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ABSTRACT

Direct Preference Optimization (DPO) and its variants have become the standard
for aligning Large Language Models (LLMs). However, we identify two funda-
mental limitations. First, the optimized policy lacks invariance since it varies with
modeling choices such as scalarization function or reference policy, whereas an
optimal policy should remain invariant. Second, most existing methods yield theo-
retically suboptimal policies by not fully exploiting the comparative information in
pairwise preference data, thus missing an opportunity for self-reflection through
comparing and contrasting responses. To address both limitations, we propose
Intrinsic Self-reflective Preference Optimization (InSPO), which derives a globally
optimal policy conditioned on both context and alternative response, explicitly
formalizing self-reflection. We prove this formulation surpasses standard DPO
and RLHF targets while guaranteeing invariance. InSPO serves as a plug-and-play
enhancement for DPO-family algorithms, decoupling alignment from modeling
constraints without architectural changes. Using privileged information learning,
InSPO requires no alternative response at inference since the self-reflective mecha-
nism is distilled during training, incurring zero overhead. Experiments show InSPO
consistently improves win rates and length-controlled metrics across DPO variants,
yielding more robust and human-aligned LLMs.

1 INTRODUCTION

Large language models (LLMSs) are fine-tuned after pretraining through post-training alignment, com-
bining supervised fine-tuning (SFT) and reinforcement learning from human feedback (RLHF) (Ku-
mar et al.| 2025). SFT fine-tunes the model to generate the correct response given an instruction,
typically by minimizing the negative log-likelihood of the target tokens, which effectively imparts
formatting conventions, stylistic preferences, and basic task-following behaviors (Dong et al., 2023).
RLHF aligns models using pairwise preference data through a two-stage pipeline (Ouyang et al.|
2022). First, a reward model is fitted to approximate human preferences via the Bradley-Terry (BT)
model, which links preference probability to reward contrast through a logistic function. Second, the
LLM is fine-tuned by maximizing the learned reward with KL divergence regularization toward a
reference policy, motivated by Proximal Policy Optimization (PPO) (Schulman et al.,2017). While
effective, RLHF requires iterative on-policy sampling, coordinated reward training, and careful
hyperparameter tuning, complicating practical deployment (Zhong et al., 2024).

Direct Preference Optimization (DPO) simplifies this by eliminating explicit reward modeling and
online rollouts. Given a preference pair, DPO associates preference scores with log-likelihood ratios
between the trainable and reference models and maximizes margins favoring preferred responses
under logistic loss, thus preserving the KL regularization intrinsic while operating offline on the static
preference pairs. The success of DPO has inspired variants refining loss curvature (Azar et al., 2024,
length normalization (Meng et al. 2024)), or reference formulations (Ethayarajh et al., 2024).

Despite impressive performance, existing methods suffer two fundamental limitations. First, the
derived optimal policy lacks invariance to arbitrary modeling choices—the scalarization function
and reference policy. As we formally demonstrate, the “optimal” target shifts with these design
choices, producing behavior reflecting parameterization artifacts rather than genuine human prefer-
ences. Second, these methods fail to exploit comparative information in pairwise data, leaving the
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Figure 1: From pairwise preference to our proposed INSPO. Standard DPO (left) learns from response

comparisons where both the preferred and dispreferred responses are evaluated based solely on the

prompt. INSPO (right) unleashes intrinsic self-reflection through symmetric cross-conditioning: the

policy generates the preferred response while seeing the dispreferred one as context, and vice versa,

allowing the model to leverage alternative responses as in-context guidance for improvement. Green
terms highlight the conditioning mechanism in the objectives.

model’s self-reflection capacity untapped. Current approaches treat response generation as isolated
maximization, disregarding that human preferences are contextual, shaped by response interactions
rather than standalone quality (Tversky & Simonson,|1993). By preventing conditioning on alterna-
tive responses, existing methods limit the ability to “compare and contrast”, a mechanism we term
intrinsic self-reflection, thereby capping policy quality. These two limitations our key question:

How can we construct a framework that is both invariant to modeling choices and capable of fully
exploiting the comparative nature of human preferences?

