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Abstract

In this paper, we show that Simple Preference
Optimization (SimPO) can be derived as Maxi-
mum Entropy Reinforcement Learning, provid-
ing a theoretical foundation for this reference-
free method. Motivated by SimPO’s strong per-
formance in offline preference optimization, we
investigate whether Maximum Entropy RL can
achieve similar results in online RLHF settings.
Our experiments find that Maximum Entropy
RL consistently exhibits overoptimization and
unstable KL dynamics, even at very low learn-
ing rates. Unlike KL-constrained methods that
maintain stable training, entropy regularization
fails to prevent reward hacking and appears
to correlate with overoptimization. Lastly, we
discuss possible explanations for why SimPO
succeeds in offline settings while Maximum
Entropy RL struggles in online scenarios. Our
findings suggest that reference-free approaches
may face distinct challenges when applied to
online or offline preference learning.

1 Introduction

Aligning Al systems with human values is widely
recognized as a central challenge in modern
Al (Bengio et al., 2025; Russell, 2022). The domi-
nant paradigm, Reinforcement Learning from Hu-
man Feedback (RLHF) (Christiano et al., 2023;
Stiennon et al., 2022; Ziegler et al., 2020; Bai
et al., 2022; Ouyang et al., 2022), typically fol-
lows a three-stage pipeline: supervised fine-tuning,
reward model training from preference data, and
policy optimization with reinforcement learning
under KL divergence regularization to constrain
deviation from a reference model. While effec-
tive, this pipeline is computationally expensive and
operationally complex, requiring separate reward
models, substantial human annotation, and careful
hyperparameter tuning to maintain stability.
These challenges have motivated direct align-
ment algorithms (DAAs) (Rafailov et al., 2024a),

which bypass explicit reward modeling and
online RL. Direct Preference Optimization
(DPO) (Rafailov et al., 2024c) derives an analytical
solution to a KL-regularized RL objective, express-
ing the reward implicitly as a function of the opti-
mal policy and reducing preference learning to su-
pervised optimization. More recently, Simple Pref-
erence Optimization (SimPO) (Meng et al., 2024)
has demonstrated strong empirical performance
while eliminating the reference model entirely, in-
stead using length-normalized log-likelihoods and
a fixed margin between preferred and dispreferred
responses.

Despite its empirical success, SimPO has lacked
a principled theoretical foundation comparable to
that of reference-based methods such as DPO.
In this work, we establish a connection between
SimPO and Maximum Entropy Reinforcement
Learning (Ziebart et al., 2008). We show that
SimPO can be interpreted as a closed-form solu-
tion to a Maximum Entropy RL objective, provid-
ing a theoretical grounding analogous to DPO’s
relationship with KL-constrained RL and suggest-
ing that reference-free optimization can naturally
arise from entropy regularization under appropriate
conditions.

This perspective raises an important empiri-
cal question: if SimPO corresponds to an of-
fline Maximum Entropy solution, can online Max-
imum Entropy RL serve as a viable alternative
to KL-constrained methods in RLHF? To inves-
tigate this, we compare Maximum Entropy RL and
KL-constrained RL on the TL;DR summarization
benchmark (Stiennon et al., 2022) using models
from the Pythia suite (Biderman et al., 2023).

Our results reveal a clear asymmetry. While
SimPO performs reliably in offline preference opti-
mization, online Maximum Entropy RL frequently
exhibits instability and overoptimization, even at
conservative learning rates. We observe that in-
creases in entropy often correlate with these insta-



bilities, indicating that entropy regularization alone
does not reliably prevent reward hacking and may,
in some cases, exacerbate it. We hypothesize that
SimPO benefits from implicit stabilizing mecha-
nisms—such as dataset constraints and target mar-
gins—that partially substitute for the regularization
provided by a reference model, whereas these pro-
tections are absent in online Maximum Entropy
RL.

Our contributions are threefold. First, we pro-
vide a theoretical interpretation of SimPO as a Max-
imum Entropy Reinforcement Learning solution,
situating it within established RL frameworks. Sec-
ond, we empirically demonstrate that directly ap-
plying Maximum Entropy RL in online RLHF set-
tings can lead to instability and overoptimization,
highlighting limitations of entropy regularization in
isolation. Third, we offer insight into why SimPO
succeeds offline despite these challenges, empha-
sizing the role of implicit regularization through
data constraints and margin-based objectives. To-
gether, these findings clarify the relationship be-
tween entropy-based methods and preference opti-
mization, and point to the need for additional reg-
ularization mechanisms for robust reference-free
alignment in online settings.

2 Background

In this section, we review the relevant background
topics, while additional related work is provided in
Appendix A.

2.1 Canonical RLHF

We reiterate the standart RLHF pipeline as outlined
in (Ziegler et al., 2020) and subsequent works (Sti-
ennon et al., 2022; Bai et al., 2022; Ouyang et al.,
2022). It consists of three main stages: (1) Super-
vised Fine-Tuning (SFT), (2) Reward Modeling,
and (3) RL Optimization.

SFT: A pre-trained LM is fine-tuned on task-
specific high-quality data via supervised learning
to obtain the initial policy 75T,

Reward Modeling: Prompts = are sampled, and
75FT generates answer pairs (y1,42). Human anno-
tators indicate preferences y,, > y; | «, assumed to
reflect a latent reward function r(x, y). A common
approach is to model preferences with the Bradley-
Terry (BT) model (Bradley and Terry, 1952):
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Given a dataset D = (), ¢ yl(i), we learn a

reward model 74 by minimizing the binary classifi-
cation loss:

LR = 7E(r7ywayl)ND

[log o (r¢(x, yuw) — r¢(z,31))]

where o is the sigmoid function. In practice, 7y is
initialized from 75FT with a linear head, and reward
outputs are normalized for stability.

