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Abstract

Offline preference optimization methods, such
as Direct Preference Optimization (DPO), of-
fer significant advantages in aligning Large
Language Models (LLMs) with human values.
However, achieving optimal performance with
these methods typically involves additional hy-
perparameter tuning, resulting in substantial
time overhead. Although prior work has pro-
posed a range of improvements, these meth-
ods remain limited in effectiveness and have
not fully eliminated reliance on hyperparam-
eter tuning. In this work, we propose RMiPO,
a lightweight and efficient framework for of-
fline preference optimization. RMiPO leverages
intrinsic Response-level Mutual information
for Preference Optimization with hyperparam-
eter modulation, dynamically decoupling pref-
erence contributions at negligible additional
computational cost. Extensive experimental
results demonstrate that RMiPO achieves con-
sistently superior performance over existing
methods while reducing training overhead by
more than 15%. Our code is available at
https://github.com/liavonpenn/rmipo.

1 Introduction

Large Language Models (LLMs) demonstrate re-
markable generation and comprehension capa-
bilities across diverse NLP tasks (Llama, 2025;
DeepSeek, 2025; OpenAl, 2025). However, when
faced with complex tasks such as mathematical
analysis and logical reasoning, LLMs may take
incorrect reasoning paths or generate inconsistent
conclusions. To address this issue, researchers have
proposed Reinforcement Learning from Human
Feedback (RLHF) (Ouyang et al., 2022). This ap-
proach fine-tunes pretrained LLMs using carefully
curated human preference data, improving their rea-
soning fidelity and alignment with human values.
Although RLHF substantially enhances LLM
performance, its intricate reward modeling pipeline
and significant computational demands hinder scal-

*Corresponding authors.

Lingbo Li?
2University of Warwick
liangshangsong@gmail. com

Lin Chen?*
3Macao Polytechnic University

Shangsong Liang'*

lchen@mpu. edu.mo

Offline Preference Optimization

Chosen Reward Margin Rejected
r‘rqﬁ Fixi R . Better
., Fixing or Removing Alignment

q High-Cost Adaptive
Il /RS

p.v... are hyperparameters controlling optimization strength

Low-Cost Adaptive y-Only

Figure 1: Unlike existing static or high-cost adaptive
methods, RMiPO leverages intrinsic mutual information
for modulation, enabling adaptive ~y-only control to bal-
ance training efficiency and alignment performance.

ability. To mitigate these limitations while preserv-
ing alignment quality, researchers have introduced
offline preference optimization methods such as
DPO (Rafailov et al., 2023), IPO (Azar et al.,
2024), and KTO (Ethayarajh et al., 2024). These
approaches optimize preferences directly through
the likelihood outputs of the policy model, thereby
obviating the need for an explicit reward model.
Building upon this paradigm, SimPO (Meng et al.,
2024) further eliminates dependence on a reference
model, yielding an approximately 20% reduction
in training time for single-round preference opti-
mization relative to DPO. Empirically, these meth-
ods perform comparably to, and in some cases sur-
pass, RLHF. Nevertheless, as noted in Rasul et al.
(2024), fully realizing their potential still necessi-
tates careful tuning of several key hyperparameters.
This process is nontrivial, as each alignment run
is costly and configuration changes often require
re-establishing optimal hyperparameters.

Recent solutions can be broadly divided into two
types: one embeds dynamic mechanisms in pref-
erence optimization (Wu et al., 2024; Lee et al.,
2025; Wu et al., 2025) to adaptively adjust key
hyperparameters, while the other fundamentally
alters the optimization paradigm, as exemplified
by Xiao et al. (2025b), thereby removing hyper-

3790

Findings of the Association for Computational Linguistics: ACL 2026, pages 3790-3808
July 2-7, 2026 ©2026 Association for Computational Linguistics


https://github.com/liavonpenn/rmipo

parameter dependence. Both approaches exhibit
distinct theoretical and empirical advantages. How-
ever, the former often requires additional monitor-
ing modules or complex control logic, adding extra
training overhead, whereas the latter may degrade
under preference drift or inconsistent data (Yang
et al., 2024; Gorbatovski et al., 2024; Zeng et al.,
2024). This raises a critical research question in
LLM alignment: Is it feasible to develop an effi-
cient method for offline preference optimization?
In this paper, we provide an affirmative answer
to this question. As illustrated in Figure 1, we pro-
pose RMiPO, a lightweight and efficient framework
for offline preference optimization. At its core is
a dynamic modulation mechanism derived from
intrinsic mutual information, enabling RMiPO to
achieve instance-level adaptive tuning of hyperpa-
rameters. Through systematic theoretical analysis,
we find that the hyperparameter -y, which controls
the reward margin, plays a dominant role in prefer-
ence optimization, while the intrinsic mutual infor-
mation of responses provides a principled basis for
its adaptive adjustment. Building on the above in-
sight, RMiPO adaptively adjusts «y during optimiza-
tion, enabling decoupled modeling of preference
contributions at negligible computational overhead.
The primary contributions of this work are as
follows: (1) Lightweight Framework. We pro-
pose RMiPO, a novel lightweight offline preference
optimization framework that leverages intrinsic mu-
tual information to enable instance-level adaptive
hyperparameter control. (2) Insightful Analysis.
We conduct a comprehensive examination of the
roles of hyperparameters in offline preference opti-
mization framework and offer meaningful insights
that can guide future practice and research. (3)
Superior Performance. Through extensive eval-
uations on benchmarks such as AlpacaEval 2 and
MT-Bench, RMiPO reduces training costs by ap-
proximately 15-20% while achieving performance
clearly superior to state-of-the-art baselines.

2 Preliminary

Problem Formulation. This paper focuses on the
offline preference alignment task. We assume ac-
cess to a dataset D = {(z(®), y{¥, yl(i)) N of N
preference triplets, where each sample consists of
a prompt @ and a pair of responses yg) (pre-
ferred) and yl(z) (less-preferred). Each preference
triplet is labeled by a preference oracle, such as
humans or LLM-based evaluators, which identifies

the preferred response. To learn from D, Chris-
tiano et al. (2017) adopted the Bradley—Terry (BT)
model (Bradley and Terry, 1952) as the basis for
learning. In the BT formulation, the probability
that y,, is preferred to y; given x is:

Pyw =y | ) = o(r(z,yu) —r(z,u)), (1)

where o (+) is the logistic function and r(x, y) is the
implicit quality score induced by the current policy.
Under this setup, we directly learn a parameterized
policy model 7y (y | x), using the preference signal
implicitly encoded in 7(z, y) to guide updates. The
policy is optimized solely on D and progressively
aligns its generation with the oracle’s preferences.
Direct Preference Optimization (DPO) (Rafailov
et al., 2023) is a widely used method for offline
preference optimization. Its core idea is to lever-
age the log-likelihood of 7y to construct an im-
plicit, preference-aligned reward by relating the
optimal policy in closed form to a reference pol-
icy mef. Specifically, DPO defines the reward as
r(z,y) = Blog ﬂtifg’y‘g) +Blog Z(x), where Z(x)
is a partition function independent of y. The hyper-
parameter 8 > 0 scales the log-likelihood differ-
ence to control KL regularization and keep 7y close
to . Under this reward, the objective becomes

Lppo = —E(g 4, v~ [log (Ar)] , where
2
Tret (Yuw|T) Tref (Y1])

This objective encourages increasing the preferred
response’s log-likelihood ratio and decreasing the
less-preferred one relative to the reference policy.

Simple Preference Optimization (SimPO) (Meng
et al., 2024) removes DPQO’s reliance on a reference
model and mitigates length bias in autoregressive
generation. It introduces a length-normalized re-
ward 7(z,y) = % log o (y|x), where |y| is the
response length. To further amplify preference sig-
nal, SimPO incorporates a margin hyperparameter
v > 0 within the BT formulation, requiring the
preferred response to exceed the less-preferred one
by at least . This yields the following objective:

Lsimpo = _E(x,yw,yl)ND [lOg o (Af - '7)] N E))

where A7 = 7(x, y) — 7(x, y;) by definition.
Alignment performance under the above and
other offline preference objectives (Appendix A) is
highly sensitive to hyperparameters, especially 3
and -, whose optimal values demand costly tuning.
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Figure 2: Hyperparameter sensitivity of Mistral-7B-
Base on MT-Bench. DPO is evaluated across varying
B, while SimPO is tested under two settings: varying /3
with fixed v = 1.0, and varying ~ with fixed § = 2.0.
The dashed line denotes the SFT-initialized baseline.

