IRPO: Implicit Policy Regularized Preference Optimization

Youngsoo Jang"*, Yu Jin Kim?, Geon-Hyeong Kim?, Honglak Lee?, Moontae Lee

23

'UNIST, 2LG Al Research, *University of Illinois Chicago
youngsoo. jang@unist.ac.kr
{yujin.kim, ghkim, honglak, moontae.lee}@lgresearch.ai

Abstract

Training complexity often scales with the size
of hyperparameter space for Large Language
Models (LLMs). While Direct Preference
Optimization (DPO) offers learning stability
through reparameterizing the reward function,
its regularization against the reference policy
can lead to suboptimal outcomes when the ref-
erence policy is not optimal. Recent DPO vari-
ants address this concern, but at a cost: they
introduce additional hyperparameters, reducing
feasibility for LLM fine-tuning. To overcome
this challenge, we introduce Implicit policy
Regularized Preference Optimization (IRPO),
which tackles suboptimality while maintaining
training simplicity. By treating the winning
policy that generated the chosen responses in
a pairwise dataset as an implicit policy, IRPO
maximizes KL-regularized reward without ex-
tra hyperparameters. Then we propose a novel
PO algorithm that directly optimizes the IRPO
objective by estimating the likelihood ratio be-
tween implicit policies. As the winning pol-
icy generally outperforms the reference pol-
icy, IRPO can effectively address suboptimality.
Our experiments show that IRPO significantly
outperforms baseline algorithms with the same
hyperparameter complexity. Moreover, IRPO
demonstrates comparable performance to re-
cent algorithms that rely on a larger number of
hyperparameters, offering a practical solution
for scalable LLM fine-tuning.

1 Introduction

Aligning Large Language Models (LLMs) with
human preferences is crucial for improving their
core capabilities to generate helpful, safe, and logi-
cal responses. Learning from human feedback has
served a key approach for achieving this alignment
(Pang et al., 2024a; Lai et al., 2024). Reinforcement
learning from human feedback (RLHF) (Ouyang

*Work done while the author was a research scientist at
LG AI Research.

et al., 2022) has been widely used for fine-tuning
LLMs, which involves training a reward model and
then optimizing the policy based on the trained re-
ward model. However, optimizing LLMs against
a trained reward model through RL poses signifi-
cant challenges due to learning instability and non-
trivial computational costs (Gao et al., 2022; Ra-
mamurthy et al., 2023).

Direct Alignment Algorithms (DAAs) have be-
come an effective approach for fine-tuning LLMs
by optimizing policies directly from preference
datasets without separately training a reward model
(Rafailov et al., 2024; Gheshlaghi Azar et al., 2024;
Zhao et al., 2023). Among these DAAs, Direct Pref-
erence Optimization (DPO) (Rafailov et al., 2024)
is the most widely used and has shown strong per-
formance on various NLP tasks, such as text sum-
marization, question-answering, and mathematical
reasoning (Pang et al., 2024b; Lai et al., 2024).
Despite its advantages, DPO exhibits inherent limi-
tations, including suboptimal performance due to
regularization against the reference policy (Meng
et al., 2024; Hong et al., 2024; Wu et al., 2024a)
and susceptibility to length exploitation (Park et al.,
2024; Meng et al., 2024).

Addressing suboptimality must stay within prac-
tical training complexity. Recently, several vari-
ations of DPO have been proposed to overcome
the limitations of DPO (Meng et al., 2024; Hong
et al., 2024; Wu et al., 2024a,b; Park et al., 2024;
Yuan et al., 2023; Xu et al., 2024). Among them,
SimPO (Meng et al., 2024) refines DPO’s learning
objective with a reference-free length-normalized
reward, then introducing a target reward margin
to ensure a sufficient gap between winning and
losing responses. While effective, SimPO adds
an extra hyperparameter v for the target reward
margin, increasing training complexity and per-
formance sensitivity over DPO. Similar to SimPO,
most DPO variants enhance alignment performance
by introducing additional hyperparameters, which
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causes hyperparameter-sensitive behavior and sig-
nificantly higher computational costs for tuning.

This paper introduces Implicit policy Regular-
ized Preference Optimization (IRPQO), which ad-
dresses the suboptimality of DPO while maintain-
ing the same training complexity without requir-
ing any additional hyperparameters. Unlike DPO,
which regularizes based on an explicitly given ref-
erence policy, IRPO formulates a different regu-
larization by leveraging the winning policy — an
implicit policy that generally outperforms the ref-
erence policy. Then we propose a novel preference
optimization algorithm that directly optimizes this
objective by estimating the likelihood ratio between
implicit policies.

Note that IRPO bypasses the need for an ex-
plicit reference model and directly performs pref-
erence optimization using only a pairwise prefer-
ence dataset. Avoiding the challenge of selecting a
reference policy, IRPO contrasts recent DPO vari-
ants that improve performance at the cost of added
hyperparameters. Our experiments on extensive
chat-based evaluation benchmarks, including Al-
pacaEval 2 (Li et al., 2023; Dubois et al., 2024) and
Arena-Hard (Li et al., 2024), show that IRPO signif-
icantly outperforms baseline algorithms with equiv-
alent hyperparameter complexity by up to 15.4
points on AlpacaEval 2 and 4.6 points on Arena-
Hard. Furthermore, IRPO achieves comparable
performance to algorithms that require a greater
number of hyperparameters, offering a more practi-
cal and optimal solution.

2 Notations and Preliminaries

In this section, we formally introduce the foun-
dations of preference optimization for Large Lan-
guage Models (LLMs).

2.1 Problem Setup

We consider the offline preference optimization
problem, where the policy should be optimized
from a pre-collected pairwise dataset. In this
problem, we assume a pairwise dataset D =
{(z, Yw, )i}, comprising prompts = and la-
beled response pairs (yy,, y;), where y,, and y; de-
note winning and losing responses, respectively.
We denote the dataset consisting of winning and
losing responses as Dy, = { (7, yw )i v and D; =
{(z,91)i}}¥,, respectively, and the winning and
losing policies that generated these responses as
Ty and ;. Here, m, and m; are underlying poli-

cies that are not explicitly given. Given an offline
dataset D = D,, U Dy, our goal is to optimize the
LLM policy to align human preference.

2.2 Reinforcement Learning from Human
Feedback

RLHF (Ouyang et al., 2022) is a classic method
for fine-tuning LLMs to achieve preference align-
ment, consisting of the following two processes: 1)
reward modeling and 2) RL fine-tuning.

Reward Modeling. Human preferences are as-
sumed to be labeled by an underlying latent re-
ward model r*(z, y), to which we have no access.
The Bradley-Terry (BT) model (Bradley and Terry,
1952) is most popular choice for modeling pairwise
preferences:

exp(r*(x, Yw))

P = 9) = @, ) + exp(r (@ )

=o(r*(z,yw) — " (x, 1)),

where o(x) = 1/(14exp(—x)) is the logistic func-
tion. Given an offline preference labels sampled
from p*, the parameterized reward model r4(x, )
can be estimated by maximizing the log-likelihood
of the preference feedback:

_E(x,yw,yl)w’D [IOg 0(r¢(ac, yw) - T¢($, yl))] (1)

RL Fine-Tuning. For the RL fine-tuning phase,
RLHF methods optimize the policy 7g to maximize
the following KL-regularized reward objective:

max Er, [ro(2, y)] — ADkw[mo (yl2)l[mrer(y]2)],

2
where r4(x,y) is the reward function learned us-
ing the BT model on the preference dataset, s
is the reference policy, and § > 0 is a tunable
hyperparameter that controls the deviation from
the reference policy. For brevity, we will abuse
the notation Er, -] to represent E,p y~ry(yla)[']
unless ambiguous. This objective is typically opti-
mized by RL algorithms, such as PPO (Schulman
et al., 2017). Although RLHF approaches have
achieved remarkable success, training with RLHF
is still challenging due to learning instability and
high computational requirements.