In this work, we propose Intrinsic Self-reflective Preference Optimization (INSPO), a new perspective
that fully leverages comparative information in pairwise preference data—a capacity left untapped
in current frameworks. We first derive a globally optimal policy conditioning on both context and
alternative responses, then prove this formulation yields a target superior to standard DPO and RLHF
while guaranteeing invariance to scalarization and reference policy choices.

To realize this, we introduce a generic framework unlocking self-reflective capability for existing
methods as a plug-and-play enhancement. Our approach is theoretically rigorous and computationally
efficient, decoupling alignment goals from arbitrary modeling constraints. Crucially, deployment
remains standard with no additional inference overhead since the self-reflective mechanism is in-
corporated into the policy during training without generating alternative responses during inference.
Comprehensive experiments demonstrate consistent improvements in win rates and length-controlled
metrics across benchmarks, while our analysis reveals that INSPO induces dense reward shaping and
scales effectively with model capacity. See Figure|l|for an overview.

2 BACKGROUND AND NOTATIONS

To align an LLM with human preference, most existing pipelines first collect pairwise preference
data generated by a pre-trained or SFT policy m,¢¢. Each sample in the preference data consists of a
context x € X generated by some distribution p, and two responses y,, € )V and y, € ), where X
and Y are the context and response spaces respectively. After collecting such preference data, one
can apply RLHF or DPO, two primary approaches, to fine-tune an LLM.

RLHEF consists of two steps. In the first step, it uses the Bradley-Terry (BT) probabilistic model to
understand the human preference on (1, ¥y, y¢) and learn a reward function. Specifically, BT model
assumes that

P(yw = Ye | {E) = U(T(xvyw) - T(‘rvyf))’ (H

where y,, = y, indicates y,, is preferred to yy, 0(z) = 1/(1 + e~ %), and r is the unknown reward
function to evaluate the quality of each response to the context x. Then given preference data, one
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can implement maximum likelihood estimation (MLE) to estimate the reward function. In the second
step, a policy optimization is executed to find a better LLM policy that maximizes the learned reward.
For example, PPO (Ouyang et al.| [2022) solves

m;iX E:r~p,y~7r [7“(.’177 y)} — BDx1, (7T || 7Tref)> )

where 8 > 0 is a regularization parameter that controls the strength of the KL divergence toward the
reference policy 7ef, and the divergence Dkr, (7 || et ) is defined as

Dict(m || Tret) = Egmyp [KL (- | ) | mres(- | 2))]-

As an alternative approach to RLHF, DPO shows that solving (2) is equivalent to modeling

(2, yw) —r(z,y0) = B <log mo(w | ©) log o (ye | x) ) _

Tref (yw | Z‘) Tref (yé ‘ l‘)
Then based on the MLE loss derived under BT model (T)), DPO fine-tunes an LLM via solving
™(Yw | 7) m(ye | 7) ﬂ
max E; . y)~p |logo| Blog ——= — Blog ————= | |, 3)
e i e e

where D is the joint distribution of (x, y.,, y¢). Here without loss of generality, we assume y,, is
always preferred to y, after rearrangement of the preference data.

As established in Proposition 1 of |Azar et al.[(2024)), both methods unify under a general preference
optimization framework with the scalarization function ¥(q) = log(q/(1—¢q)). The general objective
is formulated as:

In;xx EprEyNﬂ(,M)’y/NWmf(.‘1) [\I'(]P’(y - y’ ‘ I))] . “4)

Here, ¥ : [0, 1] — R can be any non-decreasing function. Within this framework, existing methods
seek an optimal policy 7 restricted to the class of context-conditioned policies II = {7 : X — Y}
defined as

7 € argmax, g V(7),

where the value of a policy V() is defined as
V(r) £ ]EmNPEyNTr("I)7y/"‘77ref('|l) [\IJ(P(y -y | I))] .