RL Fine-Tuning: Finally, the policy 7y is op-
timized using the learned reward, constrained by
a KL term to stay close to the reference policy

_ - SFT.
Tyef = T .

£R = _E(x7yw;yl) ~D
log o (r¢(z, yw) — r¢(x, )],

This prevents overoptimization and distributional
shift. In practice, this objective is optimized with
PPO (Schulman et al., 2017), using a reward de-
fined as r(z,y) = ry(x,y) — Blog(me(y | z)) —
log(ﬂ'ref(y ‘ li)))

2.2 Direct Preference Optimization

Direct Preference Optimization (DPO) (Rafailov
et al., 2024c) has become a popular method for
preference-based tuning. Unlike traditional ap-
proaches that train a separate reward model, DPO
defines the reward directly in terms of the opti-
mized policy:

r(z,y) = Blog W + Blog Z(x),

Here, my is the current policy, 7 is a reference
(often the SFT model), and Z(x) is a normaliza-
tion term. DPO incorporates this reward into the
Bradley-Terry (Bradley and Terry, 1952) frame-
work, where preference probabilities are given
by:p(yw = yi | ) = o (r(z, yw) — r(z,y)). This
leads to the following objective, computed over
preference triplets (z,y_w,y_l):

/JDPO(TF@;Wref) = _E(ac,yw,yz)ND

7o (Y | T) mo(y1 | @) )]
logo log ———% — Blog ———=
|: & <B 8 7Tref(yw ‘ ‘T) Plog Wref(yl ‘ x)

By modeling preferences directly through policy
ratios, DPO removes the need for an explicit reward
model while remaining grounded in a probabilistic
preference framework.



2.3 Simple Preference Optimization

Simple Preference Optimization (SimPO) (Meng
et al., 2024) is a reference-free method for
preference-based fine-tuning that aligns the reward
used in training with the likelihood used at infer-
ence. Unlike DPO, SimPO eliminates the need
for a reference policy by defining the reward as
the length-normalized log-likelihood of the model
output:

rsimpo (T, Y) = S‘logﬂe(fy | ) =

|yl

B
v > logma(y: | ¢, y<i)

vl =

This formulation ensures that the reward rank-
ing r(x, yw) > r(x,y;) aligns with the generation-
time likelihood ranking py(vw | ©) > pe(yr | @),
which is often violated in DPO. SimPO also intro-
duces a target margin v > 0 into the Bradley-Terry
model to encourage separation between preferred
and dispreferred responses:

PWw =yl ) =0 (r(x,yw) —r(,91) —7)

This leads to the SimPO training objective:

ESimPO(T"H) =-E |:10g0' (ﬁ log 71-G(Z/w ‘ x)
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3 SimPO is the Maximum Entropy RL

SimPO is a widely used preference alignment
method, appreciated for its strong empirical per-
formance and simplicity due to its reference-free
objective. However, it lacks a theoretical founda-
tion, unlike reference-based approaches such as
DPO, which is derived from a KL-constrained RL
objective. Recent work (Liu et al., 2024) made
the important observation that posterior probabil-
ity rewards correspond to Maximum Entropy RL
in their analysis of reference policies. Building
on this insight, we establish the connection be-
tween this Maximum Entropy RL formulation and
SimPO, showing that SimPO can be understood as
Maximum Entropy RL with the addition of length
normalization and target margins from preference
learning.

3.1 Maximum Entropy RL

Maximum Entropy Reinforcement Learning (Max-
Ent RL) augments the standard RL objective with
an entropy term, encouraging policies that align
with the soft value function (Ziebart et al., 2008;
Toussaint, 2009; Rawlik et al., 2013; Fox et al.,
2015; O’Donoghue et al., 2016; Abdolmaleki et al.,
2018; Haarnoja et al., 2018; Mazoure et al., 2020;
Han and Sung, 2021; Zhang et al., 2025). It is
deeply connected to probabilistic inference (Tous-
saint, 2009; Rawlik et al., 2013; Levine, 2018) and
supported by both stochastic inference (Ziebart,
2010; Eysenbach and Levine, 2021) and game-
theoretic foundations (Griinwald and Dawid, 2004;
Ziebart et al., 2010; Han and Sung, 2021; Kim
and Sung, 2023). MaxEnt is often favored for pro-
moting exploration (Haarnoja et al., 2018; Hazan
et al., 2019), smoothing optimization (Ahmed et al.,
2019), and enabling robust decision-making (Ey-
senbach and Levine, 2021).

The general form of the Maximum Entropy Re-
inforcement Learning (MaxEnt RL) objective can
be written as

7 = argmax E
s

TpT(7)

[Z r(st,at) + a Hr[ag | se)

t=1

where 7 = (s1,a1,82,a2,...,ST,ar) is a tra-
jectory sampled under policy m, and p™ (1) =
pi(s1) [T, m(as | s¢) p(ser1 | st,as) denotes
the trajectory distribution induced by 7. The term
Helag | s¢) = — [7m(ay | s¢)logm(ae | s¢) dag
represents the conditional entropy of the policy at
each time step, and the temperature coefficient
controls the trade-off between reward maximiza-
tion and policy stochasticity.