2.3 Direct Preference Optimization

DPO (Rafailov et al., 2024) is a standard preference
optimization method that addresses the learning in-
stability and complexity of RLHF. Instead of learn-
ing an explicit reward model (Ouyang et al., 2022),
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DPO reparameterizes the reward function r(z, y)
using a closed-form expression with the optimal
policy that satisfies Eq. (2):
r(,y) = Blog =W | 5100 7(0),
Tref (y ‘ z )

where Z(x) = 3, met(y[2) exp(%r(:n, y)) is the
partition function. By incorporating this reward for-
mulation into the BT model (i.e., Eq. (1)), it can be
converted to the DPO loss for pairwise preference
dataset D:

Lppo (7T0§ Tl'ref)

=—-Ep [loga(ﬁlogM — A1
7'rref(yw|13)

7o (yi| ) )]
% malule) )
where o(-) denotes the logistic function. While
DPO offers learning stability through reparameter-
izing the reward function, its regularization against
the reference policy can lead to suboptimal out-

comes when the reference policy is not optimal.

2.4 Reference-free Preference Optimization

Recent studies have explored reference-free pref-
erence optimization methods (Meng et al., 2024;
Hong et al., 2024; Yuan et al., 2023; Xu et al., 2024)
that do not consider regularization with the refer-
ence policy to address the problem of suboptimality
of DPO. SimPO (Meng et al., 2024) is the state-
of-the-art algorithm, which eliminates the need for
a reference policy. SimPO optimizes the length-
normalized log-probability of response pairs with
a target reward margin based on the BT model:

Lsimpo ()

=—Ep {bg o (i log 7o (yuw |z) — 2 log 7o (yi|z) — 7)] ,

[y

7

(3)

where |y| denotes the length of the response y, nor-

malizing the reward by the response lengths, [ is

a hyperparameter that controls the scaling of the

reward difference, and -y is an additional hyperpa-

rameter for the target reward margin. Optimizing

this objective requires extensive hyperparameter

tuning for 5 and +, which play a crucial role in
alignment performance.

3 Implicit Policy Regularized Preference
Optimization

In this section, we present Implicit policy Regu-
larized Preference Optimization (IRPO), which
addresses the suboptimality issue with the equiva-
lent hyperparameter complexity to DPO, without
requiring any additional hyperparameters.

3.1 Preference Optimization with Implicit
Policy Regularization

Unlike DPO, which considers KL-regularization
against the reference policy, our derivation starts
from a different KL-regularized reward maximiza-
tion objective by leveraging the winning policy as
follows:

max Er, [1'(z, y)] — BDxe[mo (y ) |7 (y|2)],

“)
where r(z,y) is underlying reward function for
human preferences and 7/(x,y) = r(z,y) —
B log m(y|x) is reshaped reward by penalizing log-
probability of losing policy. Intuitively, this reward
penalty encourages the learned policy to deviate
from the losing policy by providing a lower reward
if the log-likelihood of the losing policy is high.
We also provide theoretical analyses of the KL-
regularization with respect to the winning policy
and the reward shaping in our objective Eq. (4) in
Appendix B.

Following prior work (Rafailov et al., 2024; Peng
et al., 2019; Peters and Schaal, 2007), the optimal
solution to the KL-regularized reward maximiza-
tion objective in Eq. (4) takes the form:

7TW(:'-/|:C) =

T (ylz) exp (;r'(l‘, y)) ,

%)
where Z,(z) = Y, my(ylz) exp(§r'(z,y)) is
the partition function. By rearranging Eq. (5), we
obtain the formulation of shaped reward r/(z, y) as
follows:

Zr’ (:L')

Wr/(y|x)
T (y|)

r'(2,y) = Blog + Blog Z(x).

Since the given preference dataset D is labeled with
the underlying reward function r(z,y), we need
to rearrange it to r(x,y) by plugging r'(z,y) =
r(x,y) — 8log m(y|z) into the equation:

r(o.9) = fog (2 myla) ) + 10s 2(0),

Then, by incorporating this reward formulation into
the BT model (i.e., Eq. (1)), it can be converted
to the following objective for pairwise preference
dataset D:
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Lirpo (7o)

=—-Ep _loga(/B log (M vm(yw|x))

T (Yo )
— Blog (% ~7rz(y1|x)))}

- “E» 1oga(/3 log o () — #10g mo(uile)

v (i 28]

However, since data-collection policies 7, and 7
are not accessible, directly optimizing this objec-
tive is not straightforward.

3.2 Estimation of Likelihood Ratio via
Discriminator Training

To optimize the Eq. (6), we train the discriminator
to estimate the ratio between 7, (y|x) and m;(y|z):

d* = argmaxE  [logdy(z,y)]
dy

+ Em [lOg(l - dw ($, y))]a (7)

where dy(z,y) is the parameterized discrimina-
tor. Following the prior work (Goodfellow et al.,
2014), the optimal discriminator d*(x,y) trained
by Eq. (7) has the following solution:

Tw(y|®)
T l2) + m(yl7)

d*(z,y) = (8)

Then the likelihood ratio “L4Z) can be obtained

Tw (y|x)
using d*(z, y) as follows:
; 1 1—d*
mw(ylr)  d*(z,y) d*(z,y)

By plugging the likelihood ratio estimated from the
trained discriminator into the Eq. (6), the learning
objective is derived in a form that can be directly
optimized using only pairwise datasets:

Lireo (73 d)

= —Ep {logo (ﬂ log 7o (yw|z) — Blog mo (yi|z)

d(l’, yw) 1- d(l‘7 Z/l)
- (15 ) )|
=—v"(,yw,Y1)

10)

where v/ (x, yu, Y1) corresponds to the dynamic tar-
get reward margin estimated by the trained discrim-
inator.

Unlike optimizing preference alignment objec-
tives, discriminator training allows straightforward
model selection based on evaluating the accuracy of
the discriminator on the validation set. Therefore,
a separate hyperparameter search for learning rates
is not necessary in discriminator training. In all
experiments, we used the same learning rate as that
of the policy training without conducting a separate
hyperparameter search. Moreover, the discrimina-
tor training can be performed through pre-training,
or it can also be performed jointly with preference
optimization. In Section 4, we demonstrate the ex-
perimental results of both approaches to training
the discriminator.

3.3 Length-Normalized Reward Formulation

Similar to previous works (Meng et al., 2024; Xiao
et al., 2025; Wu et al., 2024a) that utilize average
log-likelihood to address the length exploitation is-
sue of DPO, our IRPO objective can also be easily
extended with length-normalized reward formula-
tion as follows:

Lirpo wiin(o; d)

=-Ep loga(i log mo (Yw|x) — B log 7o (yi| )
i |y |2
B lo T (Yw|2) B log m(yi|z) ):|
Tw (:Ul |I)
—_m,| B _ B
= —Ep|logo ] log 7o (Yw|x) m log o (yi|x)

 lyul lwl
—ilo d(@, yw) —ﬁlo I_Cl(a773/l)>:|7

m(ywlz) |yl
[Yw| ~1—d(z,yw) |ul d(z,y1)

== N (T Yw,y1)

an

where ] (2, Y, Y1) corresponds to the dynamic
target reward margin estimated by the trained dis-
criminator. In summary, our algorithm optimizes
the discriminator with Eq. (7), and the policy with
Eq. (10) or Eq. (11) depending on whether length
normalization is considered or not. We will discuss
the effect of length normalization in more depth in
Section 4 based on various experimental results.