To conclude this section, we assume that we have a dataset of n pairwise preferences D,, =

{(x(i)7 yf,j), yéi))}?zl, where in i-th sample, a prompt/context 2 is drawn from distribution 0,

and two responses (yg ), yéi)) are generated by the reference policy ¢, labeled such that yflf ) yéi).

3 LIMITATIONS OF EXISTING METHODS

In this section, we identify two critical limitations of existing frameworks by investigating the
properties of the restricted optimal policy 7: (i) Is 7 invariant to the scalarization function ¥ and the
reference distribution ¢ ? (ii) Is 7 theoretically optimal? We demonstrate below that the answer to
both questions is negative.

3.1 IS 7 INVARIANT TO ¥ AND 7o ?

Ideally, a robust alignment framework should yield an optimal policy invariant to the choice of
the scalarization function ¥ and the reference policy m¢. This invariance property is critical for
modeling robustness and disentanglement from the reference. Specifically, human preferences are
fundamentally ordinal. The optimal policy should reflect the underlying ranking of responses, rather
than being an artifact of the specific choices of mathematical transformation, i.e., ¥, used to process
the preference probabilities or the reference policy, i.e., m.o¢. In addition, the choice of ¥, which
is often selected for numerical stability or concavity rather than semantic relevance, should not
dictate the final behavior of the model. If the optimal fine-tuned policy changes based on modeling
choices, the alignment process may become brittle and inconsistent. Lastly, a principled optimization
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objective should decouple the learned preferences from the reference policy 7. Dependence on the
reference policy implies that the “optimal” behavior is relative and transient, rather than converging
toward a global optimal policy that maximizes human preference. However, the following proposition
establishes that the existing target 7 fails to satisfy this condition.

Proposition 3.1. The form of 7 is not invariant to V and ms.

In the proof of Proposition [3.1] we provide counter-examples demonstrating that 7 shifts when either
W or m.r is varied respectively. This lack of invariance raises a fundamental question about the
quality of the resulting policy 7. If the “optimal” solution shifts based on different choices ¥ and
Tref, it Suggests that 7 is an artifact of the objective function rather than a faithful reflection of human
preferences. Consequently, in the following, we demonstrate that the current target 7 is, in fact,
technically suboptimal.

3.2 Is 7 OPTIMAL?

In this subsection, we investigate the theoretical optimality of 7 in terms of maximizing V(7). While
7 maximizes V() over II, we show that it is generally suboptimal compared to the globally optimal
policy 7*, defined as:

€ argmax, g V(7), 5)
where IT = {7 : X x ) — A())} represents a broader policy class that conditions not only on the

context z but also on an auxiliary response 3’. The following theorem establishes that 7* is not only
superior to 7 but also possesses the desirable invariance property.

Theorem 3.2. (i) ©* is invariant to any increasing function ¥ and me; (ii) The following inequality
holds, which implies 7 is superior to T.

V(ﬂ'*) = EmNPEyNW*(-\flr<';/’),y’~7rref(~|z) [\I/(P(y - y, | x))]
> V() = BonpBymr (o) mmer (1) [Y(Py = ¢ | 2))] -

(iii) Furthermore, given a fixed ¥, 7* coincides with 7 if the transformed preference probability
satisfies the condition that U (P(y = y' | x)) o c(z,y) — c(x,y') for some function c.

