55.24 77.14 75.02

Table 2: Main Results. We report results over three iterations on two language models, comparing
our method against the supervised finetuning (SFT) baseline and SPIN (Chen et al., 2024). Our
approach consistently outperforms the existing baselines acorss most settings.

where £ () is the empirical loss with dataset D* and DF:

—~ 1 w(y|z 2
E(’ﬂ') = 5 E(x,y)ND* |:5 IOg (y| ) — rmax:|

T+ (ylz)
1 m(y|z) 2
+ 5 E(w)y)Nka |:/8 log 7_[_k;(y|1.) - Tmin:| )
with 7ax = 1/c and rpi = —1/c. Intuitively, E(w) corresponds to a least squares objective

that pushes the rewards of expert samples in D* toward 7,,, While pulling the rewards of samples
from the previous iteration dataset DF toward 7y, thereby creating a clear margin between the
two classes of data for discrimination. The second term in (5.2) serves as a regularizer that mitigates
over optimization and encourages the updated reward to remain close to the reward from the previous
iteration, which aligns with the mirror descent update applied to the reward player in Algorithm 1.

6 EMPIRICAL RESULTS

This section presents a detailed empirical analysis of self-play imitation finetuning (SPIF) under
the x? divergence, along with a comparative evaluation against SPIN (Chen et al., 2024) and a
standard supervised finetuning (SFT) baseline. We conduct experiments using a Qwen3-4B model
(Yang et al., 2025) and a instruction-following Mistral-7B model (Jiang et al., 2023) on 50k samples
subsampled from the UltraChat SFT dataset (Ding et al., 2023).

For self-play—based methods (ours and non-linear version of SPIN (Chen et al., 2024)), at each
iteration k we first generate synthetic responses by sampling y* ~ 7*(- | ) for each prompt x in
the SFT dataset. The model is then trained following Algorithm 2 on data triples (z, y*, y*).

We evaluate the resulting models on a diverse suite of benchmarks, including Arc Challenge (Clark
et al., 2018), MMLU (Hendrycks et al., 2020), HellaSwag (Zellers et al., 2019), and WinoGrande
(Sakaguchi et al., 2019), to assess instruction-following capabilities. Performance results over three
self-play iterations are reported in Table 2. Our method consistently outperforms the supervised fine-
tuning (SFT) baseline and SPIN (Chen et al., 2024) across most evaluation settings, demonstrating
the effectiveness of the proposed algorithm. We provide detailed implementation descriptions and
experimental settings in Appendix L, additional experimental analysis in Appendix M and ablation
studies in Appendix N.

7 CONCLUSION

We presented a unified theoretical view of self-play post-training for language model alignment
by formulating it as adversarial imitation learning. With a game-theoretic analysis based on this
perspective and clarifies the relationship underlying existing methods, we propose a self-play im-
itation finetuning algorithm based on a y2-divergence variational objective, which yields bounded
rewards and improved training stability. Experiments on various of models demonstrate consistent
improvements over prior self-play methods, validating both the theoretical insights and the practical
effectiveness of the proposed approach.
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A DISCUSSION

A.1 ADVERSARIAL IMITATION LEARNING.

Existing adversarial imitation learning methods typically optimize a single-stage min—max objective
as in (4.1), but are formulated under the full MDP setting rather than the contextual bandit setting
considered in this paper. In particular, GAIL (Ho & Ermon, 2016) employs a regularization that
makes the resulting objective equivalent to minimizing the Jensen—Shannon divergence between ex-
pert and behavioral distributions. IQ-Learn (Garg et al., 2021) uses the regularizer ¢ (r) = E . [r?],
which is equivalent to minimizing the x? divergence between the expert occupancy measure p* and
the learner occupancy measure p™, where p denotes the policy occupancy measure. LS-IQ (Al-
Hafez et al., 2023) further considers the regularizer ¢ (r) = a E,«[r?] + (1 — ) E,=[r?], which
corresponds to minimizing the x? divergence between p* and a mixture of p* and p™ with mixing
coefficient c. Notably, the regularization used in LS-IQ is closely related to the formulation adopted
in this paper.

A.2 SELF-PLAY IMITATION FINETUNING

Self-play imitation finetuning refers to methods that leverage an SFT dataset to perform self-play,
with the goal of imitating behaviors in the SFT data rather than optimizing external signals such as
preferences. Both SPIN (Chen et al., 2024) and our proposed Algorithm 2 fall into this category.
We show that both methods can be formulated within the standard adversarial imitation learning
framework in (4.1).

In particular, the linear variant of SPIN (using idential link function o(t) = t) directly minimizes
the total variation distance between the expert policy 7* and the learned policy 7, as proved in Ap-
pendix I. The nonlinear variant of SPIN (o (¢) = — log(1 + exp(—t))) can be viewed as minimizing
a KL divergence between 7* and 7, as shown in Appendix J.

As self-play methods can be cast as imitation learning toward a prescribed objective (Table 1), they
implicitly induce a capacity ceiling determined by the underlying imitation target. Consequently, the
model capability attainable through such procedures is fundamentally bounded, implying that exist-
ing LLM self-play algorithms cannot achieve infinite capability gains via iterative self-improvement
alone.

A.3 SELF-PLAY FOR GENERAL PREFERENCE ALIGNMENT

In this sections, we extend our discussion to the general preference alignment with self-play without
the need of Bradley-Terry preference model (Wu et al., 2024; Zhang et al., 2024; 2025). Similar
with our proposed x? self-play imitation finetuning, these methods often rely on the squared loss
in different settings. Below, we show that this line of work admits an AIL interpretation with
respect to a general preference oracle and exhibit a close connection to x? divergence-regularized
adversarial imitation learning.