3.2 SimPO from Maximum Entropy RL

RLHF is commonly modeled as a contextual ban-
dit problem, though some approaches treat it as
a token-level MDP (Rafailov et al., 2024b; Xie
et al., 2024). In this work, we adopt the contextual
bandit view (Elwood et al., 2023), under which
the maximum entropy formulation aligns with KL-
constrained objectives. The resulting objective is
given as follows.

m;lx Eme,yww [7"($, y)] +aDy [W(ym’)] ()



It is straightforward to show that optimal policy
of the equation 2 (proof in Appendix C) is as
follows:

mlo) = e (Sren) O

Following the analytical approach used in DPO’s
derivation, we can rearrange this optimal policy
equation to express the reward function in terms of
the policy:

r(z,y) = alognm,(y|z) + alog Z(x) (4)

Now, applying this reparameterization to the
Bradley-Terry preference model. For the ground-
truth reward r* and corresponding optimal policy
7*, the preference probability becomes:

P (y1 = yalw) = o (r*(z,p1) — r*(z,92)) (5)

Substituting our reparameterization:

P (y1 = y2lz)
= o(alogm*(y1]z) + alog Z ()
— alog *(y2|z) — alog Z(z))
= o (alog 7 (y1]z) — alog 7™ (y2|z))

Crucially, the partition function Z(x) cancels
out, eliminating the need to compute it explicitly.
This establishes a direct connection between the
Bradley—Terry preference model and the optimal
policy induced by Maximum Entropy RL. To re-
cover the SimPO training objective used in prac-
tice, we introduce two additional components that
are motivated by empirical and structural consid-
erations in preference learning rather than by the
Maximum Entropy RL derivation itself.

First, we apply length normalization by scal-
ing the temperature with the response length.
This is necessary in SimPO because, unlike KL-
constrained methods such as DPO where the refer-
ence policy induces implicit regularization through
cancellation of log-probabilities, SimPO optimizes
raw log-likelihoods and is therefore prone to severe
length exploitation without explicit normalization.
Second, inspired by ¥ PO (Azar et al., 2023), we
incorporate a target reward margin v > 0 as a
fixed substitute for the adaptive margin implicitly
provided by the reference policy in DPO. These

additions shape the optimization landscape and im-
prove empirical stability, but do not alter the under-
lying connection between SimPO and Maximum
Entropy RL established above. This leads to the
SimPO objective for a parametric policy my:

Lsimpo(70) = —E(4 .y, 4)~D [log a(

(0]
ol log 79 (Yw |7)

[l
@
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This derivation reveals that SimPO is equivalent to
Maximum Entropy RL under the contextual bandit
formulation with addition of length normalization
and target margin augmentation, making explicit
the theoretical connection that underlies SimPQO’s
design.

fogmo(ulo) - )]

Theoretical Guarantees. Following the same
theoretical framework as DPO, SimPO inherits
analogous guarantees regarding representational
completeness, equivalence class preservation, and
consistency under the Bradley-Terry preference
model. The detailed proofs and formal statements
of these properties are provided in Appendix C.

4 Maximum Entropy RLHF

Having established the theoretical connection be-
tween SimPO and Maximum Entropy RL, we now
turn to the online RLHF setting. Our goal is to
evaluate whether Maximum Entropy RL can per-
form comparably to its KL.-constrained counterpart
when applied directly to preference optimization.

4.1 Experimental Setup and Methodology

We conduct experiments using 1B, 2.8B, and 6.9B
parameter models from the Pythia suite (Biderman
et al., 2023), trained with RLOO (Ahmadian et al.,
2024) on the TL;DR summarization dataset (Stien-
non et al., 2022). All experiments follow the RLHF
training recipe described by Huang et al. (2024) and
are implemented using the TRL library (von Werra
et al., 2020). Model alignment is evaluated using
simulated preference win rates computed with GPT-
4o-mini (OpenAl et al., 2024) as a proxy evaluator,
measured against reference summaries for TL;DR
using greedy decoding unless otherwise stated. Our
experimental protocol closely follows the setup of
Rafailov et al. (2024a), enabling direct comparison
with prior work.
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Figure 1: RLHF reward and entropy bonus during training for Pythia 1B with different entropy coefficients at
learning rates le-6 (left) and le-7 (right). Win rates are reported in the legend for each entropy bonus coefficient

setting.

Our aim is to study overoptimization phenom-
ena in online RLHF, which are difficult to quan-
tify reliably in more complex training setups in-
volving larger models, diverse tasks, or hetero-
geneous reward signals. The TL;DR benchmark
with Pythia models provides a controlled setting
in which overoptimization can be measured consis-
tently through preference win rates against fixed
reference summaries, allowing systematic com-
parison across optimization objectives and model
scales.

We adopt RLOO as a critic-free alternative to the
standard RLHF pipeline while optimizing equiva-
lent reward objectives. In the KL-constrained for-
mulation, the reward is defined as

r(z,y) = rs(a,y)
~8(logmo(y]w) ~ log mr(yle) ).

whereas in the Maximum Entropy formulation, the
reward takes the form

r(z,y) = ry(z,y) — alogmy(ylr).  (6)

When applying Maximum Entropy RL to se-
quence generation, the entropy term can be trivially
increased by producing longer responses. Unlike
KL-constrained objectives, which include an ex-
plicit reference policy that naturally counteracts
such length effects, the reference-free formulation
lacks an inherent mechanism to penalize verbosity.
We therefore employ length normalization in the
entropy term to ensure that the reward contribution
is comparable across responses of different lengths

and to prevent systematic length exploitation dur-
ing optimization. This yields the reward

7@@—%@@—@@%@@ @

We also explored extending our evaluation to
additional preference datasets such as Anthropic-
HH (Bai et al., 2022). In this setting, we attempted
to reproduce reported baselines using both the of-
ficial DPO implementation and the TRL library.
Across implementations, we consistently observed
that DPO failed to outperform the SFT baseline,
with performance often degrading during train-
ing. This behavior exhibited substantial variability
across runs and implementations, making it diffi-
cult to establish stable and reproducible reference
baselines for systematic analysis. We therefore fo-
cus our empirical study on the TL;DR benchmark,
which provides more consistent training dynamics
suitable for controlled investigation.