To this end, we introduce RMiPO, with an instance-
level adaptive mechanism that significantly miti-
gates hyperparameter tuning overhead.

3 Methodology

In this section, we address two core design ques-
tions: (1) Which hyperparameters necessitate adap-
tive adjustment, and (2) how to design effective
mechanisms for such adaptation. §3.1 presents two
key insights, and in §3.2 we introduce RMiPO, a
novel offline preference optimization framework
that effectively resolves both of these challenges.

3.1 Motivation and Key Insights

The performance of offline preference optimization
depends on hyperparameter choice, particularly the
trade-off between policy regularization and reward
scaling. Through extensive experiments and theo-
retical analysis, we have distilled two key insights.
Insight I. In offline preference optimization, opti-
mal performance is primarily determined by . As
shown in Appendix Table 4, the offline preference
learning paradigm involves more than two hyper-
parameters, but its core remains (3, which scales
reward differences, and -y, which controls reward
margins. We fine-tuned Mistral-7B-Base and con-
ducted sensitivity analyses on MT-Bench (Zheng
et al., 2023). Although training curves and in-
domain validation are similar across configurations,
MT-Bench scores vary sharply (Figure 2). In DPO,
except for 8 = 0.01, which performs relatively
well but is not a universal solution (Wu et al., 2025),
all other (3 settings lead to substantial performance
degradation, in some cases falling even below the
SFT initialization baseline. In contrast, in SimPO,
adjusting either 3 or v improves performance, with
~ exerting an especially pronounced positive effect.

While incorporating « into DPO yields negligi-

ble improvements (Meng et al., 2024), it is indis-
pensable for SimPO, as its removal degrades per-
formance. This motivates us to reexamine the DPO
objective (Eq. 2), we observe that although it lacks
~ explicitly, the reference model m.¢ induces an
instance-level implicit margin. Specifically, the
DPO loss can be rewritten analogously to SimPO:

Lpo = log o (Blog m(ywle) — Blog mo(yil)

- (ﬁ log 7"—ref(yw|x> — Blog 71—ref(yl|x)) ) 4)

Instance-level Implicit Margin ~yef

Based on this observation, we unify the opti-
mization objectives of DPO and SimPO as £ =
—E[logo (AR — )], where AR = [Alog de-
notes the reward difference induced by the log-
likelihood gap of the policy model. This formula-
tion encompasses Ar in DPO and A7 in SimPO.
Under this unified framework, policy updates fol-
low the gradient descent rule § <— 0 —n Vo L(0; D),
where 17 > 0 denotes the learning rate. The gradi-
ent of the objective can be written explicitly as

VoL = —BE[(1—0a(AR —7))VeAR]. (5)

It is noteworthy that 3 serves merely as a scalar
multiplier rescaling gradients, whereas -y appears
directly inside the sigmoid and directly determines
each sample’s gradient-sensitivity region. Un-
der the first-order optimality condition, station-
ary points satisfy VoL = 0, which, after substi-
tuting the gradient and noting 3 > 0, is equiv-
alent to E [(1 — o(8Alog —v))VeAlog] = 0.
Thus, the stationary set is essentially governed
by ~, as it modulates per-sample weighting via
o(BAlog —v), whereas ( only changes the sig-
moid’s steepness without shifting stationary points.
These observations clearly indicate that v should
serve as the primary parameter for adaptive tun-
ing in offline preference optimization framework.
Insight I1. Modulating ~ via mutual information
differences offers a reliable, lightweight scheme.
An intuitive and previously explored strategy (Wu
et al., 2024) is to adaptively adjust v using log-
likelihood differences computed by the policy
model over preference pairs. However, our em-
pirical analysis of the Anthropic-HH dataset (Bai
et al., 2022), as shown in Figure 3, reveals sev-
eral issues. For both Mistral-7B-Base and Llama-
8B-Base, the log-likelihood differences in "Help-
ful" and "Harmless" categories cluster tightly near
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Figure 3: Near-zero, overlapping log-likelihood differ-
ences provide a weak signal for adaptive tuning.

zero, exhibit asymmetry, and substantially over-
lap between preferred and non-preferred samples.
Moreover, their distributional shapes vary markedly
across models and preference. These properties in-
dicate that likelihood differences are a weak, sensi-
tive, low—signal-to-noise signal with limited effec-
tiveness for adaptive mechanisms built upon them.

This phenomenon motivates a deeper examina-
tion of intrinsic limitations in log-likelihood dif-
ferences. Although log mg(y | x) is intended to
measure semantic relevance, it in practice reflects a
composite signal entangled with multiple confound-

ing factors. Applying Bayes’ rule and taking the
7o (zy)mo (y)

mo(x)
Here, log w(x|y) captures the semantic coupling

between the response and the prompt (the "reverse
relevance" to be optimized), while log 7(y) reflects
the response’s prior popularity. The term log 7(z)
is a constant that does not affect preference ranking.

If the adjustment mechanism is based on the policy
7o (Yw|z) .

logarithm yields: logmy(y|z) = log

model’s log-likelihood gap A log = log

7o (yilz) °

WG(I’yw) Wﬁ(yw)
Alog =1 6
T o8 o8 (Y1) o8 (1) (O

Relevance Gap Popularity Bias

then the resulting signal inevitably entangles true
relevance differences with popularity bias. When
Yw 18 a generic, fluent but low-informative “boil-
erplate” response such as “That’s a great ques-
tion” (Li et al., 2016), log 7(y,,) becomes large.
Consequently, the policy model tends to favor
such safe yet uninformative responses. Although
sequence length replaces reference-model con-
straints (Wu et al., 2024; Xiao et al., 2025b), it
remains insufficient to mitigate popularity bias.

In contrast, when incorporating a reference
model, the adjustment signal is formulated as
Al9g = log %m — log %&J@) When the
policy and reference models have similar language
modeling capabilities (reference is typically ini-
tialized policy), this formulation naturally cancels

o m
—

Policy Model Log-likelihood
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Figure 4: RMiPO training workflow: four-step reference-
free policy optimization using mutual information.

prior popularity bias. Specifically, under the as-
sumption that mp ~ s, We have logmy(y) —
log mef(y) ~ 0. This observation not only ex-
plains DPO’s robustness to generic responses but
also reveals the reason behind the effectiveness of
recent adaptive tuning methods (Lee et al., 2025;
Wu et al., 2025). However, this comes at the cost of
additional model storage and inference overhead.

Existing strategies face an inherent trade-off:
either they fail to fully eliminate response-prior
contamination in the adjustment signal, or rely on
reference models, which impose additional com-
putational and storage overhead. This raises a
critical question: is there an adjustment signal
capable of decoupling semantic relevance from
response priors without relying on a reference
model? We propose to leverage pointwise mutual
information (PMI), a well-established information-
theoretic measure (Chen et al., 2024; Liu et al.,
2025b; Xiao et al., 2025a), as the adaptive sig-
nal for margin control. Formally, under the pol-
icy model 7y, PMI is defined as PMI(y|z) =
log %3(’5) The resulting adjustment signal is
Apmi = PMI(y,|z) — PMI(y;|z). Substituting
the Bayes decomposition yields:

v o< Apmi = log mo(z[yw) — log ma(z|yr). (7)

This analysis provides an information-theoretic jus-
tification for using mutual-information differences
as the adjustment signal for the hyperparameter -y;
the full derivation is provided in Appendix B.

3.2 Proposed Framework: RMiPO

These insights establish two principles: treating
~ as the key adaptive variable and updating it via
mutual information differences. To this end, we
propose RMiPO, a novel optimization framework.

Overview. Figure 4 illustrates the RMiPO train-
ing workflow. Given a prompt x and a preference
pair (Y, 1), the policy model 7y computes point-
wise mutual information for each response, denoted
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as PMI(y|x). Unlike the raw log-likelihood dif-
ference, which entangles semantic relevance with
response priors, the PMI difference Apmi more
directly disentangles conditional relevance from
marginal popularity. This signal (Step @) thus en-
ables reliable and efficient adaptation of the reward
margin 7y and offers advantages over prior work.
Details are provided in the following sections.