SPPO. Given an estimated probability P(y = 7*|x) using the general preference model, the objec-
tive in SPPO (Wu et al., 2024) for policy 7%+ can be written as:

. m(ylzr) 1 ?
argmin B [logwk(y\x) —5(Ply = 7"lo) - %)} '

This update rule shares similarities with our proposed objective in (5.2) by optimizing the x? regu-
larized AIL objective under a trust region constraint by slightly generalizing our proposed imitation
framework in Sec. 4 to preference-based policy optimization using the following proposition:

Proposition A.1. Given a preference model that outputs w*(z,y) := P(y = 7* | z), lety ~
7% (-|2) and define the weighted expectations:

Eﬂ'i [f(xa y)] = ]EyNTl'k("w) [wk(xv y) f('ra y)} )
E‘n-’j [f(:t, y)] = ]EyNTrk(v\w) [(1 - wk(xvy)) f(x,y)] .
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With o(t) = t, mixed x? regularizer and Ar(x,y) being the mapped reward function in (5.1), the
SPPO objective is equivalent to optimizing:

arg max E, [o(]E,ri [Ar(z,y)]

—E [Ar(z,y)]) - o(Ar, Ar )],

Remark A.2. Proposition A.1 provides a new derivation of SPPO algorithm, differs from the origi-
nal derivation from Wu et al. (2024). This new formulation shows that instead of imitating the expert
policy 7* in original AIL formulation shown in (4.2), SPPO is adversarially imitating the general
preference oracle P(y = % | x).

Iterative DPO. Iterative DPO serves as a baseline in SPPO (Wu et al., 2024) and has also been
applied to enhance LLM reasoning (Tu et al., 2025). In practice, it replaces the SPPO loss with a
DPO-style objective while keeping the remaining components unchanged. In Appendix K, we show
that this procedure implicitly minimizes the KL divergence between the model policy and an expert
policy 7* induced by the preference oracle iteratively.

INPO. INPO (Zhang et al., 2024) formulates the general preference alignment problem as solving
Nash policy with online mirror descent. For each iteration, it updates through the following update
rule:

7_‘_k—&-l

™ T
= argmin E log (yu|)
T gy~ () m(yi|x)
z~p(z)
Yuw Y1~ p (4,Y”)

" g Ttk =7, 7 le) 1
n mrei(yilz) U m™(yilz)  2n
We show that this update rule is equivalent to a iterative AIL procedure operating on the preference

oracle. Compared to SPPO (Wu et al., 2024), this equivalence arises under a different construction
of wi and 7¥ | as well as a distinct reparameterization of Ar.

2

Proposition A.3. Given a preference model that outputs w*(x,y) := P(y = 7 | z), let (y,y') ~
7% (-|z) x 7% (-|x) and define the weighted pairwise expectations:

Eox [£(@,9,9)] = By yymmbscrs [0 (2, 9) fla,9,9)]
Eox [f(2,9,9)] = By yrymmtnr [w5(2,) f(2,9.9)] -
Then the INPO objective is equivalent to optimizing Ar with the mixed x? regularizer for:
arg max Ezep {U(Eﬂi [Ar(z,y,y")]
B [Ar(z,y,y)]) - o(Ar, Art 1),
where o (t) = t, and Ar(x,y,y’) is defined in:

Ar(z,y,y') =

7T<y|LL') 7-‘-ref(y'm) ﬂk(y|;1;)
1 —7l —(n—1)log ———=. A.l
B rly) O mlyle) 8 TRy ) (A1

Remark A.4. The reward reparameterization defined in (A.1) does not directly arise in closed form
from a direct mirror descent optimization as in (4.2). Instead, it has an additional KL regularizer
Dy (]| mer), reflecting the fact that INPO (Zhang et al., 2024) formulates a constrained optimiza-
tion problem with respect to the reference policy m¢. The resulting formulation involves a paired
response (y,y’) for canceling the partition function. Nevertheless, the overall AIL interpretation
remains consistent.

ONPO. ONPO (Zhang et al., 2025) extends INPO by replacing standard online mirror descent with
optimistic online mirror descent. Under the assumption that my = Ey/or, (o) [Py = ¥')] is
known, and by introducing an additional policy player, ONPO achieves an improved duality gap
upper bound of O(1/K), in contrast to the standard O(1/+/K) rate of online mirror descent. By
adopting the same assumption and augmenting Algorithm 1 with an additional policy player, our
framework can similarly strengthen the result in Theorem 4.4 to an O(1/K) rate.

13
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B PROOF OF THEOREM 4.4

B.1 KEY LEMMAS

We first introduce the following lemmas:

Lemma B.1 (One-Step Descent, Cai et al. 2020). For two policy distributions 7* and 7, and a
reward function 7 : X X J = [—Rumax, Rmax|, it holds for 7' (:|x) o< 7(-|z) - exp(n - r(z, -)) that:

(r(z,-), 7" (-Jx) = m(-|z)) < &;2“” +07 - (Dxu(* (o)l (-]2)) = Dew(m* (o) 7' (-|)))