4.2 Results and Analysis

Online Maximum Entropy RLHF across model
scales. We evaluate Maximum Entropy RL in an
online RLHF setting using Pythia models at three
scales: 1B, 2.8B, and 6.9B parameters. Learning
rates are chosen based on prior work, with 1 x 1076
corresponding to a regime where KL-constrained
RLHF performs well, and smaller learning rates fol-
lowing common practice in reference-free methods.
Entropy coefficients are selected via grid search.
Across all model scales, Maximum Entropy RL
is highly sensitive to the learning rate. At 1x 1079,
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at learning rates le-7 (left) and Se-8 (right). Win rates are reported in the legend for each entropy bonus coefficient

setting.

all models rapidly enter overoptimized regimes re-
gardless of the entropy coefficient. Lower learning
rates improve stability, but do not fully eliminate
this behavior.

For Pythia 1B, reducing the learning rate to
1 x 1077 yields stable training and improved win
rates relative to the SFT baseline (Figure 1). How-
ever, these gains are not driven by entropy regu-
larization: similar performance is achieved even
when the entropy coefficient is set to zero. More-
over, stable runs exhibit decaying entropy bonuses,
while overoptimized runs show increasing entropy
bonuses, suggesting that entropy correlates with
reward hacking rather than preventing it.

Scaling behavior. For Pythia 2.8B, we restrict ex-
periments to learning rates of 1x10~7 and 5x 1078,
as higher learning rates consistently caused rapid
overoptimization. Despite these conservative set-
tings, all Maximum Entropy variants overoptimize
and fail to outperform the SFT baseline (Figure 2).
In contrast, KL-constrained RLHF remains stable
and effective at a higher learning rate of 1 x 1076,

Interestingly, Pythia 6.9B does not exhibit behav-
ior intermediate between smaller and larger models;
instead, its training dynamics more closely resem-
ble those of Pythia 1B than Pythia 2.8B. Train-
ing remains stable at a learning rate of 1 x 1077
(Figure 11), but increasing the learning rate to
1 x 1075 (Figure 10) leads to overoptimization,
mirroring the instability observed in smaller mod-
els. However, KL-constrained RLHF remains sta-
ble for Pythia 6.9B while consuming only a small
KL budget (Figure 12), indicating that effective

KL budgets vary across model scales and are not
reliably controlled by reference-free objectives.

KL budget and optimization dynamics. To bet-
ter understand these failures, we analyze KL diver-
gence during training. Well-tuned KL-constrained
RLHEF exhibits an initial growth phase followed by
slow KL increase, keeping the policy close to the
reference model. This behavior is sensitive to the
KL coefficient, but provides a reliable mechanism
for controlling optimization.

In contrast, Maximum Entropy RL exhibits frag-
ile KL behavior across model scales. For Pythia 1B
and 6.9B, KL divergence grows approximately
linearly without immediate collapse, whereas for
Pythia 2.8B similar KL magnitudes correspond to
severe overoptimization. This indicates that effec-
tive KL budgets are inherently model-dependent,
and that reference-free objectives lack a mechanism
to infer or enforce an appropriate optimization bud-
get. As a result, their success is not predictable
across model scales.

KL update magnitudes and optimization sta-
bility. To disentangle whether overoptimization
arises from the objective or from policy optimiza-
tion dynamics, we examine the KL divergence be-
tween consecutive policy updates. Since RLOO
implements policy optimization using PPO, one
might attribute instability in Maximum Entropy RL
to PPO-specific issues, such as poor ratio control
or clipping behavior.

However, Figures 3, 10, 11 show that this expla-
nation is insufficient. In KL-constrained runs, PPO
reliably maintains bounded KL updates between
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Figure 3: KL divergence metrics for KL-constrained and Maximum Entropy RL across training. Top row shows KL
divergence between the current policy and the reference policy (K L(7¢||mef)) for Pythia 1B (left) and 2.8B (right).
Bottom row shows KL divergence between consecutive policy iterations (K L(m¢||m¢—1)).

successive policies, even in regimes that eventually
overoptimize when the KL coefficient is relaxed.
In contrast, Maximum Entropy runs consistently
exhibit increasing KL drift between updates, in-
cluding in runs that appear well-behaved early in
training. This effect intensifies over time despite
using substantially lower learning rates than those
required for stable KL-constrained optimization.

These observations suggest that the instability is
not merely algorithmic, but objective-driven. With-
out an explicit reference policy anchoring the op-
timization, reward gradients become sharper and
induce more aggressive parameter updates, leading
to compounding KL drift. Tightening PPO clipping
alone is insufficient to prevent this behavior: for
Pythia 2.8B, we experimented with clipping ranges
as small as 1074, yet still observed increasing KL
drift and eventual overoptimization. This indicates
that reference-free objectives lack the structural
safeguards needed to control update magnitudes in
online RLHF.

4.2.1

Motivated by the link between maximum entropy
and overoptimization and recent work showing en-
tropy minimization can serve as an effective reward
signal for LLM reasoning (Agarwal et al., 2025),
we adopt an unconventional strategy: minimiz-
ing entropy to discourage excessively high-entropy
which we expect to prevent overoptimization.