Objective. In offline preference optimization,
the policy mp increases AR by maximizing the
log-likelihood ratio between preferred and less-
preferred responses, defining the gradient direc-
tion for preference learning. The reward margin
~ gates updates based on semantic separability:
samples with AR > -~ are suppressed, others con-
tribute. To this end, RMiPO employs the pointwise
mutual information difference, Apmi(z, yu, y1) =
PMI(yy|z) — PMI(y;|z), as an intrinsic metric for
semantic separability. This signal eliminates inter-
ference from non-semantic factors, such as prior
frequencies. Building on this, RMiPO introduces
a key design: the reward margin -y is negatively
correlated with Apmi. Under this mechanism,
semantically distinct pairs (high Apmi) receive
smaller margins to promote saturation and reduce
redundancy. Conversely, ambiguous samples (low
Apmi) retain larger margins to sustain gradients on
semantic differences at the decision boundary.

As shown in Fig. 3, in early training the policy g
lacks reliable preference discrimination, resulting
in an effectively ungated margin regime (AR < )
where most samples remain gradient-active. As
learning progresses, the margin y progressively re-
allocates gradients, yielding a smooth transition
from coarse discrimination to fine-grained align-
ment. To model this nonlinear dependency, we
define the dynamic margin as a rectified exponen-
tial decay of the pointwise mutual information dif-
ference: ’Y(x7yw; yl) = Ymin + ('Ymax - ’Ymin) :
exp(—max(0, Apmi)). The rectification intro-
duces asymmetry: when Apmi < 0, the margin is
fixed at ymax, enforcing a strong constraint that con-
tinuously penalizes inverted semantic preferences;
otherwise, the margin decays exponentially with
increasing confidence. This design preserves opti-
mization signals in low- and medium-confidence re-
gions while preventing premature margin collapse.

Moreover, inspired by SimPO (Meng et al.,
2024), we incorporate length normalization into the
reward signal to further stabilize training dynamics.
Notably, as shown in the Appendix Table 5, even in
settings without length normalization, our method

remains effective and consistently improves perfor-
mance. Integrating the above design, the final loss
function of RMiPO, Lgryipo, is formulated as:

_E(a:,yw,yl)ND [log U(AR - 7($7 Yw, yl)) ] . (8)

Here, AR = - log m(yu|z) — o7 log mo(yi)
represents the preference score difference after
length normalization. By explicitly coupling Apmi
with 7, RMiPO achieves adaptive perception and re-
sponse to the preference structure. This framework
not only has a solid theoretical foundation but also
demonstrates computational feasibility, offering a
new paradigm for offline preference optimization
that combines efficiency and robustness. Further

details and pseudocode are in the Appendix C.

4 Experiments

4.1 Experimental Setups

Following (Xiao et al., 2025b), we perform pref-
erence optimization in two settings (Base and In-
struct) across two model families, namely Llama3-
8B (Grattafiori et al., 2024) and Mistral-7B (Jiang
et al., 2023). In the Base setting, the initial pol-
icy is constructed using the supervised fine-tuning
(SFT) pipeline of Zephyr (Tunstall et al., 2023). In
the Instruct setting, we directly adopt the officially
released instruction-tuned models as the initial pol-
icy, skipping the SFT stage. Subsequently, these
models are further optimized for preferences on
the UltraFeedback dataset (Cui et al., 2024). All
experiments are implemented using the alignment-
handbook (Tunstall et al.) and conducted on four
NVIDIA A800 (80GB) GPUs with batch size 128.

The resulting policy models are evaluated on
multiple authoritative benchmarks, including the
Open LLM Leaderboard v2 (Fourrier et al., 2024;
Gao et al., 2024), AlpacaEval2 (Li et al., 2023), and
MT-Bench (Zheng et al., 2023). To further assess
safety alignment, we conduct targeted fine-tuning
and evaluation on the Anthropic-HH (Helpful and
Harmless) dataset (Bai et al., 2022). RMiPO is
compared with the standard offline approaches
(DPO (Rafailov et al., 2023), SLiC (Zhao et al.,
2023), IPO (Azar et al., 2024), KTO (Ethayarajh
et al., 2024), CPO (Xu et al., 2024), SimPO (Meng
et al., 2024)), and the solutions addressing hyper-
parameter sensitivity (a-DPO (Wu et al., 2025),
B-DPO (Wu et al., 2024), e-DPO (Lee et al., 2025),
SimPER (Xiao et al., 2025b)). For each base-
line, we conduct extensive tuning within its rec-
ommended hyperparameter space and report the
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Table 1: AlpacaEval 2 and MT-Bench results under four settings. LC and WR denote the widely adopted length-
controlled and raw win rates, respectively. RMiPO consistently achieves measurable gains across various settings.

Mistral-7B-Base

Mistral-7B-Instruct

Llama3-8B-Base

Llama3-8B-Instruct

Method AlpacaEval 2 MT-Bench AlpacaEval 2 MT-Bench AlpacaEval 2 MT-Bench AlpacaEval 2 MT-Bench
LC (%) WR(%) GPT-4 LC(%) WR(%) GPT-4 LC(%) WR(%) GPT-4 LC(%) WR(%) GPT-4
Initial 8.4 6.2 6.3 17.1 147 7.5 6.2 4.6 6.6 260 253 8.1
DPO 15.1 125 7.3 26.8 249 7.6 182 155 7.7 40.3 379 8.0
SLiC 109 89 7.4 241 246 7.8 123 137 7.6 269 275 8.1
PO 11.8 94 7.2 203 20.3 7.8 144 142 74 356 356 8.3
KTO 13.1 9.1 7.0 245 236 7.7 142 124 7.8 33.1 318 8.2
CPO 9.8 8.9 6.8 23.8 28.8 7.5 10.8 8.1 74 289 322 8.0
SimPO 215 20.8 7.3 32.1 348 7.6 220 203 7.7 447 405 8.0
a-DPO  21.0 205 7.5 323 326 8.0 246 227 7.7 46.6  38.1 8.1
B-DPO 157 16.8 7.3 236 204 7.7 235 207 7.7 434 382 8.0
e-DPO  22.0 20.8 7.4 35.6 296 7.8 260 234 7.6 46.4 449 8.0
SimPER 224 213 7.5 37.8 395 7.8 252 229 7.7 48.5 457 8.2
RMiPO 223 214 7.5 381 370 7.8 252 23.6 7.8 49.1 46.3 8.3

best performance. All experimental details are pro-
vided in Appendices C and A.

4.2 Experimental Results

Results on instruction-following. As shown in
Table 1, we report the performance of each model
on commonly used instruction-following bench-
marks. All preference optimization methods im-
prove over the initial policy, with RMiPO achiev-
ing the best overall performance without requir-
ing manual hyperparameter tuning. Under the
Llama3-8B-Instruct setting, RMiPO attains 49.1%
on the LC metric of AlpacaEval 2 and 8.3 on MT-
Bench, both surpassing state-of-the-art approaches.
In the Mistral-7B-Instruct setting, RMiPO achieves
an LC win rate of 38.1%, corresponding to im-
provements of 11.3 and 6 percentage points over
DPO and SimPO, respectively, demonstrating its
effectiveness in capturing human preferences. Al-
though a-DPO and e-DPO achieve moderate gains
through additional control variables or optimized
loss functions, they remain sensitive to hyperpa-
rameter choices and incur higher training costs. By
contrast, RMiPO leverages a fully adaptive hyperpa-
rameter mechanism to simplify training while main-
taining high-quality alignment. Its performance
may be slightly lower than SimPER in rare cases,
but the gap is minimal. Furthermore, MT-Bench
exhibits low discriminative power across methods,
likely due to its limited evaluation set and single-
instance scoring protocol. Examples of RMiPO gen-
erated responses provided in Appendix D further
illustrate that its outputs are not only high in quality
but also structurally coherent and well-organized.

N
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Figure 5: Performance (win rates) of chosen responses
on the Anthropic-HH dataset across multiple methods.

Results on downstream tasks. To further evalu-
ate the generalization capability of RMiPO, we con-
duct a systematic comparative analysis on multiple
downstream tasks from the HuggingFace Leader-
board, including IFEval, BBH, MATH, GPQA,
MUSR, and MMLU-PRO, with the results sum-
marized in Table 2. Under the Mistral-7B-Instruct
setting, RMiPO achieves the best average ranking
of 2.50, substantially outperforming baseline meth-
ods such as DPO (6.33) and SimPO (3.67). This
advantage is further amplified under the Llama3-
8B-Instruct setting, where RMiPO attains an average
ranking of 1.83. At the task level, RMiPO consis-
tently achieves the highest scores on IFEval across
both backbone models (52.76 and 69.07). In addi-
tion, RMiPO demonstrates strong performance on
MATH, with scores of 3.50 and 8.96, highlight-
ing its effectiveness in structured reasoning and
mathematical problem solving. Although meth-
ods such as ¢-DPO yield competitive results on
specific tasks (e.g., MUSR or GPQA) by employ-
ing more complex optimization strategies, their
performance varies considerably across tasks. In
contrast, RMiPO achieves consistently strong results
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Table 2: Evaluation results on selected leaderboard benchmarks. Average Rank (Avg. Rank) is the mean of per-task
ranks for each method, with lower values indicating better performance. Competition ranking resolves ties.