3.4 Connection between IRPO and SimPO

Our final objective, which starts from the KL-
regularized reward maximization with the winning
policy, is naturally derived into an objective where
the fixed margin hyperparameter v in SimPO is
replaced by a learnable dynamic reward margin
v (2, Yw, ;). When comparing the final objec-
tives of SimPO and IRPO w/ LN (Eq. (3) and
Eq. (11)), the fixed reward margin v in SimPO
corresponds exactly to the learnable reward margin
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YN (%, yuw, yi) in IRPO. Additionally, the follow-
ing objective of SimPO without considering length
normalization also exactly matches the objective of
IRPO (Eq. (10)):

Lsimpo wio LN (T76)

=_—Ep |:10g0‘<ﬁ10g71'9(yw‘$) — Blog mo(yi|z) — ’Y)}
(12)

The assumption of a fixed target reward margin
in SimPO may lead to suboptimal performance,
and addressing this issue through the hyperparam-
eter search is challenging due to significant train-
ing costs and hyperparameter-sensitive results. As
shown in Figure 1, the results of SimPO are subop-
timal and highly sensitive to the hyperparameter ~.
In contrast, IRPO eliminates the cost of adjusting
the hyperparameters for the reward margin by utiliz-
ing a discriminator-based dynamic reward margin
and achieves performance comparable to or better
than SimPO, even without additional hyperparame-
ters. As a result, IRPO addresses the suboptimality
issue with the same hyperparameter complexity as
DPO without introducing extra hyperparameters.

4 Experiments

In this section, we present the main results of our
experiments on widely used instruction-following
benchmarks (AlpacaEval 2 (Dubois et al., 2024)
and Arena-Hard (Li et al., 2024)), highlighting the
comparable performance of IRPO without addi-
tional hyperparameters over existing methods (Sec-
tion 4.2). We provide additional experimental re-
sults by comparing IRPO with SimPO with various
hyperparameter values of + to demonstrate the ef-
fectiveness and efficiency of IRPO (Section 4.3).
Furthermore, we also evaluate our model on down-
stream tasks from the ZeroEval benchmark (Lin,
2024) to evaluate the degree of performance degra-
dation (Section 4.4).

4.1 Experimental setup

Models. We performed preference alignment on
the following two families of open-source mod-
els: Llama3-8B (Instruct) (Grattafiori et al., 2024)
and Mistral-7B (Base and Instruct) (Jiang et al.,
2023). For the initial model to train the discrimina-
tor, we used the same model as the initial model of
the policy (Mistral-7B Base/Instruct for Mistral-
7B Base/Instruct) or a smaller model from the
same family (Llama3.2-1B Instruct for Llama3-8B
Instruct/Instruct-v0.2). To demonstrate that IRPO

is not significantly affected by the training process
of the discriminator, we employed two different
training strategies. In the Llama-based model set-
ting, we jointly optimize both the discriminator
and policy, and we pre-train the discriminator and
then optimize the policy in the Mistral-based model
setting.

Datasets. For a fair comparison, we follow the
same training settings as in SimPO (Meng et al.,
2024). For Llama3-8B-Instruct setups, we op-
timize the policy with the following two differ-
ent datasets: princetonnlp/llama3-ultrafeedback
for Llama3-Instruct (8B) and princetonnlp/llama3-
ultrafeedback-armorm for Llama3-Instruct-v0.2
(8B). For Mistral-7B-Base setups, we perform pref-
erence optimization on the UltraFeedback dataset
(Cui et al., 2024) with an SFT model trained on
the UltraChat-200k dataset (Ding et al., 2023). For
Mistral-7B-Instruct setups, we perform preference
optimization on the princeton-nlp/mistral-instruct-
ultrafeedback dataset.

Evaluation Benchmarks. Following the prior
work (Meng et al., 2024; Wu et al., 2024a; Xiao
et al., 2025), we evaluate our algorithm and base-
lines on AlpacaEval 2 (Dubois et al., 2024) and
Arena-Hard (Li et al., 2024), which are widely used
chat-based evaluation benchmarks for LLM evalua-
tion. For AlpacaEval 2, we report the win rate (WR)
and length-controlled win rate (LC) against the
baseline model (GPT-4 Turbo). For Arena-Hard,
we provide the win rate (WR), length-controlled
win rate (LC), and style-controlled win rate (SC)
against the baseline model (GPT-4-0314). For both
benchmarks, we use GPT-4 Turbo as the judge
model for pairwise evaluation. To evaluate the de-
gree of performance degradation, we evaluate our
algorithm on various downstream tasks from the Ze-
roEval benchmark (Lin, 2024), including MMLU-
Redux (Gema et al., 2025), GSM8K (Cobbe et al.,
2021), MATH (Hendrycks et al., 2021), CRUXE-
val (Gu et al., 2024), and Zebral.ogic (Lin et al.,
2024).

Baselines. We compare our algorithm IRPO with
the following recent preference optimization meth-
ods: DPO (Rafailov et al., 2024), SimPO (Meng
et al., 2024), a-DPO (Wu et al., 2024a), Sim-
PER (Xiao et al., 2025), SLiC-HF (Zhao et al.,
2023), RRHF (Yuan et al., 2023), IPO (Ghesh-
laghi Azar et al., 2024), CPO (Xu et al., 2024),
KTO (Ethayarajh et al., 2024), ORPO (Hong et al.,
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Llama3-Instruct (8B)

Llama3-Instruct-v0.2 (8B)

Method # Hyper- w/o Reference
etho AlpacaEval 2 Arena-Hard AlpacaEval 2 Arena-Hard parameters Model
LC (%) WR (%) SC(%) LC(%) WR(%) LC(%) WR (%) SC(%) LC (%) WR (%)
SFT 229 22.6 19.9 20.1 20.6 229 22.6 19.9 20.1 20.6 - -
SimPER 372 355 29.1 30.8 30.8 41.8 37.8 30.0 29.1 329 0 4
ORPO 27.0 26.4 26.2 27.0 27.3 35.7 323 27.6 30.1 29.6 1 v
RRHF 30.3 28.0 26.9 27.8 27.2 32.6 28.7 28.0 31.1 29.5 1 v
IPO 359 355 30.0 30.6 309 48.0 43.5 31.2 347 34.3 1 X
DPO 39.0 37.4 317 324 328 46.6 46.0 309 355 36.0 1 X
SLiC-HF 279 28.3 24.1 24.8 25.7 32.6 28.7 28.1 31.1 29.6 2 v
CPO 28.1 314 25.8 272 29.0 327 35.1 27.4 293 30.6 2 v
R-DPO 38.8 36.9 34.0 34.8 349 46.2 44.8 282 324 327 2 X
SimPO 43.5 38.6 327 344 33.8 50.7 45.7 31.2 36.7 37.0 2 v
KTO 31.0 30.4 25.1 26.3 26.8 32.0 30.4 26.4 28.1 28.1 3 X
a-DPO 40.2 339 23.0 24.6 23.1 524 48.5 254 31.0 30.7 3 X
IRPO 40.0 453 29.1 327 35.7 48.3 512 29.7 34.4 37.9 1 v
IRPOW/LN 413 352 27.6 26.1 28.3 523 44.0 309 36.0 339 1 v
Method Mistral-Base (7B) Mistral-Instruct (7B) # Hyper- wlo Reference
etho AlpacaEval 2 Arena-Hard AlpacaEval 2 Arena-Hard parameters Model
LC (%) WR(%) SC(%) LC(%) WR(%) LC(%) WR(%) SC(%) LC(%) WR (%)
SFT 7.5 45 3.9 2.7 22 18.0 15.1 16.2 12.6 12.6 - -
SimPER 132 10.3 11.6 11.3 8.5 24.5 26.8 20.1 215 17.6 0 v
ORPO 15.1 12.8 113 8.9 8.6 242 239 25.1 20.6 21.1 1 v
RRHF 9.3 8.4 8.6 6.6 6.7 26.0 24.1 25.8 21.2 21.8 1 v
PO 115 9.5 9.9 7.4 7.8 19.8 19.0 20.7 16.8 17.0 1 X
DPO 15.1 13.6 115 8.7 9.3 25.4 227 23.1 19.0 19.1 1 X
SLiC-HF 11.2 8.9 8.8 6.8 7.0 23.1 22.4 21.9 17.8 18.8 2 v
CPO 11.3 10.1 7.2 5.4 6.1 25.1 30.5 19.6 16.5 20.3 2 v
R-DPO 17.8 13.6 13.9 10.7 10.8 252 21.7 224 17.9 18.0 2 X
SimPO 21.8 21.6 189 149 16.0 32.8 33.8 24.8 20.5 20.8 2 v
KTO 12.3 8.5 8.4 6.4 5.6 24.4 227 24.6 19.9 19.8 3 X
a-DPO 17.1 16.5 18.3 14.4 15.0 324 342 21.5 18.6 19.1 3 X
IRPO 12.9 13.7 11.4 9.7 10.8 28.1 38.1 18.9 16.1 21.7 1 v
IRPOW/LN 178 15.6 172 139 139 28.0 29.4 22.1 229 19.1 1 4