Our experiments reveal that Minimum Entropy
RL prevents overoptimization and achieves com-
petitive performance with Pythia-1B even at the
same learning rate used by KL-constrained RL, un-
der which Maximum Entropy collapses. Yet, with
Pythia-2.8B, entropy minimization proves unsta-

Minimum Entropy RL

ble: it is either too conservative, stalling learning,
or too loose, leading to overoptimization. While
entropy minimization succeeds as a standalone re-
ward for reasoning, combining it with preference-
based rewards appears to create optimization in-
stabilities. Reducing the learning rate might offer
some improvement, but Minimum Entropy is not a
one-to-one substitute for KL, which remains more
dynamic and adaptive. Lastly, this underscores
that reference-free methods break down once they
move outside a healthy KL budget, limiting their
reliability.

4.3 Offline Maximum Entropy RLHF
(SimPO)

Although Maximum Entropy RL fails to pro-
vide sufficient regularization in online settings, its
closed-form offline solution, SimPO, is both effec-
tive and empirically competitive. This effective-
ness cannot be attributed solely to conservative op-
timization: for example, one SimPO configuration
for Llama 3 (Grattafiori et al., 2024) uses a higher
learning rate than DPO. Nevertheless, maintaining
a sufficiently low learning rate remains critical for
controlling the KL divergence, which appears to
be a universal requirement across alignment meth-
ods (Gao et al., 2022; Rafailov et al., 2024a).

A common argument for offline stability is that
all training samples remain in-distribution, remov-
ing the need for explicit out-of-distribution regular-
ization. However, as noted by Azar et al. (2023);
Rafailov et al. (2024a), the reward model can ef-
fectively drift out of distribution during optimiza-
tion, leading to sub-epoch overoptimization. This
suggests that stability depends not only on data
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coverage, but also on the structure of the reward
objective itself. To address this, Huang et al. (2025)
propose replacing KL regularization with x? reg-
ularization to inject pessimism directly into the
reward model, reporting improved stability across
multiple epochs. We were unable to reproduce
these results, leaving open the question of whether
x? regularization reliably implements pessimism.
In this context, SimPO’s performance is particu-
larly intriguing, not because it enforces pessimism,
but because it achieves strong results without rely-
ing on a reference model.

To better understand this behavior, consider the
pairwise reward used in DPO:

where the second term reflects the contribution of
the reference model. Because both y,, and y; are
sampled from the reference distribution, this term is
typically negative but small, acting as an adaptive
regularizer. This behavior parallels the role of the
target margin in SimPO, with the key distinction
that SimPO employs a fixed margin rather than a
reference-dependent one (Ahrabian et al., 2025).
To examine this connection empirically, we vi-
sualize the reference log-probability margins

log <7Tref(yw|x) >
Tref (yl ‘ € )
during DPO training with Pythia 1B in Figure 4.
We observe that these margins lie within a relatively
narrow range, consistent with the fixed margins
commonly used in reference-free methods such as

SimPO. This suggests that, in offline settings, ref-
erence models may primarily serve to provide a

bounded margin signal rather than strong distribu-
tional control.

Several caveats are worth noting. Large margins
combined with high learning rates can drive aggres-
sive separation, exacerbating reward overoptimiza-
tion (Rafailov et al., 2024a). We observe extreme
likelihood decreases indicative of such behavior,
consistent with prior analyses of direct alignment
algorithms. While reference models may implicitly
adapt margins across samples—providing smaller
corrections for easy examples and larger ones for
harder cases—fixed margins lack this adaptivity
and can amplify pathological updates under aggres-
sive optimization. These findings suggest that ref-
erence models are neither necessary nor sufficient
to prevent overoptimization in offline preference
optimization. Instead, stability emerges from the
interaction between learning rate, margin choice,
and model capacity. We analyze these dynamics in
more detail in Appendix B.

5 Conclusion

This work establishes a theoretical foundation for
SimPO by connecting it to Maximum Entropy Re-
inforcement Learning, while revealing a striking
asymmetry between offline and online performance.
Although SimPO excels in offline preference op-
timization, our empirical investigation shows that
online Maximum Entropy RL suffers from insta-
bility and overoptimization, with entropy regular-
ization paradoxically correlating with rather than
preventing reward hacking. These findings high-
light that reference-free approaches, while appeal-
ing for their simplicity, may face fundamental limi-
tations in online training scenarios, and suggest that
SimPO’s success stems from implicit stabilizing
factors such as dataset constraints and target mar-
gins that approximate the regularization benefits of
reference models.

6 Limitations

Our experiments are conducted in a controlled set-
ting using the TL;DR benchmark and Pythia mod-
els to ensure stable and reproducible analysis of
overoptimization and KL dynamics, which lim-
its coverage of other tasks, reward structures, and
model families. Results may not directly transfer to
instruction-following, dialogue, or reasoning-heavy
settings. We rely on GPT-40-mini as a simulated
preference evaluator rather than human judgments,
which enables consistent large-scale comparison



but may not fully reflect human preferences. Fi-
nally, instability and sensitivity to hyperparameters
across datasets and implementations constrained
the breadth of our empirical evaluation, reflecting
a broader reproducibility challenge in online pref-
erence optimization.

7 Ethical considerations

This work focuses on the theoretical and empirical
analysis of reinforcement learning objectives for
aligning large language models. All experiments
were conducted on publicly available preference
datasets, and no personally identifiable or sensitive
information was used. Our results are intended to
improve the understanding of alignment methods
and do not involve deployment of models in real-
world settings. Nevertheless, as with all research
on large language models, advances in alignment
can have dual-use implications: while they may
contribute to safer and more reliable Al systems,
they could also lower barriers to developing more
capable models that might be misused. We encour-
age responsible use and further investigation into
the societal impacts of alignment research.