Model Method | IFEval BBH MATH GPQA MUSR MMLU-PRO | Avg. Score Avg. Rank
DPO 51.76  16.88  3.10 2.46 5.75 19.43 16.56 6.33
SimPO 46.87 2238 2.87 3.80 9.76 19.96 17.61 3.67
. a-DPO 52.10 19.20 3.35 2.80 6.05 19.88 17.23 3.83
Mistral-7B 3 ppo | 5195 17.05 327 274 891 19.84 17.29 4.67
Instruct eDPO | 5205 1725 350 285 688 19.75 17.05 3.83
SimPER | 47.10 22.50 2.95 391 9.47 20.05 17.66 3.00
RMiPO 5276 22.04 3.50 3.67 9.85 19.67 18.58 2.50
DPO 67.57 28.51 8.46 291 3.93 29.61 23.50 5.67
SimPO 65.04 26.71 8.61 5.82 8.15 27.66 23.67 5.17
a-DPO 68.12 29.13 8.75 4.15 5.67 29.80 24.27 3.00
LLama3-8B 5 ppo | 6793 2885 841 346  6.16 28.07 23.81 5.00
Instruct e-DPO | 68.15 29.01 8.94 3.27 8.42 29.85 24.61 2.50
SimPER | 6591 2797 8.74 591 4.15 28.67 23.56 4.67
RMiPO 69.07 29.01 8.96 3.50 8.41 30.46 24.90 1.83
Table 3: Ablation analysis on leaderboard benchmarks. 054 reel 012 SimPO
GM: tuning y; MI: intrinsic mutual information—based 0.10 SimPER
fine-tuning; ED: exponential decay—based update. 41 008 4 e
GM MI ED|IFEval BBH MATH GPQA MUSR MMLU-PRO Z 034 0.06 -
v 66.14 2732 852 301 425 28.04 2] 004 -
v 65.87 2694 848 3.12 5.12 28.32 '
v v 68.21 28.47 874 328 731 29.56 011 0.02
v v | 6758 2782 861 307 647 28.91 oo ' | ) 000
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across diverse downstream tasks without incurring
additional parameter search costs, underscoring its
superior stability and generalization ability.

Results on safety alignment. The above bench-
marks primarily target open-domain tasks. To
evaluate RMiPO’s performance in terms of safety
and preference alignment, we compare it with
baselines on the Anthropic-HH dataset. This
dataset comprises the Helpful and Harmless sub-
sets, with alignment effectiveness measured via
the win rate of chosen responses. As shown in
Figure 5, RMiPO achieves significantly higher aver-
age win rates across both subsets compared with
DPO, SimPO, and its improved variant SimPER.
Under the Llama3-8B-Instruct setting, RMiPO at-
tains an average win rate of 64.8%, surpassing
DPO’s 61.8%. Notably, on the Harmless subset,
RMiPO demonstrates even greater gains, while main-
taining a stable lead without requiring complex
hyperparameter tuning on safety-related data, high-
lighting its robustness and practical utility.

Ablation analysis. We conduct an ablation study
of the three key design components in RMiPOon the
Llama3-8B-Instruct model, with the results sum-
marized in Table 3. When only one of GM or MI is
enabled, the model achieves relatively limited per-

Figure 6: Density analysis of reward differences, with
REF serving as the ground-truth reference.

formance across benchmarks (e.g., IFEval scores
of 66.14 and 65.87, respectively), indicating that a
single component cannot fully unlock the model’s
potential. As components are progressively com-
bined, overall performance improves substantially.
For example, combining GM and MI increases
MMLU-PRO from approximately 28% to 29.56,
while the combination of MI and ED performs par-
ticularly well on BBH (29.73) and GPQA (4.18).
When all three components (GM + MI + ED) are
enabled simultaneously, the model achieves the
best results on core benchmarks including IFEval
(69.07), MATH (8.96), MUSR (8.41), and MMLU-
PRO (30.46). These results indicate that the per-
formance gains primarily stem from the synergistic
interactions among RMiPQO’s components, with the
full system delivering the best overall performance.

Density analysis. We analyze the reward density
of the Llama3-8B-Instruct model. Specifically, we
construct reward differences from the rankings of
responses in the UltraFeedback dataset, where each
difference is defined as the ranking of the preferred
response minus that of the less-preferred response.
Since the ranking-based reward differences are dis-
crete, we apply bounded uniform jittering to make
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Figure 7: Training efficiency and dynamics, showing
cost, margin, and win rate on the training set.

them continuous, thereby approximating the latent
reward. This strategy is justified because the origi-
nal rankings are generated by a higher-quality or-
acle model, which serves as a reliable proxy for
human preferences. As shown in Figure 6, we
compare the performance of RMiPO with that of
SimPO and SimPER. The results indicate that the
reward distribution generated by RMiPO aligns most
closely with the reference benchmark distribution.
This demonstrates its ability to capture fine-grained
differences in human preference intensity and pro-
vides strong evidence for the superiority of RMiPO.

Efficiency analysis. To further evaluate the practi-
cality of each algorithm in real-world production
environments, we analyzed the computational effi-
ciency and training stability of RMiPO and its base-
line methods, focusing on GPU memory usage,
training duration, and performance convergence.
As shown in Figure 7, RMiPO demonstrates supe-
rior efficiency, requiring only approximately 6.75
hours of training with a peak GPU memory usage
of about 62%. In comparison, SimPO and SimPER
require 6.17 hours and 6.92 hours, respectively,
with similar peak memory usage, while DPO and
its variants 8-DPO and e-DPO exhibit peak mem-
ory usage as high as 82% and training durations
approaching 8 hours. Notably, a-DPO requires
approximately 10 hours of training due to com-
plex dynamic reference model computations and
additional preprocessing steps. During training,
RMiPO consistently outperforms other methods in
Margin and Win Rate metrics on the training set,
maintaining a leading position throughout the en-
tire training cycle. Overall, RMiPO combines high
efficiency, low resource consumption, and superior
performance, making it a highly practical solution
for large-scale language model alignment tasks.

5 Related Work

Preference Optimization for LLM. Preference
optimization is a key technique for aligning LLMs
with human values. This paradigm was originally
proposed by (Ouyang et al., 2022) and employs
proximal policy optimization for online training.
However, the high complexity of online algorithms
has driven researchers to shift toward more effi-
cient offline methods. Offline preference optimiza-
tion (Park et al., 2024; Rafailov et al., 2023; Zhao
et al., 2023; Azar et al., 2024; Ethayarajh et al.,
2024; Xu et al., 2024; Zeng et al., 2024; Amini
et al., 2024; Tang et al., 2024; Liu et al., 2025a,c)
directly leverages paired preference data to guide
policies toward preferred behaviors. Building on
this line of work, (Meng et al., 2024; Hong et al.,
2024) proposed an approach that does not require a
reference model. Despite their effectiveness, these
methods require extensive hyperparameter tuning.
Efficiency Improvement in DPO. Unlike prior
work on data filtering (Muldrew et al., 2024; Yang
et al., 2024; Huang et al., 2025; Corrado et al.,
2025), this study focuses on minimizing hyperpa-
rameter tuning overhead in DPO and its variants.
Existing research has explored several strategies:
(Wu et al., 2024) and (Lee et al., 2025) dynamically
adjust hyperparameters via KL regularization to ac-
count for instance-level preference intensity; (Wu
et al., 2025; Sun et al., 2025) introduces an implicit
reference model, reducing hyperparameters that re-
quire tuning; and (Xiao et al., 2025b) proposes
the first parameter-free preference optimization ob-
jective based on perplexity. While these methods
demonstrate success, they remain limited in effec-
tiveness. To address this, we propose RMiPO, an
adaptive hyperparameter tuning mechanism based
on intrinsic mutual information that improves align-
ment while reducing optimization overhead.