Table 1: Best-tuned results for AlpacaEval 2 and Arena-Hard in four settings with different models and training
datasets. The results are reported as evaluation metrics for the win rate (WR), length-controlled win rate (LC), and
style-controlled win rate (SC). # Hyperparameters denotes the number of hyperparameters that each algorithm
requires additional tuning, except for the learning rate (i.e., denotes the complexity of the hyperparameter tuning).
The best results are highlighted in bold and the second-best results are underlined. The details of the learning
objectives and hyperparameters of each algorithm can be found in Appendix A. The results highlight that IRPO
1) avoids the challenge of selecting a reference policy, 2) achieves significant performance improvement
with equivalent hyperparameter complexity to DPO, and 3) demonstrates comparable performance to recent
algorithms that rely on a larger number of hyperparameters without adding any hyperparameters.

2024), and R-DPO (Park et al., 2024). The base-
line algorithms we consider require varying levels
of complexity of hyperparameter tuning, and all
results are thoroughly tuned for all hyperparame-
ters for each baseline without considering fairness
of cost. Therefore, we explicitly specify the num-
ber of hyperparameters (# Hyperparameters in
Table 1) required for each algorithm along with
the results to distinguish the complexity of hyper-
parameter tuning. More details of baselines and
the hyperparameter search space can be found in
Appendix A.

4.2 Main Results

Table 1 summarizes the performance of our algo-
rithm and the baseline methods on the AlpacaE-

val 2 and Arena-Hard benchmarks. The detailed
results, including average generation length, stan-
dard error, and confidence interval, can be found
in Appendix A.4. We evaluated both versions of
IRPO with and without the length-normalized re-
ward formulation and denoted them as IRPO w/
LN (Eq. (11)) and IRPO (Eq. (10)), respectively.
As shown in Table 1, IRPO avoids the challenge
of selecting a reference policy, which can lead to
suboptimality. In terms of performance, IRPO
consistently outperforms baselines with lower or
equivalent hyperparameter tuning complexity (i.e.,
ORPO, RRHEF, IPO, and DPO) for all experimental
settings. Furthermore, IRPO achieves compara-
ble performance even compared to baselines that
require higher hyperparameter tuning complexity
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AlpacaEval 2 LC (%) AlpacaEval 2 WR (%)

AlpacaEval 2 LC (%) AlpacaEval 2 WR (%)

03 05 1.0 12 14
Y Y

03 05 1.0 12 14

—— IRPO I SimPO w/o LN

03 05 10 12 14 0.3 05 1.0 1.2 1.4
Y Y

—— IRPO w/ LN I SimPO

Figure 1: Sensitivity analysis on the AlpacaEval 2 of IRPO and SimPO with varying hyperparameter v. All
results are from training the Llama3-Instruct (§B) model using the princetonnlp/llama3-ultrafeedback (i.e., same
experimental settings of Llama3-Instruct-v0.2 (8B) in Table 1), with the fixed value of hyperparameter 5 for both
IRPO and SimPO (8 = 2.5). The two results on the left were obtained without considering length normalization (i.e.,
Eq. (10) for IRPO and Eq. (12) for SimPO w/o LN), while the two results on the right were obtained with objectives
that incorporate length normalization (i.e., Eq. (11) for IRPO w/ LN and Eq. (3) for SimPO). The results are reported
as evaluation metrics for the win rate (WR), and length-controlled win rate (LC). The results demonstrate that the
performance of both SimPO w/o LN and SimPO are highly sensitive to additional hyperparameter .

(i.e., SLiC-HF, CPO, R-DPO, SimPO, KTO, and a-
DPO). As a result, we experimentally verified that
we can enhance the performance of preference opti-
mization with equivalent hyperparameter complex-
ity to DPO without using huge training costs by tun-
ing additional hyperparameters. Furthermore, we
provide detailed results, including average genera-
tion length, in Appendix A.4, and comparing IRPO
and IRPO w/ LN results shows that the length-
normalized reward formulation effectively prevents
length exploitation. We also provide qualitative
analysis with examples generated by IRPO, IRPO
w/ LN, and SimPO in Appendix C. As can be seen
in Table 7 and 8, both IRPO and IRPO w/ LN gen-
erate structured responses. However, due to the
effect of length normalization, IRPO w/ LN gen-
erates relatively concise responses, whereas IRPO
generates longer but more detailed responses.

4.3 Comparison IRPO with SimPO.

As described in Section 3.4, the objectives of IRPO
and IRPO w/ LN align most closely with those of
SimPO w/o LN and SimPO, respectively. Instead
of extensive tuning of the fixed reward margin y
as a hyperparameter in SimPO, it can be seen that
it is replaced by learnable dynamic reward mar-
gin v/ (x, yw, Y1), which is estimated directly based
on the discriminator. Therefore, we provide addi-
tional experimental results to demonstrate how the
learnable reward margin in IRPO, which is auto-
matically determined by discriminator training, is
more effective compared to using a fixed reward
margin with various values of the hyperparameter

~. Figure 1 demonstrates the effects of the trained
dynamic reward margin (i.e., IRPO and IRPO w/
LN) and the fixed reward margin (i.e., SimPO and
SimPO w/o LN) with various hyperparameter val-
ues of . As shown in Figure 1, SimPO shows
highly sensitive performances depending on the
hyperparameter -+, which can be critical for the
fine-tuning of LLM, where training costs are ex-
tremely expensive. Moreover, while SimPO’s fixed
reward margin leads to suboptimal performance,
IRPO’s dynamic reward margin achieves better per-
formance without additional hyperparameters.

4.4 Downstream Task Evaluation

In this section, we also evaluate IRPO’s perfor-
mance on downstream tasks to measure the degree
of performance degradation for other benchmarks.
We compare the degradation in the performance of
IRPO and baselines (DPO, SimPO, a-DPO) com-
pared to the initial performance of the base model.
Table 2 summarizes the overall results on various
downstream tasks. Although both IRPO and the
baseline algorithms show performance degradation
on other tasks due to training, IRPO shows similar
or less degradation than baselines. However, this
performance degradation issue is a limitation of
IRPO and needs to be addressed in future work.