8 The Use of Large Language Models

All text was initially drafted by the authors, after
which Large Language Models were employed to
refine phrasing and enhance clarity of expression.
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complex RL dynamics were unnecessary. SLiC-
HF (Zhao et al., 2023) showed that sequence
likelihood calibration could directly incorporate
human feedback without explicit reward model-
ing. ORPO (Hong et al., 2024) made the key
insight that odds ratios could replace probability
ratios, enabling monolithic training without ref-
erence model drift. CPO (Xu et al., 2024a) and
SimPO (Meng et al., 2024) both recognized that
sequence probabilities themselves encode prefer-
ence signals. SimPO can be seen as CPO’s length-
normalized variant with zero behavior cloning, but
this seemingly minor change eliminates the need
for hyperparameter tuning of the BC coefficient.
The Cringe Loss (Xu et al., 2024b) explored itera-
tive self-improvement through token-level soft mar-
gins rather than sequence-level optimization. The
proliferation of SimPO variants (AlphaPO’s (Gupta
et al., 2025) reward shaping, yPO’s adaptive mar-
gins (Sun et al., 2025), AMoPO’s (Liu et al., 2025)
multi-objective extension, ConfPO’s (Yoon et al.,
2025) token-level refinement) demonstrates the
flexibility of SimPO’s reward formulation while
addressing specific optimization challenges.

Overoptimization in Preference Learning Re-
ward hacking (Skalse et al., 2025) is a long-
standing problem in reinforcement learning (Sutton
and Barto, 2018) where policies achieve high re-
wards but fail to meet the actual objective (Amodei
et al., 2016; Hadfield-Menell et al., 2020; Pan
et al., 2022). In language model alignment, this
manifests as models learning to generate outputs
that score highly on proxy metrics while being of
poor actual quality. This overoptimization phe-
nomenon was first systematically studied in tra-
ditional RLHF (Christiano et al., 2023; Stiennon
et al., 2022; Gao et al., 2022; Ouyang et al., 2022),
where optimizing imperfect proxy reward mod-
els leads to qualitatively worse outputs, including
overly wordy responses and hallucinated informa-
tion.

Direct alignment algorithms like DPO (Rafailov
et al., 2024¢) were designed to bypass RL training
by parameterizing rewards directly in terms of the
policy, but they introduce their own form of overop-
timization. Azar et al. (2023) show that DPO’s un-
bounded log-odds transformation leads to severely
overfitted implicit rewards, losing the regulariza-
tion benefits of standard RLHF’s explicit reward
modeling. They propose IPO using bounded ¥
functions to address this issue. However, Rafailov
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et al. (2024a) demonstrate that even IPO, despite
its theoretical guarantees against overoptimization,
still exhibits similar degradation patterns to DPO
and RLHF at higher KL budgets and across differ-
ent model scales, suggesting that overoptimization
in direct alignment algorithms may be a more fun-
damental issue than initially anticipated. More re-
cently, Huang et al. (2025) propose 2-Preference
Optimization (xPO), which replaces DPO’s loga-
rithmic link function with x2-divergence regular-
ization to implement pessimism under uncertainty,
providing theoretical guarantees against overopti-
mization based on single-policy concentrability.

B Margins and Overoptimization

It has been shown that methods such as SimPO
can achieve performance comparable to DPO even
with a target margin of v = 0, as demonstrated in
the original SimPO paper. This suggests that of-
fline methods do not necessarily require reference
models when operating within the safe KL region,
and that introducing margins generally improves
performance across benchmarks. This effect arises
from both model capabilities and dataset coverage:
larger models are less prone to common overfit-
ting behaviors and can extract more meaningful
signals during optimization, rather than engaging
in reward hacking, a phenomenon observed in both
online and offline preference optimization (Gao
et al., 2022; Rafailov et al., 2024c). Consequently,
the influence of the reference model is minimal and
can often be neglected. However, this behavior is
contingent on the task being sufficiently challeng-
ing and the model being strong enough to avoid
overoptimization. To validate this observation, we
train Pythia-1B on TL;DR using SimPO across dif-
ferent margin values () and learning rates, in a
setting where the model is relatively weaker and
the task is easier compared to standard chat datasets
such as UltraFeedback (Cui et al., 2024) used in
SimPO.

We first consider a learning rate of 1 x 1079,
which is known to be effective for DPO, DPO met-
rics in Figure 9. In this setting, all SimPO models
exhibit overoptimization regardless of the « hyper-
parameter, SimPO metrics in Figure 8 . Although
reward definitions differ and direct comparison of
losses or other training metrics is challenging, log-
probabilities of samples remain comparable. We
observe the characteristic extreme likelihood de-
creases, which correlate with overoptimization; this



pattern is present in DAAs and, as we show, also
occurs in online methods. Increasing the margin
exacerbates this issue, as optimization aggressively
seeks high separation, naturally resulting in overop-
timization.

Reference-free methods like SimPO are partic-
ularly susceptible because they lack prior knowl-
edge about sample difficulty, treating all samples
equally. Some samples are inherently harder and
should receive more attention, a behavior that could
be partially captured by negative reference contri-
butions in pairwise preferences. When a hardcoded
margin pushes the model to satisfy strict separation
objectives, it can amplify pathological behaviors
during training.