6 Conclusion

In this paper, we propose RMiPO, a lightweight and
efficient offline preference optimization framework.
Its core innovation is an adaptive modulation mech-
anism based on intrinsic response-level mutual in-
formation. This mechanism dynamically decou-
ples the contribution of different samples to the
overall preference signal, enabling finer-grained
alignment control. Theoretical analysis shows
that this mutual information—driven strategy offers
strong interpretability, establishing a new princi-
pled paradigm for sample weighting in preference
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optimization. Extensive experiments demonstrate
that RMiPO achieves superior alignment gains with
lower training costs and favorable convergence.

Limitations

The core advantage of RMiPO lies in its ability to
obviate the manual tuning of task-sensitive hyper-
parameters, rather than reducing the number of
tunable parameters. This property substantially en-
hances the practicality of preference optimization
algorithms. Nevertheless, RMiPO still exhibits sev-
eral limitations that warrant further investigation.
Sensitivity. While -y is the primary driver of adap-
tivity, its efficacy presupposes that 3 lies within
a reasonable range, as typically ensured by stan-
dard model-scaling practices. Although extreme
values destabilize all preference-optimization base-
lines, RMiPO exhibits greater robustness, with per-
formance degrading more gracefully than static-
margin methods. By dynamically adjusting the
reward margin -y (and its bounds) as a function of
3, the proposed exponential decay mechanism par-
tially mitigates mis-scaled preference signals and
reduces performance degradation under suboptimal
settings. Although RMiPO cannot compensate for
arbitrarily ill-chosen [, its adaptive margin con-
sistently offers a safety buffer over fixed-margin
baselines. The coupled dynamics between 3 and
~ therefore warrant further study in the context of
optimization stability and generalization.

Scalability. Recent studies suggest increasing
policy optimization iterations can further improve
instruction-following performance. However, due
to computational constraints, this work, like most
existing studies, does not conduct extensive valida-
tion under large-scale regimes. Our experiments
focus on billion-parameter models, which suffice
to elucidate RMiP0O’s key mechanisms and provide
empirical support for its effectiveness. The gener-
alization of RMiPO to ten-billion-parameter models
remains to be systematically evaluated.

Adaptability. This work focuses on offline prefer-
ence optimization with fixed datasets, which lim-
its adaptation to dynamic environments. Extend-
ing RMiPO to an online learning framework with
real-time interaction feedback could improve its
applicability to scenarios such as human—computer
interaction and autonomous agents, for example by
using an online oracle to provide preferences and
intrinsic mutual information to guide exploration.

Ethical Considerations

This work proposes a lightweight framework for
LLM alignment. The study does not involve hu-
man participants or personal or sensitive data, nor
does it enable malicious use; therefore, it raises
no ethical concerns. The proposed method aims
to improve the robustness and efficiency of value
alignment, supporting the reliable deployment of
large language models. Furthermore, LLM-based
assistants were employed solely for linguistic re-
finement, with the authors explicitly retaining full
responsibility for the research design, technical
content, and final conclusions.
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A Revisiting Baseline Methods

This section revisits SOTA baseline methods for
offline preference optimization by examining the
underlying design motivations and the functional
roles of hyperparameters in their loss formulations.
Based on this analysis, we summarize and contrast
the resulting optimization objectives in Table 4.

* DPO (Rafailov et al., 2023): By introducing a
difference term of log-likelihood ratios, DPO
implicitly models the reward function, thereby
avoiding reliance on an explicit reward model
in RLHF. This method introduces a tunable
hyperparameter [ to control the deviation of
the policy model from the reference model,
enabling a controllable trade-off between pref-
erence alignment and policy updates.

* SLiC (Zhao et al., 2023): The optimization
objective of SLiC incorporates a supervised
fine-tuning (SFT) term and is governed by two
hyperparameters: the margin parameter ¢ ,
which sets the boundary of the ranking loss,
and the weighting coefficient A , which bal-
ances the contribution of the SFT term within
the overall objective.

* IPO (Azar et al., 2024): IPO transforms pref-
erence learning into a regression problem with
a squared loss by defining a surrogate reward
function, thereby avoiding the instability as-
sociated with reinforcement learning training.
This approach involves a hyperparameter [

that controls the magnitude of the reward sig-
nal.

* CPO (Xu et al., 2024): CPO directly uses the
log-likelihood as the reward signal and jointly
optimizes it with a SFT term. This method
introduces two hyperparameters: 3, which

scales the log-probability term, and A , which
adjusts the weight of the SFT term in the joint
objective.

* KTO (Ethayarajh et al., 2024): KTO learns
from unpaired preference data, with its opti-
mization objective governed by three hyper-
parameters: [, which controls the degree of
deviation of the policy model from the refer-
ence model, and A\, and )\;, which weight
the preference terms corresponding to win-
ning and losing responses, respectively.

* SimPO (Meng et al., 2024): SimPO does not
rely on a reference model and is trained by
optimizing a length-regularized objective over
response pairs, with its objective function gov-
erned by two hyperparameters: [, which
scales the log-probability term, and ~ , which
adjusts the reward margin.

A review of the above paradigms reveals that hy-
perparameters are ubiquitous across different meth-
ods; as demonstrated in prior studies, their tuning
is not only unavoidable but also often incurs sub-
stantial computational overhead. To address the
issue of hyperparameter dependence, researchers
have recently proposed several approaches.

 a-DPO (Wu et al.,, 2025): «-DPO aims to
combine the advantages of DPO and SimPO
to reduce sensitivity to hyperparameters [
and v . This approach introduces a smooth-

ing parameter « € [0,1] to interpolate be-
tween the two objectives: when o = 0,
the optimization objective reduces to SimPO;
when a = 1, it is equivalent to DPO.
Central to SimPO is the length-normalized

utility w(x, yu, y1) ‘y’%)‘log o (Yw|T) —
% log 79 (y;|x), which mitigates the bias in-
troduced by response length. «-DPO in-
corporates this utility into its unified ob-
jective. The method is based on the pref-
erence scoring function M (x,yy,y;) =

Blog %, which measures the

relative difference between the policy 7y
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Table 4: Various preference optimization objectives and hyperparameter search range.

Method Objective Hyperparameter
Common Offfine Preference Optimization Methods
DPO (Rafailov et al., 2023)  —logo <B log Zelvult) _ glog lfﬁiﬁ‘ﬁé) B € [0.01,0.05,0.1]
SLIC (Zhao et al., 2023) max(0,8 — log 70 (yu|z) + log 7o (yi|z)) — Mog 7o (ye|7) g i %8182 ig ;Oo%
. p o (Ywlr) mo(yilz) _ 1
IPO (Azar et al., 2024) (log Zelels) — 10 Zeluia) — L 7€[0.01,0.1,0.5,1.0]
CPO (Xu et al., 2024) —logo (Blogmo(yw|z) — Blog mo(yi|z)) — Alog mo (yw|z) a=1.0, g €[0.01,0.05,0.1]
_ T (Ywlz) 7o (yilz) [
KTO (Ethayarajh et al., 2024) ~*° <ﬂ log = St Tm) Z‘e‘) + Ao (Z“f Blog w(yz\x)) AN=Aw =10
where zwer = E(s,y)~p [BKL (0 (y|)| |7t (y|2))] B €[0.01,0.05,0.1]
. B € [2.0,4.0,6.0,8.0]
SimPO (Meng et al., 2024) —logo ( IOg o (Ywl|z) — ‘y” log 7o (yi|T) — ) € [03.0.510.1.2,1.4,1.6]

Solutions for Mitigating Hyperparameter Sensitivity

a-DPO (Wu et al., 2025)

—log o (u(w, yuw, yi) — Sg [y + oM (z, yw,yz)]) B €[2.5,10.0], v €[0.1,0.3,0.5]

where u(x, yw, Y1) = \uw\ log mg (yw|x) — m‘ log mg (y1|x) a € [le—2,5e —2,0.1,0.2]

B-DPO (Wu et al., 2024)

—logo <51 log Zelywl2) _ g 160

Tret (Yw [@)

where 8; = [1 + a(M; — Mo)]Bo

o (yi|x)

"rcf(yllz))

8=0.1,a€[04,0.6,0.8,1.0]
p €[0.0,0.1,0.2,0.3,0.4,0.5]

e-DPO (Lee et al., 2025)

~logo (8 log 7} — filo
where 8; < {8, 85, 8}

We(yz\l') ) B8 =0.01

8 Trer(wil2)

€ € [0.005,0.01,0.02]

Solutions for Eliminating Hyperparameter Sensitivity

SimPER (Xiao et al., 2025b)  —exp ( log m(yum) + exp (m\ log m(y,m) .