4.5 Training Efficiency Evaluation

Additionally, we measured the total time required
for training in the same computing environment to
show how significantly additional hyperparameters
affect training efficiency. Table 3 demonstrates the
training efficiency of IRPO compared to baseline
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Model MMLU-Redux GSMS8K MATH CRUXEval ZebraLogic

Base Model 62.4 78.1 6.9 38.8 10.9
DPO 58.1 51.2 5.1 323 72
SimPO 54.6 56.6 6.4 324 33
«a-DPO 37.0 53.2 5.8 31.3 4.1
IRPO 60.1 54.6 5.1 333 5.4
IRPO w/ LN 58.8 56.4 5.8 323 4.1

Table 2: Results on downstream tasks from ZeroEval
benchmark including MMLU-Redux, GSM8K, MATH,
CRUXEVval, ZebralLogic when continuing training with
SimPO and IRPO from Llama-3-8B-Instruct (i.e., Base
Model).

algorithms (DPO, SimPO, and a-DPO) with vari-
ous hyperparameter complexities. IRPO requires a
little more run time for discriminator training than
other algorithms, but by eliminating the additional
hyperparameters (7 in SimPO, and {7, a} in a-
DPO), the cost of hyperparameter tuning can be
dramatically reduced. As can be seen in Figure 1,
SimPO shows highly sensitive results to the hy-
perparameter -y, which dramatically increases the
total cost of learning. In particular, optimal hyper-
parameter values vary depending on the training
dataset and model, necessitating a broader range of
hyperparameter searches. Therefore, the complex-
ity of hyperparameters significantly affects training
costs and may lead to LLM fine-tuning not being
scalable.

Model Hyperparameters Runtime (h) Total time (h)

DPO B €[0.01,0.05,0.1] 2.0 6.0

j € [2.0,2.5,10.0]

SimPO v €1[0.3,0.5,1.0,1.2,1.4, 1.6] 13 27.0
5 e [2.5,10.0]
a-DPO ~ €10.1,0.3,0.5] 2.0 48.0
a €[0.01,0.05,0.1,0.2]
IRPO 5 € [0.01,0.05,0.1] 37 11.0
IRPO w/ LN 5 € [2.0,2.5,10.0] 37 11.0

Table 3: Runtime and required hyperparameters for
DPO, SimPO, a-DPO, and IRPO. Runtime is measured
with 16 x NVIDIA A100 (40GB) GPUs for the experi-
mental setting of Llama3-Instruct-v0.2 (8B) in Table 1.
Total time is calculated by multiplying the runtime by
the number of hyperparameter tuning.

5 Related Work

Reinforcement Learning from Human Feed-
back. RLHEF is a standard technique that aligns
large language models with human preferences
(Christiano et al., 2023; Ouyang et al., 2022).
The training process of RLHF typically comprises
three phases: supervised fine-tuning (Zhou et al.,
2023; Kopf et al., 2023), reward modeling (Gao
et al., 2022; Luo et al., 2025), and RL fine-tuning
(Schulman et al., 2017; DeepSeek-Al et al., 2025).
For the last phase, Proximal Policy Optimization

(PPO) (Schulman et al., 2017) is a widely used al-
gorithm that successfully improves large language
models in various domains (Ouyang et al., 2022;
Bai et al., 2022; Havrilla et al., 2024). Recently,
Shao et al. (2024) introduced Group Relative Pol-
icy Optimization (GRPO), a variant of PPO, that
foregoes the critic model, instead estimating the
baseline from group scores, significantly reducing
training resources compared to PPO.

Direct Preference Optimization. Direct Prefer-
ence Optimization (DPO) (Rafailov et al., 2024)
is a promising method that performs preference
optimization directly from an offline preference
dataset instead of the complex training process
of RLHF. Recently, many alternative preference
optimization methods have been explored to ad-
dress the limitations of DPO. RRHF (Yuan et al.,
2023), SLiC-HF (Zhao et al., 2023), CPO (Xu
et al., 2024), SimPO (Meng et al., 2024), and
ORPO (Hong et al., 2024) eliminate the depen-
dence on a reference model. R-DPO (Park et al.,
2024) and SimPO (Meng et al., 2024) address
the length exploitation problem, and IPO (Ghesh-
laghi Azar et al., 2024) addresses overfitting is-
sues. KTO (Ethayarajh et al., 2024) deals with the
non-paired preference datasets. 3-DPO (Wu et al.,
2024b) focuses on the dynamic calibration of 3
and data filtering mechanism. a-DPO (Wu et al.,
2024a) presents an adaptive preference optimiza-
tion method by introducing a dynamic reward mar-
gin to improve the performance of preference align-
ment. Concurrent with our work, SimPER (Xiao
et al., 2025) aims to eliminate the need for expen-
sive hyperparameter tuning, making it computa-
tionally efficient. Recent studies have extended
offline preference optimization to an iterative train-
ing setup (Pang et al., 2024b; Kim et al., 2025;
Rosset et al., 2024) by continuously updating the
pairwise preference dataset and reference model
during the preference optimization process.

6 Conclusion

In this paper, we introduce the Implicit policy Reg-
ularized Preference Optimization (IRPO), which
addresses the suboptimality issue of preference op-
timization methods with equivalent hyperparameter
complexity to DPO, without requiring additional
hyperparameters. Unlike DPO, which regularizes
based on an explicitly given reference policy, we
formulate the preference optimization based on a
different regularization with the winning policy that
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generally outperforms the reference policy. Then
we present a novel preference optimization algo-
rithm that can be directly optimized by discrim-
inator training instead of introducing additional
hyperparameters. Our experimental results show
that IRPO consistently outperforms baseline algo-
rithms with the same level of training complexity
on benchmarks, including AlpacaEval 2 and Arena-
Hard. Additionally, IRPO achieves comparable
performance compared to algorithms that require a
greater number of hyperparameters while dramati-
cally reducing training costs.

Limitations

Our study acknowledges several limitations and
suggests future directions for further improvements.
First, our IRPO algorithm addresses the DPO’s sub-
optimality problem, but the performance degrada-
tion problem in downstream tasks remains a lim-
itation. This issue is a common challenge among
fine-tuning methods, including preference align-
ment approaches, and is also one of our future re-
search focuses. Second, our algorithm requires less
cost than recent methods introducing additional hy-
perparameters but incurs more computational cost
due to discriminator training than DPO. In future
work, we could explore additional research on a
more computationally efficient method compared
to IRPO and DPO.

Ethics Statement

This paper introduces IRPO, a new preference op-
timization algorithm that offers a practical solu-
tion for scalable LLM fine-tuning. IRPO improves
LLM performance on chat-based evaluation bench-
marks, including AlpacaEval 2 and Arena-Hard.
We comply with the Ethics Policy while conduct-
ing this research. We also hope that research on
LLM fine-tuning, such as IRPO, can enhance our
workplaces and enrich our daily lives by increasing
productivity and creativity.
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A Experimental Details

A.1 Training Objectives and Hyperparameters for Baseline Algorithms

This section provides details of our baseline algorithms. Table 4 summarizes the training objectives and
training hyperparameters for each algorithm. For the learning rate, each method searches within the
range of [3e~7,5e~7,6e~", 1e %], following the same search strategy as in SimPO (Meng et al., 2024).
For method-specific hyperparameters, we followed the search strategy from SimPO (Meng et al., 2024)
and SimPER (Xiao et al., 2025). For discriminator training in all IRPO experiments, we used the same
learning rate as that of policy training without conducting a separate hyperparameter search.