However, when using a relatively low learn-
ing rate that allows for gradual updates, SimPO
performs significantly better, metrics in Figure
7 and win rates in Figure 6 . In this regime,
it emerges as a strong preference optimization
method: an appropriate margin encourages the
model to learn and optimize meaningful signals.
Therefore, reference-free models require extra safe-
guards against overoptimization. Controlling the
learning rate can act as an anchor, keeping updates
within meaningful distributional shifts, although
these models can still experience the overoptimiza-
tion patterns observed in DAAs.
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C Mathematical Derivations for
Maximum Entropy RL

C.1 Deriving the Optimum of the
Entropy-Regularized Reward
Maximization Objective

In this appendix, we will derive the optimal pol-

icy for Maximum Entropy RL. Analogously to the

KL-constrained case (Rafailov et al., 2024c), we

optimize the following objective:

max Epnp g [r(2,9)] + aH[r(yl)]

under any reward function r(z,y) and a general
non-parametric policy class, where H[r(y|x)] =
—Eyr(yle) [log 7(y|x)] is the entropy of the policy.
We now have:

m;%x Ewa,ymﬂr [7‘(1’, y)] +aH [W(y’%)}

= m;;ix EszDEywﬂ(y\z) [r(x,y) — alog m(y|z)]
) 1

= mﬂ}n E:pNDEyNW(y\x) |:10g W(y‘it) — a’l“(ﬂ?7 y)]

(ylz)
(Zr(z.v))

=minE, pE, . log
i B y Tr(yx)[ Z(lx) exp

—log Z(x)

where we have partition function:

Z(w) =3 exp (ir@;,y)) |

Note that the partition function is a function of only
x and the reward function r, but does not depend
on the policy 7. We can now define

o (e

which is a valid probability distribution as

7 (y|z) > 0forall y and 3 7*(y|z) = 1. Since

Z(z) is not a function of y, we can then re-organize
the final objective in Eq. C.1 as:
—logZ (m)} =

min By p [Dxe (7(yl2)[|7" (y]2)) — log Z()]

1

" 0l) = 73

7 (y|x)
™ (y|z)

min Eqp [Ew(yx) [10%



Since Z(x) is independent of 7, the minimum
is attained by the policy that minimizes the first
KL term. By Gibbs’ inequality, the KL divergence
reaches its minimum value of zero if and only if
the two distributions are identical. Therefore, this
yields the optimal solution:

Zi o (aren) ®

for all z € D. This completes the derivation.

m(ylz) = 7" (ylz) =

C.2 Deriving the SimPO Objective Under the
Bradley-Terry Model

It is straightforward to derive the SimPO objective
under the Bradley-Terry preference model as we
have

exp (r*(w, y1))

P (y1 = yolx) =

exp (r*(x,y1)) + exp (r

*(:Uv y2))
)

We can express the (unavailable) ground-truth
reward through its corresponding optimal policy:
r*(z,y) = alog 7" (ylz) + alog Z(z)  (10)

Substituting Eq. C.2 into Eq. C.2 we obtain:

p*(y1 = ya|)
_ exp(alogm(y1]z))
Zie{l,?} exp(avlog T (ys|x))

1
(w2l)
*(yfm)

1 + exp (a log
— o (alog 7 (1 2) — alog T (y2]2))

The last line is the per-instance loss for SimPO,
without target margin v and length normalization.

C.3 Deriving the SimPO Objective Under the
Plackett-Luce Model

The Plackett-Luce model (Plackett, 1975) extends
the Bradley-Terry model from pairwise compar-
isons to full rankings. As in the Bradley-Terry
framework, the probability of selecting an option
is assumed to be proportional to the value of an
underlying latent reward function. In our setting,
given a prompt x and a collection of K candidate
answers y1, . . . , Y, the user produces a permuta-
tion 7 : [K| — [K] that represents their ranking of
the answers. Under the Plackett-Luce model, the
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probability of such a ranking is defined as follows.
Letry = r*(z, Yr(x)). Then:

S exp(ry)
kl_Il ngzk exp(r;)

Observe that when K = 2, Equation 11 simpli-
fies to the Bradley-Terry model. For the general
Plackett-Luce model, however, we can still lever-
age the reward parameterization by substituting the
reward function expressed in terms of its optimal
policy. As in Appendix C.2, the normalization con-
stant Z (z) cancels out. Let s, = alog 7" (y ()| ).
Then:

p(7lyr,. - Yk, @) = (11)

K
* CXP(Sk
p (T|y1,...,yK,x)=H# (12)
i 2j=k ©XP(85)
Similarly to the approach for standard
DPO, if we have access to a dataset
D = {T(i),yil),...,y }N of prompts

and user-specified rankmgs we can use a param-
eterized model and optimize this objective with
maximum-likelihood. Let s¢ = alog 7y (YrrylT)-
Then:

Lsimpo(7s)
K
Z exp(s k:)
k= Z] 1, exp(s )
C.4 Deriving the Gradient of the SimPO

Objective

In this section we derive the gradient of the SimPO
objective:

Vo Lsimpo(mg)
— —VE,

[log o (alog o (yw ) — clog o (yi] )]

&Y, y1)~D

We can rewrite the RHS of Equation C.4 as

o’ (u)
VoLsinpo () = B | %) Vo )]
where u = alog g (yw|z) — aclog mg(yi|x).
Using the properties of sigmoid function
o'(z) =o(z)(1 —o(x)) and o(—2) = 1 — o(x),
we obtain the final gradient



Vo Lsimpo(mg) = —E

T,Yw,Y1)~D

a0 (atogma(ule) ~ alog ma(y )
[Ve log 7(yw | ©) — Vglogm(y; | w)”

After using the reward substitution of 7y(x, y) =
alogmg(y | =) we obtain the final form of the
gradient.