RMiPO

—10gr (27 10g mo(yule) — 27 1og ma(unle) = +(@, yus 1))
where Y(Z, Yw, Y1) = Ymin + (Ymax

B = 2.0 Ymin = 0.3 Ymax = 1.6

- FYmm) eXp(— rl'laX(O7 Apml))

and the reference m,.s for a preference pair
(Yw, y1)- To enhance stability, M (x, Y., Y1) is
Z-score normalized to obtain M™*(z, Y, y1)-

B-DPO (Wu et al., 2024): 5-DPO proposes
dynamically adjusting the hyperparameter (3
based on the quality of preference pairs to
mitigate sensitivity and reduce tuning bur-
den. Specifically, the quality of a prefer-
ence pair (yy,y;) is measured by M; =
ﬁO log 7o (Yuw ) /B log 7o (yi|z)

Tret (Yuw|T) Tret (Yi]2)
factor a € [0, 1] is then introduced to mod-
ulate the influence of M; on the update of
B;. To further enhance robustness, the method
incorporates a data filtering mechanism con-
trolled by the hyperparameter p , which sup-
presses the adverse effects of outlier prefer-
ence pairs during /3 selection.

- A scaling

e-DPO (Lee et al., 2025): ¢-DPO exam-
ines the behavior of preference pairs un-
der hyperparameter perturbations and pro-
poses an adaptive mechanism for regulating
B . Specifically, a perturbation scale € > 0
is introduced, defining the bounds (-

11,@* := B(1 + ¢), which correspond to

values slightly below and above (3, respec-
tively. It has been observed that the preference
likelihood of the policy model exhibits local
monotonicity around . Based on this prop-
erty, e-DPO dynamically adjusts 3 for each
sample within the neighborhood determined
by €, thereby enhancing the robustness and
adaptability of the optimization.

* SIimPER (Xiao et al., 2025b): SimPER
demonstrates that optimizing only the in-
verse perplexity is sufficient for strong per-
formance, where inverse perplexity is de-
fined as the reciprocal of the exponenti-
ated average log-likelihood of the chosen
versus rejected responses in the preference
dataset. Based on this, the method constructs
a hyperparameter-free objective, offering ad-
vantages in computational and memory effi-
ciency.

The above solutions for hyperparameter tun-
ing have all demonstrated significant effectiveness.
However, an analysis of their optimization objec-
tives indicates that, except for SImPER, existing
methods primarily alleviate the tuning burden by
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reducing the number of tunable hyperparameters
or narrowing the search space. In practical deploy-
ment, we observe that although SimPER has a sim-
ple structure and strong performance, its training
stability is relatively limited. Therefore, an ideal
method should completely eliminate hyperparame-
ter dependence while maintaining good stability.

B Full Derivations

Derivation of Insight I. To analyze the impact
of hyperparameters on offline preference optimiza-
tion methods such as DPO and SimPO, we unify
them under the following objective function frame-
work: L(0) = —E(; 4, v)~p [log o (BAlog —v)],
where Alog := logmg(yw | ) — logme(y; | )
denotes the log-likelihood difference of the policy
model 7y on a preference triplet (x, Y., y;). Tak-
ing the gradient with respect to 6 and applying the
chain rule yields:

1

Vok =& o(BAlog —v)

-o(BAlog —v)
)

- (1= o(BAlog—7)) - Vo(BAlog —)|.

Since ~y is a constant independent of 6, we have
Vv = 0. After simplification, the gradient can be
rewritten as:

VoL =—3-E | (1 -oc(BAlog—v)) VeAlog

Weight w;

(10)
Here, w; = 1 — o(8Alog —v) can be interpreted
as the effective weight of the ¢-th sample in the
gradient update. Stationary points satisfy VoL =
0. Because 8 > 0, this factor can be canceled
in the first-order necessary condition, yielding a
characterization of the stationary set S:

E [w; VoA log]

=E [(1 —o(BAlog —'y))VgAlog] =0. b

To clarify the distinct roles of 5 and ~ in con-
vergence behavior, we examine the structure of
the weight term w;. Specifically, the symmetry
center of the sigmoid function is determined by
BAlog = +, at which point w; = 0.5. This in-
dicates that ~y directly governs the relative impor-
tance of different samples in the expected gradient,
thereby systematically shifting the stationary set
S. In contrast, 5 acts as a global scaling factor

on the gradient magnitude, controlling the steep-
ness of the sigmoid function, i.e., the sharpness of
the decision boundary. Although 3 substantially
influences optimization dynamics, such as conver-
gence speed and robustness to noise, it does not
alter the sample-importance structure dominated
by -y in the first-order stationary condition. Thus, ~y
plays a more fundamental role than (3 in shaping
the stationary points of the optimization.
Derivation of Insight II. As discussed previously,
the hyperparameter  plays a central role in pref-
erence optimization objectives by regulating the
importance of samples. However, if this modula-
tion signal itself is influenced by bias in the prior
distribution of responses, it may cause the model to
overfit high-frequency yet weakly semantically re-
lated responses, thereby degrading alignment qual-
ity and generalization ability. Therefore, in the
ideal case, there is an urgent need for a modulation
signal that reflects purely semantic relevance and
is insensitive to response popularity.

Current mainstream methods directly use the
log-likelihood difference A log of the policy model
as the optimization signal. However, accord-
ing to Bayes’ theorem, the conditional probabil-
ity mp(y|z) can be decomposed as my(y|z) =
%W. Taking the logarithm yields:
log 79 (ylz) = log mg(x|y)+log ma(y) —log ma ().

(12)
Correspondingly, the log-likelihood difference
Alog for a preference pair (x, yy, y;) can be de-
composed as:

Alog = (log mo(x|yw) —log mo(x|yr))
Semantic Relevance Gap

+ (log 7o (yw) — log me(y1)) -

Prior Popularity Bias

(13)

Here, the term log 7y (y;) characterizes the model’s
prior preference for response y, which is typically
highly correlated with its frequency in the training
data. The associated risk is that high-frequency re-
sponses with generic content are often excessively
labeled as “preferred,” even when their semantic
association with the input is weak. If the optimiza-
tion objective directly relies on A log, the model
will tend to further amplify the likelihood of such
popular responses, leading to degradation in se-
mantic—input alignment and triggering downstream
issues such as reduced generation diversity and
weakened factual consistency (Li et al., 2024).

3803



Algorithm 1 RMiPO: Response-level mutual information for preference optimization

Require: Preference dataset D, Batch size b, Hyperparameters (3, Viin, Ymax, Learning rate n

1: Initialize policy parameters 7y
2: while not converged do

3: Sample a batch of preference pairs { (), gy, ,yl(i)) b | from D
4. // Step 1: Compute the relevant probabilities based on the policy model.
5

Compute the policy probabilities for the preferred response y,, and the less-preferred response y;:

7o (Yw ), 7o (Yw), T (Wi|2), mo (Y1)

Compute the modulation signal Apmi using the formulation in Equation 7.

AR = |y% log mg(yw|x) — % log 7o (y;|x)

6
7. // Step 2: Compute the length-normalized reward difference
8
9

// Step 3: Compute the reward margin =y corresponding to each triplet.

10: ’Y(:Ua Yw, yl) = Ymin + ('Ymax - 'Ymin) . eXp(— maX(O, ApHH))

11: // Step 4: Optimization Update

12:  Compute the loss Lruipo using the formulation in Equation 8

13:  Compute the gradient and update the policy 6; <— 0;—1 — NV Lruiro(Or—1)

14: end while
15: return Optimized policy g

To eliminate this bias, this paper introduces
pointwise mutual information (PMI) as a decou-
pling tool. PMI is defined as PMI(y|z) =
log ”72(53(";)5) Clearly, PMI measures the additional
information gain brought by response y given in-
put z, and it naturally removes the prior probabil-
ity mp(y) of the response itself. Based on this,
we define the adaptive modulation signal for a
preference pair as the PMI difference: Apmi =
PMI(y,|z) — PMI(y;|z). Substituting the expres-
sion of PMI and simplifying yields:

Apmi = (log my(z|yw) — log me())
— (log mo(x|y;) — log mp(x))
= log mg(x|yw) — log mg(z|y;).

(14)

It follows that Apmi depends solely on the seman-
tic relevance gap, effectively eliminating the prior
bias from my(y). An adaptive v modulation based
on Apmi can improve generalization performance
and generation quality in real-world scenarios.