Method Objective Hyperparameters

SimPER (Xiao et al., 2025) —exp <‘J 7 log 7o (Y| )) + exp <‘y plog mo(yi|z )) -
_ _ Po(Yule) po(yi]x)

ORPO (Hong et al., 2024) log po(yule) — Alog o (log 25 (6 iy — log 125,615y ) X €1[0.1,0.5,1.0,2.0]
where py(y|z) = exp (\y\ log mo(ylz))

RRHF (Yuan et al., 2023) max (0, —ﬁ log mo (yw|) + ﬁ log 779(1/1|z)) — Mog 7 (yw|z) A €10.1,0.5,1.0,10.0]

(yw|z) (wi|z) :
: 7o (Yw|T T (Yi|T 1

IPO (Gheshlaghi Azar et al., 2024) <1og T log i ?> 7 €[0.01,0.1,0.5,1.0]

DPO (Rafailov et al., 2024) —logo ([3 log % ~ Blog zluls ))) 8 €[0.01,0.05,0.1]

, - A€ [0.1,0.5,1.0,10.0]
SLiC-HF (Zhao et al., 2023) max (0, & — log mo(yw|z) + log mo(yi|z ) — Aog o (yuw|T) 801,05 1.0,2.0]
CPO (Xu et al., 2024) —logo( Blogmy(yw|r) — Blogmg(yi|x) | — Alog mg(yuw|x) A=10

. & g mo(yulz) = Flogmo(y g 70(Yu 3 € [0.01,0.05,0.1]
- . _ n(vmr) € (0.05,0.1,0.5,1.0]
R-DPO (Park et al., 2024) —log a(d mc' Blog 22y + (elyw| — (y\y,\)) € [0.01.0.05,0.1]
, 4 s . € [2.0,2.5,10.0]
SimPO (Meng et al., 2024) lobo'< Yw|T) — \le log mo(yi]z) /> €[03.05.1.0,1.2,1.4,1.6]
_ A 7o (Yw|z) A 7o (y1|x) — —
KTO (Ethayarajh et al., 2024) Auwo (Blog Trer (Yw]) = zret) + Mo (et — flog 7 et (1| ))’ A= =10
where zret = E(y ) p [BKL (79 (y]) || mret (y]2))] €[0.01,0.05,0.1]
] . € [2.5,10.0]
a-DPO (Wu et al., 2024a) ~logo (“(r’ Yur 1) = sgly + oM (@, g, yl)l) €1[0.1,0.3,0.5]
where u(z, Yy, y1) = ‘y‘%log o (Yw|z) — M log o (yi]x) a €10.01,0.05,0.1,0.2]
IRPO *10g0<ﬂ10g7r9(ym\1) — Blog ms(mlx) — Blog <1 d) . 1;(‘5?;5”)) 8 € [0.01,0.05,0.1]
d( 1—d(a, )
IRPO w/ LN - loga(w plog To(Yuw|T) — ol 5 Nog mo(yi|z) — 1Iu. a1 log % w log d(_x”y)')> B €[2.0,2.5,10.0]

Table 4: Various preference optimization objectives and hyperparameter search range.

A.2 Evaluation Hyperparameters

The evaluation hyperparameters used in this paper are the same as those employed by SimPO. For
evaluation on AlpacaEval 2, we use a temperature of 0.7 for the Mistral-Base setting, a temperature of 0.5
for the Mistral-Instruct setting, and a temperature of 0.9 for both Llama-3-Instruct settings. For evaluation
on Arena-Hard, we use the default greedy decoding for all settings and methods.

A.3 Computation Resources

All the experiments in this paper were conducted on 16 x NVIDIA A100 (40G) GPUs with 128 batchsize,
based on the SimPO repository*.

*https://github.com/princeton-nlp/SimPO
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A.4 Detailed Results

This section provides detailed results of Table 1, including the average generation length, standard
deviation of win rate, and confidence interval of win rate.

Method AlpacalEval 2 Arena-Hard
LC (%) WR (%) STD (%) Length SC (%) LC(%) WR (%) 95CIhigh 95CIlow Length
Llama-3-Instruct (8B)
SFT 22.9 22.6 1.26 1899 19.9 20.1 20.6 1.5 1.7 585
SimPER 37.2 35.5 1.44 1913 29.1 30.8 30.8 1.8 1.9 524
ORPO 27.0 26.4 1.31 1902 26.2 27.0 27.3 2.0 2.4 536
RRHF 30.3 28.0 1.34 1850 26.9 27.8 27.2 2.1 2.7 504
1PO 35.9 35.5 1.41 1978 30.0 30.6 30.9 2.5 1.9 545
DPO 39.0 374 1.42 1921 31.7 324 32.8 2.3 2.1 528
SLiC-HF 27.9 28.3 1.32 1985 24.1 24.8 25.7 1.9 2.5 576
CPO 28.1 314 1.35 2152 25.8 27.2 29.0 2.0 2.1 622
R-DPO 38.8 36.9 1.41 1900 34.0 34.8 34.9 1.8 2.2 518
SimPO 43.5 38.6 1.42 1800 32.7 34.4 33.8 1.9 2.3 500
KTO 31.0 304 1.36 1923 25.1 26.3 26.8 2.1 2.2 538
a-DPO 40.2 33.9 1.44 1709 23.0 24.6 23.1 1.8 2.4 434
IRPO 40.0 453 1.50 2240 29.1 32.7 35.7 1.8 2.1 654
IRPO w/ LN 41.3 35.2 1.44 1721 27.6 26.1 28.3 24 1.9 469
Llama-3-Instruct-v0.2 (8B)

SFT 22.9 22.6 1.26 1899 19.9 20.1 20.6 1.5 1.7 585
SimPER 41.8 37.8 1.49 1827 30.0 29.1 329 2.0 2.0 510
ORPO 35.7 32.3 1.38 1819 27.6 30.1 29.6 1.9 2.4 517
RRHF 32.6 28.7 1.33 1756 28.0 31.1 29.5 2.0 1.5 464
PO 48.0 43.5 1.48 1832 31.2 347 343 1.8 2.0 525
DPO 46.6 46.0 1.48 2000 30.9 35.5 36.0 1.7 2.0 586
SLiC-HF 32.6 28.7 1.33 1756 28.1 31.1 29.6 1.9 2.0 465
CPO 32.7 35.1 1.38 2093 274 29.3 30.6 2.1 2.1 601
R-DPO 46.2 44.8 1.47 1966 28.2 324 32.7 24 2.3 564
SimPO 50.7 45.7 1.48 1795 31.2 36.7 37.0 2.1 2.7 534
KTO 32.0 304 1.35 1891 26.4 28.1 28.1 1.7 2.3 545
a-DPO 52.4 48.5 1.52 1868 254 31.0 30.7 2.2 2.1 501
IRPO 48.3 51.2 1.54 2187 29.7 344 379 2.2 2.5 703
IRPO w/ LN 52.3 44.0 1.46 1720 30.9 36.0 33.9 2.2 24 452

Table 5: Detailed results of Llama-3-Instruct and Llama-3-Instruct-v0.2 on AlpacaEval 2 and Arena-Hard. The
results are reported as evaluation metrics for the win rate (WR), length-controlled win rate (LC), style-controlled
win rate (SC), and the average generation length (Length). STD denotes a standard deviation of win rate, and 95
CI high and 95 CI low denote the confidence interval of win rate on the Arena-Hard benchmark.
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AlpacalEval 2 Arena-Hard