Theorem [3.2]implies that the superiority of 7* over 7 stems from its dependence on the comparator
response y’, which effectively triggers a novel notion of intrinsic self-reflection within the LLM.
This capacity for self-reflection, which existing fine-tuning methods lack, is a critical property for
enhancing alignment. Furthermore, this mechanism renders 7* invariant to both W and 7¢, ensuring
that the policy targets the ground-truth human preference probability rather than optimization artifacts
as 7. While Theorem [3.2](iii) suggests that self-reflection yields no improvement if the preference
function is separable, the separable condition is restrictive as it requires a correctly specified (link)
function V. In other words, in the current framework of RLHF and DPO, 7 is optimal only if the
BT model is correctly specified. More importantly, existing literature (Tversky & Simonson,
1993; Bordalo et al.,2013) demonstrates that human preferences are inherently non-separable and
determined by the interaction between options. It is the context x, and the self-reflection by comparing
y with 3’ that fundamentally shape the choice. Consequently, to leverage this comparative property,
we aim to learn 7* from the preference data D,,, and since our preference data are paired, we do not
consider a larger categories of II beyond pairwise comparison.

4 INTRINSIC SELF-REFLECTIVE PREFERENCE OPTIMIZATION

In this section, we introduce our InSPO method for learning 7*. Thanks to the invariant property
of * as shown in Theorem [3.2](i), we consider ¥(g) = log(g/(1 — g)). First of all, we impose the
following choice model.

P(yw = ye | x) = o(2(r (2, Yw, ye) — Blog Z(x,yr))), (6)
for some generic reward function r : X x Y x ¥ — R and Z(z,y') = > Tet(y |

x) exp(%r(m, Y, y’)) Then by (3)),
u cargmax, 2Em~p,y~7r(»|.t,y’),y’~7rref(~\ﬂc) [T(SL’, Y, yl) - B IOg Z(.’ﬂ, y/)]

=argmax, Bop ymr(-loy) p ~mer (o) 1 4,5)]
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Table 1: InSPO variants of six representative preference optimization methods. The Original
formulations of DPO-based approaches are in black, while INSPO-enhanced terms are in green.

Method Objective Function for Minimization
DPO
i _ mo(ywle) mo(yelz)
(Rafallov IOg O—(/B IOg Tref (yw "L‘) /B log ﬂ'ref(;l "E) )

et al., 2023)

—log U(ﬁ log Telvwlves) _ g140 M)

Trof (Yo | ) Tref (Ye|2)
IPO (Azar 2
o (Yuw |T) o (ye|r) 1
et all, 2024) (log Zeluele) — 10g Zelple) — L)

(log 7o (Yuwlye,x) log mo(yelyw,x) 1 )2

Trot (Yuw [T) Tref (Ye|2) 27
RDPO (Park 70 (4w -
et all,[2024) —log ‘7(5 [log Zetfhel )y —log T + o[y | - Iyel))
—log o{ Bllog Zelleltes) — log T2Uel] 4 |y, | — lye)))
ORPO (Hong . .
et al.,2024) — logpg(yw | 17) - A log O'(loglt(pé)(yw | -T)) — lOglt(pg(yg | 1‘)))
—logpo(yuw | ye,x) — Alog 0(10git(pa(’yw | ye, ) — logit(po(ye | ywﬁw))>
SimPO (Meng
et al., 2024) —log a(ﬁﬁ log 7o (yuw|z) — Bﬁ log 7o (ye|x) — ’y)

—log 0(6@ log o (yuw |ye, ©) — Bry7 log mo (yelyw, ) — 7)

po(yl)= exp(ﬁ log 7o (y|)); B, 7, a, A, y: hyperparameters.

which is independent of Z. Therefore model assumption in (6)) is mild as r is unspecified and can be
generic. Then following the paradigm of RLHF, we can estimate 7* via

H172T),X ]wavp,yfvﬂ'(-\x,y’),y’r\/wmf(~|z) [T(Ia Y, y/)] - 5DKL (7'(' || ﬂ-l‘ef)a @)
where
DKL(W H Tret) = Esz,y/Nﬂref(-\m) [KL(W(' | y’, ) H Tret (- | x))}

While this is a promising approach, the reward function  may be hard to estimate and PPO is known
for instability. In the following, we propose a family of DPO-based approaches for learning 7*.