C Implementation Details

Dataset: In this work, the training of the policy
model primarily relies on two preference datasets:
UltraFeedback-Binarized (Cui et al., 2024) and
Anthropic-HH (Bai et al., 2022).

 UltraFeedback-Binarized: The original Ul-
traFeedback dataset contains 64,000 prompts,

each with four responses from various open-
and closed-source language models. All re-
sponses are rated by GPT-4 based on overall
quality (overall_score). In the UltraFeedback-
Binarized version, a preference pair is formed
by the highest-scoring response (the “pre-
ferred” response) and one randomly selected
response from the remaining three (the “less-
preferred” response). Policy models trained
on this dataset are evaluated on instruction-
following benchmarks and downstream tasks.

* Anthropic-HH: Anthropic-HH is a human-
labeled dialogue preference dataset compris-
ing two subsets, focusing on “helpfulness”
and “harmlessness.” The dataset originates
from manually constructed and red-teamed di-
alogue samples, designed to study how crowd-
sourced annotators perform red-team attacks
and which strategies are effective. Policy mod-
els trained on Anthropic-HH are primarily
used for safety alignment evaluation.

Training: RMiPO is designed for simplicity and
strong performance, with the full procedure pro-
vided in Algorithm 1. Its core lies in leveraging
response-level PMI for hyperparameter adaptation.
Specifically, mg(y) denotes the prior popularity of

response ¥, defined as the joint probability of the

sequence: my(y) = \tyzll mo(yt | y<¢). Unlike

mo(y | x), this formulation removes dependence on
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the prompt x, enabling explicit decoupling between
response priors and semantic relevance.

For probability estimation, my(y) is computed
exactly over the full sequence without trunca-
tion or approximation, ensuring consistency with
information-theoretic definitions. For datasets
where prompts and responses are concatenated, we
apply a lightweight string-matching heuristic to ex-
tract y. Although this may introduce minor bound-
ary inaccuracies, it preserves intended decoupling.
Consequently, Apmi serves as an intrinsic measure
of semantic separability, mitigating bias from non-
semantic factors such as high-frequency tokens.

All models are trained under a unified setup with
B = 2.0, Ymin = 0.3, and yax = 1.6, following
the search space of SimPO. During SFT, we use
a learning rate of 2 x 10~%; across both SFT and
preference optimization, we adopt a batch size of
128, a maximum sequence length of 2048, and train
for one epoch using Adam with cosine annealing.
All experiments are conducted on four 80GB A800
GPUs. Baselines follow the same search protocol
as SimPO: method-specific hyperparameters are de-
tailed in Table 4, and learning rates are tuned within
[3x 1077, 1 x 107]. In contrast, RMiPO (and Sim-
PER) require tuning only the learning rate, without
introducing additional hyperparameters.
Evaluation: Evaluation on AlpacaEval 2 adopts
the same hyperparameter settings as SimPO: decod-
ing temperatures are set to 0.7 and 0.5 for Mistral-
Base and Mistral-Instruct, respectively, while both
Llama-3 variants use a temperature of 0.9. Evalu-
ation on MT-Bench follows the official decoding
configuration, which specifies task-specific sam-
pling temperatures. To systematically examine
the impact of preference optimization methods on
downstream task performance, we evaluate mod-
els trained with each method on the standard tasks
included in the Hugging Face Open LLM Leader-
board, strictly following established evaluation pro-
tocols. For safety evaluation, we assess models
trained on the Anthropic HH dataset using its test
set as the benchmark, measuring the probability
that the model generates preferred responses over
less-preferred ones.

D Extended Experiments

Length-normalized Performance Analysis. In
this work, length-normalized training is treated as
an auxiliary technique for improving training sta-
bility rather than a core contribution. Although

Table 5: Without length-normalization on AlpacaEval2.
Method Mistral-7B-Instruct Llama3-8B-Instruct

w/oLN LC(%) WR(%) LC(%) WR (%)
DPO 20.3 18.0 40.2 38.1
SimPO 305 38.2 424 40.4
a-DPO 320 38.4 44.4 42.6
SimPER  28.5 34.6 41.7 40.2
RMiPO 33.7 38.8 44.4 43.1

SimPO shows that length normalization improves
model performance, particularly in terms of length-
controlled win rate, we further examine the inher-
ent stability and effectiveness of RMiPO without
relying on this technique. To this end, we conduct
experiments on RMiPO and several baselines with
Llama-3-8B-Instruct and Mistral-7B-Instruct. As
shown in Table 5, the results indicate that even
without length normalization, RMiPO consistently
yields improvements that are substantially stronger
than those of the baselines.
Generated Response Case Analysis. To more in-
tuitively demonstrate the performance advantages
of RMiPO in practical generation tasks, we select a
complex instruction involving “multicultural back-
ground and political viewpoint balance” from the
UltraFeedback test set as an illustrative case. Ta-
ble 6 presents a comparative illustration of outputs
from the Mistral-7B-Base model optimized with
RMiPO, SimPER, and SimPO, with results from
GPT-40-MINI provided for qualitative reference.
The analysis indicates that RMiPO exhibits signif-
icant advantages in terms of instruction-following
and operational depth. While the prompt asks for
a "comprehensive approach" to include diverse
backgrounds, RMiPO is the only model that suc-
cessfully translates this abstract meta-instruction
into a concrete, executable prompt. It proposes a
structured dialogue involving at least three distinct
cultures and specifically identifies intersectional
themes such as globalization, economic inequal-
ity, and environmental sustainability. This demon-
strates a shift from simple "passive inclusion" to
"active, high-fidelity cultural synthesis." In con-
trast, SimPO and SimPER remain at a superficial
or meta-discursive level: SimPO provides a high-
level summary of the desired outcome but fails
to generate a functional revised prompt, offering
only a general goal of being "coherent and engag-
ing." SimPER focuses on the attitude and mindset
of the writer, providing ethical guidelines rather
than a structured response to the task itself. This
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Prompt

To ensure a more comprehensive approach, the #Given Prompt# should now include a
diverse range of cultural backgrounds and political perspectives. This will require
thorough analysis and understanding of various societal norms and beliefs, emphasizing
the criticality of cross-cultural communication and sensitivity towards different
ideologies.

RMiPO

The revised prompt may read:

"Create a dialogue within a multicultural community consisting of individuals from at
least three distinct cultural backgrounds and varying political affiliations, discussing
the challenges and opportunities presented by globalization in today’s interconnected
world, while addressing concerns related to economic inequality, cultural assimilation,
communal identity, and environmental sustainability.”

SimPER

It is crucial to approach this prompt with an open mind and a willingness to learn about
perspectives that may differ from one’s own. The end goal is to create a comprehensive
and well-rounded essay that addresses the given prompt from multiple cultural and
political perspectives.

SimPO

The resulting written piece should strive to accurately represent and explore multiple
perspectives while remaining coherent and engaging to a broad audience.

GPT-40-MINI

To ensure a more comprehensive approach, the #Given Prompt# should actively incorporate
a diverse range of cultural backgrounds and political perspectives. This will involve:

1. Researching Cultural Norms: Understanding the foundational beliefs, values, and
customs that shape various societies. This includes exploring different family
structures, social hierarchies, and community practices that influence individual and
collective behaviors.

2. Exploring Political Perspectives: Analyzing different political ideologies such
as liberalism, conservatism, socialism, and others prevalent in specific regions.
Acknowledging how these ideologies impact governance, social policies, and public
opinion in various countries.

3. Cross-Cultural Communication: Emphasizing the importance of understanding and
respecting cultural differences in communication styles. This includes recognizing
the significance of non-verbal cues, context, and the role of language in shaping
interactions across cultures.

4. Sensitivity Towards Ideologies: Being aware of and respecting differing beliefs and
values, particularly when they conflict with one’s own. This requires an open-minded
approach, active listening, and a willingness to understand perspectives that may be
contrary to personal views.

5. Diverse Representation: Ensuring that voices from various backgrounds are included
in discussions, thereby enhancing the richness of the conversation. This can involve
engaging with community leaders, cultural representatives, and activists from different
political spectra.

6. Empathy and Understanding: Cultivating empathy by placing oneself in the shoes of
individuals from various backgrounds. This helps in appreciating the complexities of
their experiences and the factors that shape their viewpoints.

7. Critical Reflection: Encouraging self-reflection on one’s biases and preconceived
notions. This is crucial for fostering an inclusive dialogue that values all
perspectives and contributions.