Method
LC (%) WR (%) STD (%) Length SC (%) LC(%) WR (%) 95CIhigh 95CIlow Length
Mistral-Base (7B)
SFT 7.5 4.5 0.64 924 39 2.7 2.2 0.5 0.6 546
SimPER 13.2 10.3 0.94 1466 11.6 11.3 8.5 1.1 1.6 518
ORPO 15.1 12.8 1.02 1576 11.3 8.9 8.6 1.3 1.3 560
RRHF 9.3 8.4 0.84 1626 8.6 6.6 6.7 1.0 0.9 592
PO 11.5 9.5 0.92 1444 9.9 7.4 7.8 1.4 0.9 616
DPO 15.1 13.6 1.04 1712 11.5 8.7 9.3 0.9 1.3 658
SLiC-HF 11.2 8.9 0.85 1518 8.8 6.8 7.0 1.1 0.9 659
CPO 11.3 10.1 0.93 1789 7.2 54 6.1 1.0 1.0 764
R-DPO 17.8 13.6 1.05 1408 13.9 10.7 10.8 1.0 1.5 522
SimPO 21.8 21.6 1.23 1942 18.9 14.9 16.0 1.4 1.9 653
KTO 12.3 8.5 0.87 1200 8.4 6.4 5.6 0.9 0.9 421
a-DPO 17.1 16.5 1.13 1801 18.3 14.4 15.0 1.3 1.7 649
IRPO 12.9 13.7 1.05 3297 114 9.7 10.8 1.1 1.5 1240
IRPO w/ LN 17.8 15.6 1.11 1635 17.2 13.9 13.9 1.1 1.4 522
Mistral-Instruct (7B)

SFT 18.0 15.1 1.08 1596 16.2 12.6 12.6 1.4 1.6 541
SimPER 24.5 26.8 1.35 2505 20.1 21.5 17.6 1.7 1.4 639
ORPO 24.2 23.9 1.26 1933 25.1 20.6 21.1 2.0 1.6 528
RRHF 26.0 24.1 1.26 1805 25.8 21.2 21.8 1.8 1.4 522
PO 19.8 19.0 1.16 1930 20.7 16.8 17.0 1.4 1.6 556
DPO 254 22.7 1.23 1721 23.1 19.0 19.1 1.5 2.3 512
SLiC-HF 23.1 224 1.24 1915 21.9 17.8 18.8 2.1 1.7 593
CPO 25.1 30.5 1.35 3131 19.6 16.5 20.3 1.8 1.8 913
R-DPO 25.2 21.7 1.22 1679 22.4 17.9 18.0 1.9 1.6 504
SimPO 32.8 33.8 1.40 2074 24.8 20.5 20.8 2.1 2.0 526
KTO 24.4 22.7 1.25 1803 24.6 19.9 19.8 2.5 1.9 504
a-DPO 324 34.2 1.47 2085 21.5 18.6 19.1 1.5 1.7 510
IRPO 28.1 38.1 1.48 3476 18.9 16.1 21.7 1.9 1.5 1095
IRPO w/ LN 28.0 294 1.39 2332 22.1 229 19.1 1.8 2.1 544

Table 6: Detailed results of Mistral-Base and Mistral-Instruct on AlpacaEval 2 and Arena-Hard. The results are
reported as evaluation metrics for the win rate (WR), length-controlled win rate (LC), style-controlled win rate
(SC), and the average generation length (Length). STD denotes a standard deviation of win rate, and 95 CI high
and 95 CI low denote the confidence interval of win rate on the Arena-Hard benchmark.
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B Theoretical Analysis

In this section, we provide theoretical analyses of the KL-regularization with respect to the winning policy
and the reward shaping in our objective Eq. (4).

B.1 KL-regularization with respect to the Winning Policy

First, we formally assume the property of winning policy m,, as follows:

Assumption B.1. For a given x and any y,,, y;, if 7(x, y) > r(z,y;), then

T (Yo |T) > T (Y| 7)
7Tref(yw’x) o 7"'ref(yl‘x)

always holds.

Based on this assumption, we theoretically demonstrate that KL-regularization with respect to 7, is
more effective than with respect to .., as shown in the following proposition:

Proposition B.2. Let 7' be the optimal solution of

max Er, [r(z,y)] — BDxe[mo (y]2) || et (y]2)],
and 7 be the optimal solution of

max Ex, (2, )] — BB oyl |7 (0]2)]

Then,
Ere[r(z,y)] = Ext[r(z,y)]
holds.
To prove this proposition, we first introduce the following lemma:

Lemma B.3. Let p(y) and q(y) be two probability distributions such that for any vy, and y; with
(Yw) > r(y),

p(yw) _ plyr)
awe) = aly)
Then,
Eplr(y)] > Eqlr(y)]
Proof of Lemma B.3.
Byl ()] = B4 0 r0)|
= @ r ov M T
=54 )| Bl + Con (7 ‘”),
T/ 5

> Eylr(y)]

Here,

o (310 B (223523 )] 2

since % - % and r(y1) — r(y2) have the same sign, which can be easily derived from the condition

of the lemma. O
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Now, we provide the proof of Proposition B.2 using this lemma:

Proof of Proposition B.2. By the Lemma B.3, it is enough to show that for a given x and any ¥, y; with
(@, yw) = (2, y1),

L CED)

m (yilz)

Following prior work, the optimal solutions 7' and 7* are formulated as follows:

7 (Yw|)
Tt (ywlz)

>

410) = 1y mestvie)exp (i) ),
7(e) = gm0 e () )

Therefore, the ratio between 7* and 7' is derived as

™ (ylz) _ mw(ylz) Z1(z)
FT(y‘Z’) 71-1ref(y‘$) Z*(‘T)7

and therefore,

mw(ylz) Z(x) _ 7 (ylr)
Tet(yil2) Z*(x)  wi(ylz)

T (Yulz) _ mulyulz) Zi(z)
T (ywlr) et (yolz) Z*()

v

Here, the inequality holds by Assumption B.1. O

B.2 Reward Shaping by Penalizing Log-probability of Losing Policy
Similar to Assumption B.1, we can assume the property of m; as follows:

Assumption B.4. For a given = and any y,,, y;, if r(x, y) > 7(z,y;), then

m(wlr) . myl)
7Tref(yw’x) o 7"'ref(yl|:1:)

always holds.
Here, we assume an additional property of mef as follows:

Assumption B.5. For a given x and any y,,, y;, if (x, yy) > (2, y;), then

Tyef (?Jl ’il?)

>1
71'ref(yw|-73) o

always holds.

This assumption presumes that the reference policy is less likely to generate high-quality samples that
it has not observed during training than to generate low-quality samples.
Based on Assumptions B.1, B.4, and B.5, we can prove the following proposition:

Proposition B.6. Let 7 be the optimal solution of
max Er, [r(, )] — BDke[mo (y]2)l[mw (y]2)]
and ™ be the optimal solution of
max B, [r(2,y) — Slog m(y|x)] — ADxe[me (yl2)l|mw (y]2)].

Then,
B [r(z,y)] 2 En= [r (2, y)]
holds.
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Proof. By the Lemma B.3, it is enough to show that for a given x and any v, y; with r(x, y,») > r(z, 1),

T (Ywlz) _ 7 (yi|w)
™ (ol2) = ()

Following prior work, the optimal solutions 77* and 7** are formulated as follows:

7 (4ke) = gyl exp (e, >)
Z*j( w(ylz) exp <B — log m(yla ))
il

Therefore, the ratio between 7** and 7* is derived as

™ yle) 1 Z*(x)
m™(yle)  m(ylx) 27 (x)

™ (ylz) =

and therefore,

Prle) 1 2@ 1 melul) Z@) 1 Z%(@) _ n(ul)
™ (wlz)  mywlr) 224 (2) — myle) met(yolz) 224(2) — myle) 224(z) 7 (ylz)
Here, the inequality holds by Assumption B.4 and B.5. 0
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C Qualitative Analysis

In this section, we provide generation examples from the Llama-3-Instruct model after training with
IRPO, IRPO w/ LN, and SimPO. Table 7 and 8 show that both IRPO and IRPO w/ LN generate structured
responses. However, due to the effect of length normalization, IRPO w/ LN generates relatively concise
responses, whereas IRPO generates longer but more detailed responses.