To begin with, we have the following proposition that establishes the connection between the general
reward function r and ., which is denoted as an optimal solution to (]ﬂ)

Theorem 4.1. Solving the optimization problem (/) gives

r(@,y,y) =B[log% + log Z(x,y’)] ®)
Furthermore, 7, can be obtained by solving
7 (Ywl2,ye) 7 (yel®,yw)
max By, y0)~p [log a(ﬁ(log milf(ywﬁ) — log wféf(wfw) ))} . )

Then based on Theorem [3.2]and the preference dataset D,,, InSPO estimates 7* via

R O TON oy 2,y )
N 1 ( (1 0\ Yy _1!/45 —1 0\Yy 5 Yw )>:|’ 10
AT ; [togo (5o @O 28 ) (10)

where we parametrize the trainable policy 7w by . Similar to DPO, the proposed InSPO based on
(TO) aligns an LLM by directly shifting probability mass toward human preferred responses and away
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Figure 2: Training dynamics of INSPO methods (solid) versus baselines (dashed). Our INSPO ex-
hibits stable optimization with smooth loss convergence, consistent accuracy improvement, and
enhanced reward margins without requiring additional on-policy rollouts.

from dispreferred responses without performing RL, without rollouts, and without training a reward
model. On top of it, our method leverages the self-reflection property embedded in the preference
data to further calibrate the policy towards the preferred response by contrasting with the dispreferred
one. Therefore, this approach enables the learning of 7*.

During the inference, instead of first generating 3’ from 7. for self-reflection, which incurs an
overhead cost, we directly deploy 7 given a testing query x. While this introduces a distinction
between the training context (x,y’) and the inference context x, we understand this under the
paradigm of Learning Using Privileged Information (LUPI) (Pechyony & Vapnik} 2010). In the LUPI
framework, the learning algorithm is provided with additional “privileged” information (here, the
alternative response) during the training phase to stabilize the optimization landscape and accelerate
the convergence. This privileged context acts as a contrastive scaffold, guiding the gradient updates
for the shared weights associated with z. Consequently, the self-reflective capability is distilled
into the policy weights (Hinton et al.| 2015)), allowing the deployed model to retain the optimized
decision boundaries even when the privileged scaffolding is removed at test time. This ensures that
InSPO incurs zero inference overhead, as the self-reflective mechanism is implicitly encoded in the
parameter space rather than requiring explicit rollout generation.

It is worth noting that our proposed formulation for 7* is method-agnostic and can seamlessly
integrate with standard preference optimization techniques. Table [I]illustrates the InSPO variants
of six representative preference optimization methods, including DPO, demonstrating how each is
adapted to unlock the self-reflective capability. In the next section, we study the empirical performance
of each method.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

Models and data. We employ Mistral-7B-Instruct-v0.2 and Llama-3-8B-Instruct as base models,
initializing all methods from identical checkpoints within each family. Training data is sourced from
UltraFeedback (Cui et al.l 2023), containing approximately 60K preference pairs (; ¥y, y¢) With
yw > Yy after deduplication and safety filtering. The data generating process follows exactly from
SimPO (Meng et al., 2024).

Benchmarks. We evaluate on three widely-adopted benchmarks. AlpacaEval 2 (Dubois et al., [2024)
contains 805 diverse instructions; we report both standard win rates (WR) and length-controlled win
rates (LC) to mitigate verbosity bias. Arena-Hard (L1 et al.,|2024) features 500 challenging queries
that test advanced reasoning; we report WR alongside its style-controlled variant (SC) to account for
stylistic preferences. MT-Bench (Zheng et al.,[2023)) comprises 80 multi-turn questions spanning
eight capability categories, scored on a 10-point scale.