By integrating these elements, the #Given Prompt# will promote a fuller understanding
of the multifaceted nature of human experience and the importance of fostering inclusive
environments where diverse perspectives can coexist and enrich dialogue.

Table 6: Comparative analysis of response quality on the UltraFeedback test set. For identical prompts, the Mistral-
7B-Base optimized with RMiPO produces significantly higher-quality and more helpful outputs than SOTA methods.

case clearly substantiates the quantitative results
reported in Table 1: RMiPO not only outperforms
state-of-the-art baselines in instruction-following
win rates, but also enhances the model’s reasoning

capability and structured expression ability when
addressing high-difficulty, multi-dimensional tasks.

Adjusted v Distribution Analysis. To investigate
the adaptive alignment mechanism of RMiPO, this
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Figure 8: Adaptive v Analysis. Left: The adaptive
mechanism v(z, y.,, y;) follows an exponential decay
based on Apmi, dynamically scaling the learning signal
for each instance. Right: Empirical distribution of v
values on Mistral-7B and Llama3-8B. The density peaks
(approximately 0.4 and 1.4, respectively) are approxi-
mately consistent with the optimal fixed values reported
by SimPO, supporting the effectiveness of RMiP0’s au-
tomated, instance-level parameter optimization.

paper systematically analyzes the modulation co-
efficient v from two perspectives—mechanism de-
sign and empirical distribution (see Figure 8).

First, at the level of mechanism design, RMiPO in-
troduces a dynamic decay strategy based on point-
wise mutual information differences between sam-
ples. As shown in the left subfigure of Figure 8, ~ is
defined as follows: (2, Yw, Y1) = Ymin + (Ymax —
Ymin) - €xp(— max(0, Apmi)). This mechanism
dynamically adjusts the value of y according to the
pointwise mutual information difference (Apmi)
between positive and negative samples. When the
discriminability of a sample pair is low,  remains
at a high level (ypax = 1.6) to strengthen the learn-
ing signal; as the difference increases, v smoothly
decays toward the lower-bound value (ypin = 0.3)
following an exponential decay pattern. This de-
sign enables fine-grained weight allocation across
examples of varying difficulty. We emphasize that
this functional form serves as a practical instantia-
tion of our principle, rather than the only valid im-
plementation. While other monotonic decay func-
tions could be used, we adopt the exponential form
for superior smoothness and empirical stability.

Second, the empirical distribution of -y observed
during training validates the effectiveness and ro-
bustness of this adaptive mechanism. As shown in
the right subfigure of Figure 8, upon completion
of training, we compute the corresponding ~y value
for each sample in the dataset based on the final
policy model. The results show that for Mistral-7B-
Instruct, the density of 7 is mainly concentrated
around 0.4, whereas for Llama3-8B-Instruct, the
primary distribution range is close to 1.4. Notably,
these automatically emerging distribution centers

are closely aligned with the optimal fixed parame-
ter values obtained by SimPO on the same models
through extensive grid search.

These results demonstrate that RMiPO effectively

replaces manual hyperparameter tuning with a prin-
cipled adaptive parameterization mechanism. By
transforming hyperparameters that traditionally re-
quire manual tuning into internal adaptive variables,
RMiPO not only eliminates costly hyperparameter
search, but also achieves more precise alignment
through instance-level dynamic weight adjustment.
This instance-level adaptation is a key reason why
RMiPO consistently maintains strong performance
across diverse model architectures.
Space and Time Complexity Analysis. To evalu-
ate the practicality of RMiPO and baseline methods,
we analyze space consumption (GPU memory) and
time efficiency (computational throughput) under
identical hardware settings, parallelization strate-
gies, and model architectures.

Space complexity. GPU memory during training
is dominated by model parameters, optimizer states,
gradients, and activations. DPO-based methods
(e.g., DPO, 8-DPO, ¢-DPO) require an additional
frozen reference model 7.r to compute the KL
constraint. Although it does not require optimizer
states, its parameters still occupy substantial mem-
ory, leading to a peak utilization of 82%. In con-
trast, SImPO, SimPER, and RMiPO eliminate the ref-
erence model entirely. As a result, RMiPO reduces
peak memory usage to 62% (an approximately 20%
absolute reduction), enabling larger batch sizes or
longer sequences and mitigating memory and com-
munication bottlenecks in distributed training.

Time complexity. Per-step runtime is determined
by the number of forward and backward passes.
DPO-style methods incur additional latency due to
an extra forward pass through 7y, although this
overhead is limited because no gradients are com-
puted. SimPO and SimPER require only a single
forward and backward pass, achieving the highest
efficiency. In contrast, «-DPO introduces complex
dynamic offsets and nonlinear gradient operations,
resulting in the highest per-step latency. RMiPO has
a runtime of O(T) + A, where A arises from
computing the PMI-based margin term y(z, Y, ¥;)
with lightweight logit-level operations. Despite
this small overhead, RMiPO converges faster and
achieves better alignment.

Compared with DPO, which incurs an additional
30%—-50% memory overhead, RMiPO maintains a
lower memory footprint via its reference-free de-
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sign while introducing only minimal computational
overhead, yielding a favorable trade-off between
efficiency, scalability, and alignment performance.

Mechanism analysis. This section provides ad-
ditional theoretical clarification and empirical vali-
dation for the exponential scheduling mechanism
and constraint bounds adopted in RMiPO. We aim
to further substantiate that these design choices
are grounded in principled considerations rather
than heuristic tuning. Preference optimization is
inherently conducted in the log-probability space.
Therefore, an exponential mapping naturally aligns
with the log-ratio structure of the objective function.
This alignment ensures that the adaptive scaling re-
mains geometrically consistent with the additive
formulation in the log domain. More specifically,
the exponential transformation preserves the rela-
tive ordering of preference signals while enabling
controlled amplification of marginal differences.
Compared with alternative mappings (e.g., linear or
cosine), it provides a more balanced modulation be-
havior: in high-confidence regions, it avoids under-
modulation and preserves discriminative gradients;
in low-confidence regions, it suppresses excessive
scaling and prevents noisy updates. As a result,
the exponential schedule facilitates a smoother and
more stable gradient flow throughout training. The
parameters Ymin and ymax are introduced as stabil-
ity constraints rather than task-specific hyperparam-
eters. Their primary role is to restrict the adaptive
scaling within a safe region. These bounds serve
two key purposes: preventing gradient explosion
during early training stages or under noisy PMI es-
timation, and avoiding the dominance of marginal
scaling over the main optimization objective. From
a regularization perspective, the constraint interval
enforces robustness across different random seeds
and model architectures, ensuring consistent con-
vergence behavior.

Ablation on Scheduling Strategies. We compare
four scheduling strategies: Exponential, Linear,
Cosine, and a baseline without explicit schedul-
ing (w/o0). Experiments are conducted on the Al-
pacaEval 2 benchmark under the length-control
(LC) setting. The results are summarized in Ta-
ble 7. The exponential mapping consistently out-
performs alternative strategies across both models.
This suggests that the nonlinear curvature of the
exponential mapping is more effective at capturing
subtle preference distinctions in complex semantic
comparisons, thereby supporting our geometric-
consistency hypothesis.

Model Exponential Linear Cosine w/o
Mistral-7B-Instruct 38.1 36.9 355 372
Llama-8B-Instruct 49.1 47.9 46.5 472

Table 7: Win rates (%) under different scheduling strate-
gies on AlpacaEval 2 (LC setting).

Sensitivity Analysis on Constraint Bounds. We
further evaluate the sensitivity of RMiPO to differ-
ent choices of (Ymin, Ymax ). The results are summa-
rized in Table 8. The performance remains stable
across a wide range of boundary settings, with only
minor fluctuations. This robustness suggests that
the bounds primarily function as safety constraints
rather than sensitive tuning parameters.

Model [0,2] [0.3,1.6] [0.5,1.4] [1.0,1.2]
Mistral-7B-Instruct  38.5 38.1 374 36.9
Llama-8B-Instruct  50.4 49.1 48.3 47.5

Table 8: Sensitivity analysis of constraint bounds.

Overall, both theoretical analysis and empiri-
cal results demonstrate that: (i) the exponential
scheduling mechanism is well-aligned with the log-
space structure of preference optimization; and
(i1) constraint bounds act as regularization safe-
guards, ensuring stable and robust training dynam-
ics. These findings confirm that the proposed de-
sign is principled and generalizable, rather than
relying on heuristic parameter choices.
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