Proof. For any function r : X x ) — R and distributions 7 (-|z), 7'(-|x) € A(Y) that satisfy
' (z) o< w(-|z) - exp(n - r(z,-)),
we have
n-{r,7* — ') =(Z +log(n' /), 7* — 7'}
=(Z, 7" —7") + (log(n* /7),7*) + (log(7' /7*), 7*) + (log(n’/7), —7")
= Dy (7" || 7) — D (7" || ') — Dy (7 || 7). (B.1)
Here z : X — R is a constant function defined by
Z(w) =10g( 3 w(yla) - exp(n- r(x.v))),
yeY
which implies that (Z, 7* — 7’y = 0in (B.1) as 7'(-|z), 7*(-|z) € A(Y). Moreover, by (B.1) we
have
n-(r(z, ), 7 () —7(|2)) =n- (r(z,), 7*() — 7' (fx)) =0 (r(z, ), 7(|z) — 7'(:|2))
< Dyo (7 (]2) || w(|2)) — Do (7*(2) || 7' (-|2)) — Diw (7" () || 7(]))

0@, Yoo - () — 7' (|2)l (B.2)
for any state x € X'. Meanwhile, by Pinsker’s inequality, it holds that
D (' || ) = ||m — #'|[3 /2. (B.3)

Combining (B.2), (B.3), and the fact that ||r(z, ) || oo < Rmax, with Lemma B.3, for any state x € X,
we obtain

n-(r(z,), 7 () = 7(-|2)) < Dge(n*(|2) [| 7(-|2)) = Dy (7" () || 7' (-|2)) = |7 (-|2) — 7' (|2)]17/2
+ N Rmax - |7 (-|2) — 7' (|2) (11
< Do (7" (:|2) || 7 (-|2)) = Dy (7 (fa) || 7' () + Riwaxt® /2,
which concludes the proof. O

Lemma B.2. For two policy distributions 7* and 7, and a reward function r : X x Y —
[~ Rmax, Rmax)» if 7% is optimized using Online Mirror Descent (OMD) against a m-player up-
dated via Line 5 of Algorithm 1, denote 7 = (1/K) Zle r*, D = max,eqn Dy (7*|7) and
BR2,,. = max,er Ds(r*,r), it holds that:

max

max(r(x, ), 7(z) = 7 (|2)) < O (D + B) R0/ VE)

mell

Proof. For m-player, by Lemma B.1, taking D = max,cr Dgi (7*||7) and n=* = = VK/D,
we have:
K

K
k _ ko_ky P2 . )
grgggmw ) ;<T ,7*) <O(D - R}, VEK) (B.4)

14



Published at ICLR 2026 Workshop on Al with Recursive Self-Improvement

This upper bound implies:

K K
max (r* m—7*y—O(D-R2, VK Z rk ok — (B.5)
k=1 k=1
The r-player runs online mirror descent on the sequence of loss vectors g* = V,.(r, 7% — 7*) =
7% — 7*. The OMD regret bound for a minimizer, relative to the fixed saddle-point strategy r*, is
K K
Z<rk7ﬂ-k - 7T*> - Z<T*7ﬂ'k -7 > < O(R?naxB v K)7
k=1 k=1

where the inequality is due to the fact that the Bregman divergence is bounded, i.e.,
max,cg Dy(r*,r) = R2, B, and selecting ( = +K/(BR? yielding a regret of

max de)

O(R?,,. BVK). This gives an upper bound:
K

K
Z(r k- Zr ™ — 1) + O(R?%, . BVK). (B.6)

k=1 k=1

We now bound the >, £(r*, 7*) term in (B.6). We observe (r*,m — 7*) < (r*,7* — n*) = 0 for
all 7. Substituting this into (B.6) yields:

K
>k xh — ) < O(R2,.BVE). (B.7)

k=1
We now combine the lower bound (B.5) and the final upper bound (B.7):

K K

mef%( <Tka ™= 7T*> - O(D annxf) S <Tk77rk -7 > < O(anmx \/E)v
== -1

which implies:
K
max > (k7 — 1) < O(D - R2, VK) + O(R%,, BVK) = O ((D + B)anaxf) .

mell
k=1

Due to the objective linearity, we can rewrite the LHS using the definition of 7 = (1/K) Zszl rk:

K

Sk 7 ) = <Z“‘” - ”*> = K- (77,
k=1

k=1

Substituting this back into our combined inequality:

max (K- (F,m—7)) <O ((D + B)R?nax\/») :

Finally, dividing by K, we arrive at the desired result:

max £(7,7) < O (D + B) R0 /VE)

well
which concludes the proof. O
B.2 SUPPORTING LEMMAS

Lemma B.3. Let 7(:|z) € A()) be a probability distribution over a discrete action set ) condi-
tioned on state x, and let 7 : X X J — [~ Rmax, Rmax)- Define the updated policy

7' (ylx) oc w(ylz) exp(nr(z,y)), Vye .

Then the KL divergence between 7’ and 7 satisfies

Dy (7' (c|2) | (+])) < 232

max*
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Proof. Fix x and omit its notation for simplicity. Let

Z =B "] = wlyle)e™ ™Y, f(n) =log Z.
yey

The updated distribution can be written as

r(ylz)em oy

™ (ylr) = 7

The KL divergence can be expressed as

D (7)) = 3 7 (y1) log 7;'((;';’ = pEpfr] — log Z.
yey

Let u = E,[r], and define the centered cumulant generating function

¢%n)=:f(n)—-nuzzlogmﬂ[emTfuq.
It follows that
$(0) =0, ¥/(n) =Exlr] =, " () = Vare (r).
Thus,

D (/||) = m () — () = / ") d.

Since ||7|oo < Rmax, we have 9" (t) = Vary, (r) < R2

max

for all ¢. Therefore,

n 1
meWﬂS/tﬁ dt = o0’ Ry

max max*
0

B.3 DETAILED PROOF

Proof of Theorem 4.4. According to Definition 4.3, the formulation of the duality gap can be re-
writed into a form of inner product:

DualGap = (7, 7* — ) — miﬁl(F, T =)
TE

=(r, 7" —7) + glgﬁ((?, T =)

=

_ 1 =K k = *
= K 4 1<r,7r ™ >+ngﬁ(<r,ﬂ ).