Baselines. We compare INS-enhanced variants: INS-DPO, INS-SimPO, INS-IPO, INS-RDPO,
INS-ORPO against their standard counterparts and additional baselines: RRHF, SLiC-HF, CPO, and
KTO. For fair comparison, baseline results are obtained by evaluating publicly released checkpoints
from SimPO (Meng et al.,[2024) on identical benchmark versions. All INS-enhanced methods are
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Table 2: Benchmark performance on AlpacaEval2, Arena-Hard, and MT-Bench for Mistral-Instruct
(7B) and Llama-3-Instruct (8B). Shaded rows denote continuation-conditioned variants with deltas
computed relative to their corresponding baselines. Bold values indicate the highest performance in
each metric. All methods employ DPO-family objectives with identical training configurations.

Mistral-Instruct (7B) Llama-3-Instruct (8B)
Method AlpacaEval2  Arena-Hard ~ MT-Bench AlpacaEval2 Arena-Hard MT-Bench
LC (%) WR (%) WR (%) GPT-40 GPT-4 LC (%) WR (%) WR (%) GPT-40 GPT-4
Baseline  17.1 14.7 12.6 6.2 7.5 26.0 25.3 22.3 6.9 8.1
Reward-Free Preference Optimization
RRHF 25.3 24.8 18.1 6.5 7.6 31.3 28.4 26.5 6.7 7.9
SLiC-HF 24.1 24.6 18.9 6.5 7.8 26.9 27.5 26.2 6.8 8.1
CPO 23.8 28.8 22.6 6.3 7.5 28.9 32.2 28.8 7.0 8.0
KTO 24.5 23.6 17.9 6.4 7.7 33.1 31.8 26.4 6.9 8.2
Preference Optimization with Self-Reflection Conditioning
PO 20.3 20.3 16.2 6.4 7.8 35.6 35.6 30.5 7.0 8.3
+INS 28.8 185 27.9 176 18.5 123 6.5 t01 7.9 to1 37.7 121 41.3 157 32.8 123 7.1 t01 85 102
ORPO 24.5 249 20.8 6.4 7.7 28.5 27.4 25.8 6.8 8.0
+INS 24.6 101 24.7 Lo2 215 107 6.3 Lo 7.8 101 35.7 172 40.3 1129 25.5 lo3 6.8 —00 8.0 —00
R-DPO 273 24.5 16.1 6.2 7.5 41.1 37.8 33.1 7.0 8.0
+INS 29.1 118 27.6 131 19.0 129 6.4 102 7.6 to1 41.0 Lo1 43.8 t60 35.0 119 7.1 101 8.1 tou1
DPO 26.8 249 16.3 6.3 7.6 40.3 37.9 32.6 7.0 8.0
+INS 299 131 294 145 239 176 6.5 102 7.8 t02 40.3 —00 41.1 132 353 127 7.1 101 8.1 to.1
SimPO 32.1 34.6 21.0 6.6 7.6 44.5 40.5 33.8 7.0 8.0

+INS 32.7 106 345 L0101 244 134 6.6 —00 7.7 101 44.5 —00 46.6 161 359 121 7.1 to1 8.2 102

LC: length-controlled win rate; WR: win rate; AE: AlpacaEval2; AH: Arena-Hard. All methods initialize from
the same instructed checkpoint within each model family. INS applies sequence-level continuation conditioning
with symmetric cross-conditioning across preference pairs.

implemented using the OpenRLHF framework (Hu et al.}|2024) and trained for three epochs with
AdamW optimizer, learning rate 5 X 10~7, cosine schedule with 10% warmup, and maximum context
length 4096. Method-specific hyperparameters follow configurations from prior works.

Inference. All models use standard autoregressive generation §j ~ 7(- | ) with nucleus sampling
at p = 0.95 and temperature 0.7, introducing no additional computational overhead versus baseline
methods.