C.5 Proof of Lemma 1 and 2 from DPO for
Maximum Entropy RL

In this section, we will prove the two lemmas from
DPO for Maximum Entropy RL.

Lemma 1 (Lemma 1). Under the Plackett-Luce
preference framework, and in particular the
Bradley-Terry framework, two reward functions
from the same equivalence class induce the same
preference distribution.

Proof. We say that two reward functions r(z, y)
and r/(z,y) are from the same equivalence class
if r'(x,y) = r(z,y) + f(x) for some function f.
We consider the general Plackett-Luce (with the
Bradley-Terry model a special case for K = 2)
and denote the probability distribution over rank-
ings induced by a particular reward function r(z, y)
as p,. For any prompt x, answers yi,...,Yx
and ranking 7 we have: Let 1 = 7(z,y-(x))
and r, = '(2,Y;)) = 7% + f(x). Then: Let
i = 7(x,Yr(r)) and rj, = rp + f(z). Then:

pr’(7—|yla cee 7yK7$)
oot
- K
k=1 Zj:k exp(?"})

S e+ J(@)
e rE, exp(?“j + f(a)

_ exp(f(x))exp(rg)
H 1 exp(f(x) Zf{ , exp(r;)
B ﬁ exp(r,)

K
k=1 Zj:k eXp(W)

:pT(T‘yla <o 73/1(7'%')

which completes the proof. O

Lemma 2 (Lemma 2). Two reward functions from
the same equivalence class induce the same optimal
policy under the entropy-regularized RL problem.
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Proof. Let us consider two reward functions from
the same class, such that 7/ (z,y) = r(z,y) + f(x)
and, let us denote as 7, and 7, the corresponding
optimal policies. For all z,y, let p = Lr(z,y),

p = 2r'(z,y),and ¢ = 1 f(z). Then:
_exp(p)
) = el
__exp(p+9)
- Xy exp(pt o)

_ exp(¢) explp)
exp(9) 3, exp(p)
_eplp)
=3, exp(p)

= ﬂ-T‘(y|x)7

C.6 Proof of Theorem 1 from DPO for
Maximum Entropy RL

In this section, we will eloborate on the results of
the main theorem from DPO for Maximum Entropy
RL.

Theorem 1 (Maximum Entropy Version). Assume
we have a parameter o« > 0. All reward equiva-
lence classes, as defined in the previous section,
can be represented with the reparameterization
r(z,y) = alog(y|z) for some model 7(y|x).

Proof. Consider any reward function r(z,y),
which induces an optimal model 7, (y|z) under
the entropy-regularized RL problem, with solution
given by the optimal policy derivation. We have:

r(z,y) = alogm (y|lz) + alog Z(x)

where Z(x) >, €Xp (2r(x,y)) (notice that
Z(x) also depends on the reward function 7).
Using the operator r/'(z,y) = f(r,a)(z,y) =
r(x,y) — alog Z(x), we see that this new reward
function is within the equivalence class of r and,
we have:

' (z,y) = alog m(y|x)

which completes the proof. O

We can further expand on these results. We can
see that if  and ' are two reward functions in the
same class, then

f(?“, O‘)(m7y) = Oélogﬁr(?ﬂ@ =
alogﬂr’(y‘w) = f(r',a)(x, y)



where the second equality follows from Lemma 2.
We have proven that the operator f maps all reward
functions from a particular equivalence class to the
same reward function. Next, we show that for every
equivalence class of reward functions, the reward
function that has the reparameterization outlined in
the main theorem is unique.

Proposition 1. Assume we have a parameter o >
0. Then every equivalence class of reward functions
has a unique reward function r(x,y), which can
be reparameterized as r(z,y) = alogw(y|z) for
some model 7(y|x).

Proof. We will proceed using proof by contradic-
tion. Assume we have two reward functions from
the same class, such that 7/ (x, y) = r(x,y) + f(x).
Moreover, assume that 7/ (z,y) = alog 7’ (y|x) for
some model 7'(y|x) and r(z,y) = alogm(y|z)
for some model 7(y|z), such that = # 7’. We then
have

(o) = rlay) + F(2) = alogn(yle) + [
= alogn(yle) exp(., f()
= alog ' (y|r)

for all prompts z and completions y. Then we
must have 7(y|z) exp(L f(z)) = 7'(y|z). Since
these are distributions, summing over y on both
sides, we obtain that exp(2 f(z)) = 1 and since
a > 0, we must have f(z) = 0 for all z. Therefore
r(z,y) = r'(x,y). This completes the proof. []

We have now shown that every reward class has
a unique reward function that can be represented
as outlined in the main theorem, which is given by
f(r, «) for any reward function in that class.

D Extra Figures
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Figure 5: KL divergence evolution during training for 1B and 2.8B parameter models using different regularization
methods. The left panel shows results for the 1B model and the right panel shows results for the 2.8B model. Each
panel compares KL-Constrained and Maximum-Entropy approaches. Checkmarks (v") indicate high win rate runs
and crosses (x) indicate overoptimized runs.
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Figure 6: Win rate progression across training checkpoints for different values of the gamma hyperparameter.
Results are for the Pythia-1B model trained with a learning rate of 2 x 1077,
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Figure 11: Reward dynamics and KL divergence metrics for entropy-regularized RL training across different entropy
coefficients. Top-left panel shows reward progression (RLHF reward) over training steps for various entropy values.
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