Let 7 = B!, we can upper bound the duality gap as:

DualGap (B.8)
1 < R2
< % 2 5 4 8- [P ()l () = Dia (7 (o)l ()] + O (Bhae(D + B)VE)
k=1
R?. (D+B
S O < max( + )> . (B.9)
VK
where the first inequality leverages Lemma B.1 and B.2. The last inequality uses the telescoping
property, let D = max,er Dge (7*||7) and selecting 3 = v/ K /D. O
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C PROOF OF PROPOSITION 4.1

Proof of Proposition 4.1. We first proof the boundedness of the optimal reward. This proof follows
the proof of Proposition A.2 in Al-Hafez et al. (2023). For the mixed x? divergence, by the definition
of the variational form of Pearson x2 divergence, we have:

2D (| + ) /2)

— max 28, (Ex- (@ 9)] ~ Exlr(@, )] - SEx: ((,9))%] - SEal(r(z,))?))

=max [ [ 0le)ote) (r(0.9) = §re)?) - wlol)ote) (ran) + Grie o)) drdy

For any a,b € RT /{0}, the function r — a(r — §7%) — b(r + §7?) reaches its maximum at £ =2,

which is bounded by [—1/¢, 1/c]. By setting a = p(z)7*(y|z) and b = p(x)7(y|z), we can obtain
the closed-form of the optimal reward under mixed x? divergence matching:

* _ lﬂ*(yh") — 7T<y|$) (vl vyl

which is bounded by [—1/c, 1/¢]. Furthermore, we prove the boundedness of the mixed Pearson x?
divergence D, (7*||(7* + 7r)/2) ie, 0 < 2D, (7*|(7* 4+ 7)/2) < L. The proof of this result
is adapted from the proof of Proposition A3in Al Hafez et al. (2023). We consider the following
algebraic transformation by plugging in the optimal reward formulation:

(" [|(m + )/2)

/ [ 7 et (<) = 5t @) = wlale)ote) (<) + 5 ) dody
[ Lo <:*;:>—;c(::;:>2)

() () e
e

T* T -2 1
= 7E E E, E <-
2c p( |:7T*+7T:| + |:7T*+7T:| + |:7T*+7T:|) c

which concludes the proof. O

D PROOF OF PROPOSITION 4.2

Proof. By Definition of the optimization problem in (4.1). O

E PROOF OF PROPOSITION 5.1

Proof of Proposition 5.1. Since mapping the reward from r(z, y) to Ar(z,y) can be seen as setting
log Z(x) = log ) ,cy m(y|z) exp(B~tr(x,y)) = 0 in Theorem 4.4. In the proof of Theorem 4.4,

we observe that (Z, 7* —7') = 0 for 7’ o 7-exp(B~1r). This identity still holds if we set log Z = 0.
Therefore, when we set log Z = 0 and re-apply the proof for Theorem 4.4, we will obtain the same
result. O

F PROOF OF PROPOSITION 5.2

Proof of Proposition 5.2. Consider the reward update rule:
(Ar)* = argmax 5, J(Ar) = E, [0(Bx Ar(a,y) — Eqe Ar(z,y)) — (A, (Ar) ],

17



Published at ICLR 2026 Workshop on Al with Recursive Self-Improvement

where ¥ (Ar, (Ar)*=1) = (D (Ar, (Ar)F 1) +ca-Er [(Ar(2,9))?] + (1 — o) - Ex [(Ar(z, y))?]
is the Bregman divergence constrained convex regularizer, and o (¢) = ¢ is the identical link function.
By simple algebraic manipulation:

J(Ar)

=E, [Eﬂ* Ar(z,y) — Ex Ar(z,y) — ¥(Ar, (Ar)kil)]

=E, [Eﬂ* Ar(z,y) — B Ar(z,y) — ca - Ex [(Ar(z,9))?] — c(1 — a) - B [(Ar(z, y))QH
—E,(Dy(Ar, (Ar)F)

=E,ca [claETr* Ar(sc,y)IEﬂ*[(Ar(x,y))Q]} +E,c(1 —a) |:E7Tk[(AT(.I,y))2]

—E, (D (Ar, (Ar)F1)

1

mEﬂ.k Ar(z,y)

1

2
1 1 1
=—E,  ca [Ar(w,y) — } +t i

2¢(1 — a)} + 4c(l — @)

—E, . c(l— A
% co p,mk C( Oé) |: T(l‘,y) +
— E,(Dy(Ar, (Ar)F1).
Turning the maximization to minimization:
argmax »,. J (Ar) = argminy,. L(Ar)
177 1 177
=E,  ca {Ar(w,y) — ] +—+E, +c(l-a) [Ar(m,y) + )}

2ca dea

1
+ 0= +E, (D (Ar, (Ar)*=h),

which is equivalent to:

1]° I
argminy, E, -« o {Ar(x, y) — 20&] +E, - (1 —a) [Ar(aj,y) + 20(1_00} +E, ¢'Ds(Ar, (Ar)kﬂ)’
where ¢’ := (/c and removing the constants that do not affect the learning objective. Taking

Dy (z,a') = 3|z — 2'||* over both data generated by 7* and 7* and plugging in the reparameteri-

zation of Ar, i.e, Ar = Blog(m/7*) will lead to the final objective:

2 2
, m(ylz) 1 7(ylx) 1
E, 1 | +E, . (1— 1
B Sp, e @ [5 8 7k(ylz)  2ca +Epm (1 0)|Blog k(y|z) + 2¢(1 — «)
2
7(ylz)
+E, {log } )
o ()
Taking (" := (%(/c concludes the proof. O

G PROOF OF PROPOSITION A.1

Proof. From Proposition A.1, we consider the general preference alignment formulation with the
mapped reward Ar defined in (5.1). For each * ~ p(z), we sample y ~ 7"(-|z) and denote
w*(z,y) := P(y = % | z). The reward-player objective is

max E, [E’Ti Ar(z,y) — E x Ar(z,y) — (A, (Ar)k_l)} . (G.1)

Taking balanced sampling with o = 0.5, the mixed x? divergence regularizer without the Bregman
divergence D (r,7*~1) reduces to

O(Ar, (A1) = 6(Ar) = ZE[(Ar(e,y))"] + SEx[(Ar(z.y)?].  (G2)

By simple algebraic transformation,
Eﬂ'i AT({E, y) - Eﬂ"i AT’(I’, y) - Q/J(AT)
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= Eyfwrrk(-\:c) [wk(xv y)A’I’(l‘, y) - (1 - wk(xv y))Ar(xv y)] - C]Ewark(-\z) [(AT‘({E, y))ﬂ
=Byt (o) [(20° (2,y) — D)Ar(z,y) — c(Ar(z, y))?].

Discarding constant terms that do not affect the optimization, the above objective is equivalent to

. 2wk (z,y) — 172
min Eyornh(|2) [Ar(sc,y) - 270} . (G.3)
Substituting the mapped reward in (5.1),
7(ylz)
Ar(z,y) = Blog :
(09 = 108 25y )
the minimization in (G.3) can be written as
2
min L(7) := By k(|2 [log 7rk(y|x) - i(wk(az:,y) - ;)} . (G4)
& m™(ylr) b
The original SPPO algorithm (Wu et al., 2024) sets ¢ = 1 for the x? regularization, which completes
the proof. [

H PROOF OF PROPOSITION A.3

Proof. From Proposition A.3, we consider the general preference alignment formulation with the
mapped reward Ar defined in (A.1). For each = ~ p(z), we sample (y,y’) ~ 7*(:|z) x 7%(-|z) and
define w*(z,y) := P(y = % | x). The reward-player objective is

HAE::X Ep ]E(y,y’)NTr’“Xﬂk [(wk(x7 y) - wk(l‘? y/))A’/‘(JZ, Y, y/)] - ¢(AT7 (AT)kil):| : (H.1)

Taking balanced sampling with o = 0.5, the mixed x? divergence regularizer without Bregman
divergence D (r,7%~1) reduces to

¢(AT7 (Ar)kil) = ¢(A7“) = gE(%y’)N‘n’k Xk [AT(J), Y, y/)Q] . (H.2)

By simple algebraic transformation,
E(?hy’)Nw’“ Xk [(wk(‘ra y) - wk (337 y/))AT(xa Y, y/)] - ¢(AT)

wk(x,y) - U}k((ﬁ,y/)
C

2
= _gE(y,y,)kaxﬁk {Ar(m,y, y') — ] + const.

Discarding constant terms that do not affect the optimization and setting ¢ = 1, the reward-player
optimization is equivalent to

2
Hal.irp L(Ar) :=E(y )k x [Ar(w,y, y) — (wF(z,y) — wk(a:,y’))] . (H.3)
We further substitute the reward reparameterization in (A.1),
7T(y|1') 7-‘—ref(y|a") ,n.k(y|1.)
Ar(x,y,y') = nlog —7log ——>—% — (n —7)log ——=—=.
m(y'|x) Tret (Y'|2) ™ (y'|x)
The minimization in (H.3) can thus be written as
k ok T2
min £(7) 1= By onrsnt | B2y, 9) — 2 (2.y) — wh(z.y)]" (H4)
& n
where
m(yle) T met(ylr) m—71  7(ylz)
hE(r,z,y,y") = log — —log - log )
) =108 )~y B i) ()

By Proposition 6 in Zhang et al. (2024), minimizing the above objective recovers the policy update
used in INPO, which completes the proof.
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I LINEAR SPIN AS TV DISTANCE MINIMIZATION

In this section, we show that linear SPIN is equivalent to minimizing the total variation (TV) distance
between the model distribution and the expert data distribution. Choosing ©(r) = 0 if |r| < Rmax
and v (r) = oo otherwise, setting o (t) = t, (4.1) is equivalent to:

maxmin [E ( E r(z,y)— E r(m,y)) I(r < Rmax)s
Yy~

r€R well z~p(x) \Y~7*

where Rpax can be arbitrarily large since original SPIN doesn’t constrain the reward magnitude
explicitly. By leveraging the reward reparameterization in (5.1):

r(z,y) = flog (g’%la;))) ’

it recovers the identical version of SPIN. By algebraic transformation:

maxmin J(r,7) = E ( E r(z,y)— E r(m,y)) I(r < Rmax)
Yy Yy~

reR well x~p(x)
= E_ (@7 (o) = mC)lr < Runw)
< RumaxE, |7 (+|z) — 7 (-|x)]. LD

Consider r*(x, y) as the optimal reward solution for reward maximization part, by Assumption 3.1:
7(2,y) = Rmax - sgn(7" (y|z) — 7(y|x)).
Therefore, the inequality in (I.1) reaches equal when the optimal reward is reached. In this case,

Iglea%glelﬁ \7(7"; 77) ErnElll'Il Rax T~p TV(TF( |‘KE)77.r ( ‘SC))

holds because Dy (1, v) = || — v||1. This is a Total Variation distance minimization.