Input -+ How can you determine if a person is genuinely interested in a conversation or simply
being polite?

IRPO w/LN — Determining someone’s genuine interest in a conversation versus mere politeness can
be challenging, but here are some cues to help you gauge their engagement:

1. Eye contact: People who are genuinely interested usually maintain consistent eye
contact, occasionally looking away to process information or re-focus. Avoidance or
fleeting glances might indicate they’re not fully engaged.

2. Body language: Open and relaxed body language, such as uncrossed arms, leaning
forward, or tilting their head, can suggest genuine interest. On the other hand,
closed-off postures (e.g., crossing arms or legs) might indicate disinterest.

3. Verbal cues: Listen for:

- Engaging questions: They ask follow-up questions, probe for more information, or
seek clarification, showing a desire to understand your perspective.

- Active listening: They paraphrase, summarize, or reflect back what you’ve said,
demonstrating they’re actively listening.

- Nuanced responses: Their answers are thoughtful, specific, and show some depth of
understanding.

- Personal anecdotes or examples: They share relevant stories or experiences,
indicating a connection to the topic.

4. Pace and tone: A genuinely interested person will:

- Match their tone and pace to yours, creating a sense of mutual engagement.

- Display enthusiasm, passion, or curiosity in their voice.

5. Engagement with your input: They:

- Respond thoughtfully, even if they disagree or don’t share the same opinion.
- Build upon your ideas or add new perspectives.

- Show willingness to learn or consider alternative views.

6. Nonverbal feedback: Pay attention to:

- Nodding or head tilts, indicating they’re following along and interested.

- Smiling or laughing, which can suggest pleasure or amusement related to the
conversation.

7. Duration and persistence: If someone maintains a conversation over a longer
period, even when it’s not necessarily "important” or "productive,” it may indicate
genuine interest.

8. Follow-up: After the conversation, they might:
- Send a summary or follow-up email to reiterate their interest.
- Ask to continue the discussion at a later time.

- Share relevant resources or articles.

Keep in mind that these cues are not foolproof, and people can still be polite
without being genuinely interested. Ultimately, trust your instincts and observe the
conversation dynamics to get a sense of whether someone is engaged and interested
or simply being courteous.

Table 7: An AlpacaEval 2 generation example from the Llama-3-Instruct model after training with IRPO w/ LN.
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Input —

How can you determine if a person is genuinely interested in a conversation or simply
being polite?

IRPO —

Determining whether someone is genuinely interested in a conversation or just being polite
can be challenging, but here are some nonverbal and verbal cues to help you make an
educated guess:

Nonverbal Cues:

1. Eye contact: If someone is engaged, they tend to maintain consistent eye contact or
occasionally glance away and then return their gaze. Avoidance of eye contact or a lack
of interest in maintaining eye contact may indicate politeness rather than interest.

2. Body language: Open and relaxed posture, such as uncrossed arms, leaning forward, or
facing the conversation partner, can suggest genuine interest. Tense or closed-off body
language, like crossed arms or legs, might indicate disinterest.

3. Facial expressions: A person genuinely interested in the conversation may display
subtle, attentive facial expressions like raised eyebrows, nodding, or a smile. Lack
of facial movement or a "mask-like"” expression could indicate politeness rather than
engagement.

4. Proximity and distance: If someone is interested, they may lean in slightly or move
closer to the conversation, indicating a desire to participate more fully. Maintaining a
fixed distance or staying back may suggest politeness rather than interest.

Verbal Cues:

1. Ask open-ended questions: Genuinely interested individuals tend to ask questions that
encourage further discussion, while polite individuals might ask yesno questions or ones
that can be answered briefly.

2. Active listening: People interested in the conversation will often paraphrase or
summarize what you’ve said, demonstrating they’re actively listening and processing the
information.

3. Follow-up questions: If someone shows interest, they may ask additional questions
to delve deeper into a topic or seek clarification. Polite individuals might not pursue
further questions or may change the subject.

4. Vocabulary and tone: Engaged individuals may use more descriptive language, excited
tone, or emotional language to convey their interest. Polite responses might be more
formal, neutral, or lacking in enthusiasm.

5. Initiating topics or switching topics: Genuinely interested individuals may initiate
new topics or suggest changing the subject to keep the conversation going. Polite people
might stick to the original topic or avoid changing the subject.

Behavioral Patterns:

1. Consistency: Pay attention to whether someone consistently shows interest in
conversations or only participates when forced to.

2. Depth of engagement: If someone only engages in superficial conversations or only asks
brief, surface-level questions, it may indicate politeness rather than genuine interest.

3. Follow-through: If someone expresses interest in a specific topic or activity, do they
follow through on their commitments or show enthusiasm when discussing it later?

Final Tips:

1. Observe the person’s behavior over time to get a better sense of their conversational
style.

2. Pay attention to inconsistencies in their behavior or verbal cues.

3. Don’t assume someone is only being polite; people can be both polite and genuinely
interested in a conversation.

4. Practice active listening yourself, as it can help you better detect genuine interest
in others.

Remember, these cues are not foolproof, and individuals can vary in their behavior. However,
by paying attention to these signs, you can increase your chances of determining whether
someone is genuinely interested in a conversation or simply being polite.

Table 8: An AlpacaEval 2 generation example from the Llama-3-Instruct model after training with IRPO.

5324



Input —

How can you determine if a person is genuinely interested in a conversation or simply
being polite?

SimPO —

To determine whether someone is genuinely interested in a conversation or just being
polite, observe their verbal and nonverbal cues. Here are some signs to look out for:

Genuinely interested:

1. Active listening: They maintain eye contact, nod their head, and ask follow-up
questions to clarify or seek more information.

2. Engaged body language: Their posture is open, facing you, and they lean in slightly
to show enthusiasm. Hands may be relaxed or gesturing emphatically.

3. Probing questions: They ask thoughtful, specific questions that demonstrate curiosity
about your thoughts, experiences, or opinions.

4. Sharing personal anecdotes: They volunteer stories or experiences related to the
topic, indicating a personal investment in the conversation.

5. Varying tone and inflection: Their voice exhibits enthusiasm, surprise, or humor,
conveying genuine emotions.

6. Maintaining the conversation’s pace: They don’t rush to change the subject or dominate
the conversation, allowing for a natural flow.

Polite but not interested:

1. Limited eye contact: They may glance away or avoid direct eye contact, indicating a
lack of engagement.

2. Monosyllabic responses: They provide brief, curt answers without elaborating or
showing interest.

3. Superficial comments: Their remarks are shallow or generic, lacking depth or insight.

4. Changing the subject quickly: They abruptly shift the conversation to avoid discussing
topics that aren’t familiar or comfortable for them.

5. Failure to ask follow-up questions: They don’t demonstrate curiosity or seek further
information.

6. Distracted behavior: They’re easily sidetracked by their phone, surroundings, or other
stimuli, indicating their mind isn’t fully present in the conversation.

Contextual clues:

1. Frequency and consistency: If someone consistently shows interest in conversations
over time, it’s more likely a genuine trait.

2. Topic selection: If they initiate conversations or choose topics that align with their
passions or expertise, it suggests a genuine interest.

3. Body language during pauses: If they use pauses to process information or think
about their response, rather than simply waiting for their turn to speak, it indicates
engagement.

Remember that people can exhibit a mix of both interested and polite behaviors, depending
on the situation and their personality. By paying attention to these cues, you can
generally determine whether someone is invested in the conversation or simply being
courteous.

Table 9: An AlpacaEval 2 generation example from the Llama-3-Instruct model after training with SimPO.
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