J NON-LINEAR SPIN AS KLL DIVERGENCE MINIMIZATION

We begin by the following lemma for contraction:
Lemma J.1 (KL contraction toward 7*). Let 8 > 1 and o := 1/ € (0, 1], and define the update

T ke) o 7ol (T0)” = Pk Gl an

Then the reverse KL to data contracts geometrically:
1
DKL(W*||7Tk+1) S (1 — Oé) DKL (7T*H7Tk) = (1 — B)DKL (ﬂ'*Hﬂ'k).

Consequently,

1\k
*) DKL(’/T*H’/Tref) — 0.

* || -k
DKL(W ”ﬂ— ) S (1 B B k—o0

Proof. We begin by explicitly writing the normalized update rule. Let Z(x) be the normalization
constant (partition function) for the update in (J.1):

2) = 3w () (yla)* = By K”y))] |

™ (ylz)
The normalized policy is then given by:

ylz) = ——a* (yle) o (],

st
( Z(x)
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We now expand the KL divergence Dy (7* ||7r’f+1);

™ (ylz) }

Dy (*|| 7+ )

E <7Tk(y|x)1z(z7)f*(ylx)a>}
E

= Eyr [log7*(ylz) — (1 — @) logw* (y[a) — alogm* (y|z) + log Z ()]
1 = Q)Eyre [logm* (yla) — log 7" (y|z)] + log Z(x)
1 — ) Dgp (7*]|7%) + log Z (). (J1.2)

e |08 412) ~ log

To bound the remainder term log Z(z), we invoke Jensen’s inequality. Since S > 1, we have
a =1/ € (0, 1]. Consequently, the function f(¢) = ¢t is concave. Applying Jensen’s inequality
to the expectation of the likelihood ratio under 7*:

Z(@) = By [(:Zg? > T
< (2 [5))

7+ (y|z)

Thus, Z(x) < 1, which implies log Z(x) < 0. Substituting this inequality back into (J.2), we obtain:
Dy (m*|7"F1) < (1 — o) Dy (n*||7*).
Substituting o = 1/ yields the geometric contraction:

DKL(W*||7Tk+1) < (1 — ;) DKL(TF*HTFk).

Applying this inequality recursively k times leads to the final convergence rate:

k
DKL(TF*”T{"C) S <1 — ;) DKL(TF*HTFref).

This completes the proof. O

Consider the choice of logistic link function o(t) = —log(1l + exp(—t)) in (4.2), ¥(r) = oo -
1[|7|oo > Rmax) without the Bregman constraint over r, it recovers the original SPIN (Chen et al.,
2024) objective with non-identical link function. SPIN has proved the following lemma:

Lemma J.2 (Theorem 5.4 in Chen et al. 2024). Consider the choice of logistic link function in
SPIN. Suppose 7%+ is the global minimum for the SPIN objective at iteration k, then the opponent
player at iteration k 4+ 1 satisfies:

T (yle) oc 7 (yl2) (7 (y]z) /o (le)) 7

By first applying Lemma J.2 for SPIN objective then applying Lemma J.1, we can prove that SPIN
with non-identical link function contracts under KL divergence between 7* and 7* for multiple
iterations.
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K ITERATIVE DPO AS KL DIVERGENCE MINIMIZATION

In this section, we analyze the theoretical properties of Iterative DPO (Tu et al., 2025; Wu et al.,
2024). We demonstrate that iteratively solving the KL-regularized reinforcement learning objec-
tive—using the current policy as the reference—constitutes a contraction mapping that minimizes
the KL divergence between the current policy and the optimal policy implied by the preference ora-
cle. Let X be the input space and ) be the output space. We assume access to a preference oracle
P(y1 > y2|x) which adheres to the Bradley-Terry (BT) model. Under the BT model, the preference
probability is determined by a latent reward function 7*(x, y):

exp(r*(z,41))
exp(r*(z,y1)) + exp(r*(x, y2))
Let 7* denote the optimal policy that perfectly captures the underlying reward structure, i.e.,
T (ylz) oc exp(r*(z,y)).

We consider an iterative setting where, at step k, we optimize a policy 7 against a reference policy
7* (the policy from the previous iteration). The objective is to maximize the expected reward subject
to a KL-divergence constraint:

max Ji(m) = Eyon(.io) [ (2.9)] — ADg (w(1)] [ (). (K1)

P(yr - yal2) = = o(r"(z,y1) — (2, 42))-

Lemma K.1. Given the reference policy 7% and the preference oracle P, the optimal policy 7*+!

maximizing the objective in (K.1) is given by:

. , P(y > yret|x) 1/8
A 0le) o k) (gt

where preference estimates are taken relative to a baseline ¥t drawn from 7k,

Proof. The optimization problem in (K.1) has a well-known closed-form solution given by the
Boltzmann distribution:

™ (ylo) = Z:(x) 7™ (y|x) exp (T*(;’ ) ) : (K.2)

To express the reward r*(z, y) in terms of the oracle, we utilize the Bradley-Terry relationship. The
odds of preferring y over a reference output y.s are:

Py = yelz) _ e @V
P(Yrer = y|x) e (& Yrer)

= exp(r* (:E, y) - (xa yref))~
Taking the logarithm yields the reward function (up to a constant shift r* (z, y.f) which is absorbed
into the partition function):
P(y > Yret
r*(x,y):log( (y yef‘x) > +C

1- P(y -~ yref|x)
Substituting this expression back into (K.2) yields the proposition:

P(y - yref|37) )I/B
k+1 k

™ r) X Tm X .
(ylz) (ylz) (1 ~ Py~ yerl)

O

We now show that this iterative process monotonically reduces the distance to the optimal policy 7*.

Proposition K.2 (Contraction for Iterative DPO). Let 7* be the global optimal policy implied by
the reward oracle. The sequence of policies {wk}z"zo generated by the update rule in Proposition
K.1 satisfies the following contraction inequality:

Dy (n*||7*+1) < Dyo (7*||7%) = Dy (21 ||7).

Consequently, Dy (7*||7*+1) < Dy (7*||7*) for all non-trivial updates (7*+1 # 7%).
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Hyperparameters | Value
B le—3
¢ le—3
« 0.5
c 0.5

Batch Size 32
Optimizer AdamW
Learning Rate 5e — 7
Learning Rate Scheduler | Linear
Warm-up Ratio 0.1
Epochs per Iteration 3
Generation Length 256

Table 3: Hyperparameters. This table lists the hyperparameters used for the algorithm, training,
and generation.

Proof. We expand the KL divergence term Dy (7*||7*+1):

DKL *H’7Tk+1 Z’]T IOg (y)

Wk+1(y)
B 7 (y) exp(r* (y)/B)
Z T [log 7™ (y) — log ( 7 ) }
= Z” ) log :;Ezy/; - %E%“* [r* (y)] + log Z
= Dy (7*||7") — %EW* [r*] + log Zy,. (K.3)

Next, we relate the log-partition function log Zj, to the KL divergence between steps. By definition:

mhtl r* 1
DKL(TI'k+1||7Tk) = Eﬂk-H l:log k:| = Eﬂlﬁ-l |:ﬂ — IOg Zk:| = BEﬂ.k+1 [T*] - log Zk
s
Solving for log Zj:
1
10g Zk = 7E7Tk+1 [T*] — DKL(ﬂk+1‘|7Tk). (K4)

B
Substituting (K.4) into (K.3):

Dw (2 ||71) = Dy (*||*) — Dy (a1} *) — % (Ene [1*] — Epacs )

A>0

Since 7* maximizes the expected reward, the term A is non-negative. Since Dyp is non-negative,
the inequality holds strictly, proving contraction towards the oracle distribution. O

L  EXPERIMENTAL SETTINGS AND IMPLEMENTATION DETAILS

L.1 HYPERPARAMETERS

In this section, we describe in detail the hyperparameters used in the practical implementation of
our method. We adopt a single fixed set of hyperparameters across all self play iterations and model
architectures. Table 3 summarizes the hyperparameters used in our algorithm, including the values
of a, 3, (, and ¢, as well as the training hyperparameters such as batch size, optimizer, learning rate,
and scheduler, and the generation configuration including generation length.
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L.2 EXPERIMENTAL SETTINGS

Dataset Preparation For the first iteration, we use 50k examples subsampled from the UltraChat
SFT dataset (Ding et al., 2023). For each prompt x, we construct (z,y,y’) tuples, where y is the
reference response from the dataset and y’ is the response generated by the model. The pairs (z, y)
are included in D*, while (x,%’) form D for training. Starting from the second iteration, we train
using both our method and SPIN (Chen et al., 2024) on the datasets from the two most recent
iterations, resulting in a combined dataset of 100k examples.

Baseline Methods For the SFT baseline, we reproduce supervised fine tuning by directly applying
maximum likelihood estimation on D*. For the SPIN baseline (Chen et al., 2024), we use the
authors’ official implementation with their recommended hyperparameter settings.

Evaluation Metrics We evaluate performance on Arc Challenge using a 25-shot setting with
acc_norm as the evaluation metric. For MMLU, we use a 5-shot setting and report acc. For
HellaSwag, we adopt a 10-shot evaluation with acc_norm. Finally, for WinoGrande, we use a
5-shot setting and report acc.

M ADDITIONAL EXPERIMENTAL ANALYSIS

Reward Dynamics Analysis. We analyze the reward dynamics during training for our SPIF ap-
proach with x? divergence, and compare it against the reward behavior of SPIN (Chen et al., 2024).
We observe that although our reward exhibits a significantly smaller magnitude, it still effectively
discriminates between data sampled from the expert policy 7* and data generated by the previous-
iteration model 7*. Figure 1 illustrates the reward distribution at the first self-play iteration for the
Qwen-3-4B model. This empirical observation supports the theoretical analysis in Sec 4.3, which
shows that SPIF with 2 regularization admits a bounded reward magnitude and consequently enjoys
a tighter upper bound on the duality gap, as stated in Theorem 4.4, with a smaller Ry ax.

Reward for n* Data Reward for n* Data

10" 4 0 4~

1004
—10°4

Rewards (Log Scale)
Rewards (Log Scale)

_101 4
— SPIN — SPIN
SPIF (x?) SPIF (x2) A

10-4 4

0.00 0.25 0.50 0.75 1.00 1.25 1.50 175 2.00 0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Training Steps (K) Training Steps (K)

Figure 1: Reward Dynamics Analysis. We plot the reward curves (log-scaled) during training for
our approach, SPIF with y? regularization, and for SPIN (Chen et al., 2024). The results show
that our method produces rewards with substantially smaller magnitude, which leads to more stable
learning dynamics and is consistent with our theoretical analysis predicting a tighter duality gap.

Gradient Norm Analysis. We report the gradient norm dynamics during training for our SPIF
approach with x? regularization and compare them against those of the original SPIN objective
(Chen et al., 2024). Under the SPIN objective, the gradient norm is initially very large (near the order
of 10%) and then rapidly collapses to near zero (on the order of 10~%), which can lead to unstable
optimization behavior. In contrast, our x2-regularized approach maintains a relatively small and
stable gradient norm, typically in the range of 10! to 102, resulting in more stable training dynamics,
as show in in Figure 2.

N ABLATION STUDIES

Ablation on Hyperparameter c. We conduct an ablation study on the hyperparameter ¢, which
controls the reward targets 7,5 and i, in the least-squares regression objective. A larger value of
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Gradient Norm for Qwen-3 4B Gradient Norm for Mistral 7B
4 ]
10° 4 — SPIN 10 — SPIN
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Figure 2: Gradient Norm Analysis. We plot the gradient norms (log-scaled) during training for our
approach, SPIF with x? regularization, and for SPIN (Chen et al., 2024). The results show that our
method maintains significantly more stable gradient norms, indicating improved training stability
compared to SPIN.

Scores (3 Iters) \ w/ Regularizer w/o Regularizer

Arc-Challenge 57.11 56.87
MMLU 68.83 68.79
HellaSwag 71.92 70.05
WinoGrande 68.82 68.43

Table 4: Ablation on the Reward Constraint. We conduct an ablation study on the reward regular-
izer that enforces mirror descent on the reward player. The results demonstrate that this regulariza-
tion improves self-play performance. All results are reported after three self-play iterations on the
Qwen-3-4B model.

c results in a smaller margin between 7,,x and 7y,i,, Whereas a smaller value of ¢ induces a larger
margin and higher reward magnitude. We vary c to examine the effect of this trade-off.

In our main experiments, we set ¢ = 2, corresponding to ryax = 0.5 and ry;, = —0.5. When
c is reduced to 0.5, the resulting larger reward magnitude leads to degraded performance, which
is consistent with the theoretical predictions in Sec 4.3. Conversely, setting ¢ = 8 yields a small
reward magnitude and a narrow margin, potentially limiting the ability to discriminate between data
generated by the expert policy 7* and the previous-iteration policy 7*.

Figure 3 summarizes the results for these settings, reporting the mean performance of the Qwen-3
4B model across four evaluation benchmarks (Arc-Challenge, MMLU, HellaSwag, WinoGrande)
over three self-play iterations (with iteration 0 corresponding to the base model).

Ablation on D (r,7%~1) Constraint on Reward. Our method includes an additional regularization
term that constrains the deviation between successive policies 7%*1 and 7*, inducing a mirror de-
scent structure. We ablate this component by removing the final term in (5.2). The results show that
omitting this regularizer leads to noticeable performance degradation, empirically demonstrating its
effectiveness. We report results across four benchmarks in Table 4 after three self-play iterations on
the Qwen-3-4B model.

O GENERATED SAMPLES

We present representative samples generated by our model at each self-play iteration in Table 5.

USE OF LARGE LANGUAGE MODELS

Large language models were used both as experimental subjects in this work and as writing assistants
for minor grammar and phrasing corrections during manuscript preparation. Their use as writing
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Figure 3: Ablation on Hyperparameter c.

Ablation Study on Coefficient c

T T T T T T T
0.0 0.5 1.0 15 2.0 25 3.0
Self-Play Iteration

We evaluate the impact of the hyperparameter c

by setting ¢ € {0.125,0.5,2} and examining its effect on the self-play performance of our
method. Performance is measured as the mean score across the four benchmarks used in the main
experiments. We observe that both overly small and overly large values of ¢ lead to performance
degradation, highlighting the importance of an appropriate balance in reward scaling.

Prompt

What is the best place to try traditional Indian sweets in Jaipur?

Ground Truth

One of the best places to try traditional Indian sweets in Jaipur is Laxmi
Misthan Bhandar (LMB) in Johari Bazaar. They have been serving authen-
tic Rajasthani sweets for over 300 years and are known for their decadent
desserts like Ghewar, Rasgulla, and Mawa Kachori. Their ambiance and
range of sweets make for a memorable experience.

Base Model

The best place to try traditional Indian sweets in Jaipur is Kishore Ganj.
This bustling market area is famous for its wide variety of street food,
including a wide range of traditional Indian sweets like Gajar ka Halwa,
Jalebi, Kheer, Barfi, Ladoo, and Mithai. You can also find sweet shops
(called Mithai Mandis) along the streets of Kishore Ganj, where local ven-
dors offer a variety of sweet treats. For a more authentic experience, you
can visit Kishore Ganj Bazaar, which is a popular spot for both locals and
tourists to enjoy the local flavors and street food culture of Jaipur. Other
nearby areas like Rajouri Garden and Anand Niketan also have good op-
tions for traditional Indian sweets, but Kishore Ganj is widely regarded as
the best place to try them in Jaipur.

Iteration 1

The best place to try traditional Indian sweets in Jaipur is the famous Jaipur
Sweet Shop, located on the corner of Bapu Road and Jai Singh Road. This
shop is known for its wide variety of sweet dishes, including laddoos,
jalebis, kheer, and much more. The shop has been in operation for over
100 years and is a favorite among locals and tourists alike.

Iteration 2

The best place to try traditional Indian sweets in Jaipur is the Chandni
Chowk Bazaar.

Iteration 3

The best place to try traditional Indian sweets in Jaipur is Laxmi Mishtan
Bhandar, located in the heart of the city.

Table 5: Generated Samples. We present generated samples from the Qwen-3 4B model across
different self-play finetuning iterations for a single prompt with our proposed method.

assistants was strictly limited to language polishing; they did not contribute to research ideation,
experimental design, data analysis, or interpretation of results.
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