5.2 MAIN RESULTS

Table 2] presents comprehensive benchmark results across both model families. Controlled metrics
show substantial improvements. On AlpacaEval(AE) LC, INSPO yields 0.6-8.5 point gains across
the DPO family, with the largest improvements observed on INS-IPO: +8.5 points for Mistral-
Instruct and +2.1 points for Llama-3-Instruct. Arena-Hard(AH) results follow a similar pattern,
with improvements ranging from 0.7 to 7.6 points. Notably, INS-DPO achieves a 7.6-point gain on
Mistral-Instruct and 2.7 points on Llama-3-Instruct, demonstrating consistent benefits of enabling
intrinsic self-reflection through alternative conditioning. The training dynamic curves in Figure 2]
further enhance the persuasiveness of the results.

The gains extend beyond controlled metrics: INS-DPO and INS-SimPO improve raw win rates by
3—6 points on AlpacaEval 2 and 2-3 points on Arena-Hard, indicating genuine quality improvements
rather than mere verbosity reduction. MT-Bench results corroborate this finding, with INS-enhanced
methods achieving 0.1-0.2 point gains across different judge models, demonstrating improvements
where alternative response context provides valuable learning signals.



Under review as a workshop paper at ICLR 2026

Table 3: Comparison of conditioning strategies. Deltas are relative to the DPO baseline.

Model Strategy AlpacaEval 2 Arena-Hard
LC (%)  WR (%) WR (%)

Mistral-7B  DPO (baseline) 26.8 24.9 16.3
One-sided 287 719 27.1 722 192 1729
Symmetric 299 73.1 294 145 239176
Averaged 29.6 72.8 29.7 748 257 194

Llama-3-8B DPO (baseline) 40.3 37.9 32.6
One-sided 434 173.1 402 123 341115
Symmetric 403 1700 41.1 732 353 127
Averaged 44.1 73.8 415 136 3557129

The relative ranking among DPO family members remains stable under INS enhancement—SimPO
variants consistently lead, followed by DPO and R-DPO, with IPO and ORPO showing more variable
performance—suggesting that INSPO amplifies rather than disrupts the inherent strengths of each
base method. Compared to alternative baselines beyond the DPO family such as RRHF, SLiC-
HF, CPO, and KTO, our best INS-enhanced variant INS-SimPO establishes competitive results on
controlled metrics while maintaining comparable raw performance.

5.3 ANALYSIS AND INSIGHTS

We conduct ablation studies to understand the mechanisms underlying sequence-level conditioning.
Unless otherwise specified, all experiments use INS-DPO with Llama-3-8B-Instruct.

Impact of candidate length and context window. We vary the maximum context window (MaxLen
€ {1024, 2048,4096}) and the dispreferred candidate length cap a € {30%,40%, 50%, None},
where |y;| < « - MaxLen. Three findings emerge: (i) longer context windows consistently improve
performance, with 4096-token contexts yielding the best results across all metrics, confirming that
avoiding truncation of (z,ys, y.,) is crucial; (ii) a moderate draft cap of 40% achieves optimal
performance, as uncapped drafts can destabilize training when extremely long dispreferred responses
dominate the context; (iii) the gains from longer contexts are most pronounced on challenging
benchmarks (e.g., +2.6 Arena-Hard WR from 1024 to 4096).

Conditioning strategies. We compare four variants (Table [3): (i) standard DPO, (ii) one-sided
conditioning where only y,, is conditioned on yy, (iii) symmetric cross-conditioning (INSPO), and
(iv) a simple average 1 Lppo + 5Lsym. All use MaxLen=4096 with 40% draft cap.

Symmetric conditioning substantially outperforms the baseline on Arena-Hard (+7.6 WR for Mistral-
7B, +2.7 for Llama-3-8B), while even one-sided conditioning provides meaningful gains, confirming
that sequence-level context is beneficial regardless of symmetry. The averaged variant achieves
favorable trade-offs: best Arena-Hard on Mistral-7B (+9.4 WR) and best AlpacaEval LC on Llama-3-
8B (+3.8). In practice, symmetric conditioning is preferred for raw quality, while averaging better
balances quality with length control.

Computational overhead. Sequence-level conditioning incurs 18-25% training time overhead due
to processing longer concatenated inputs, with max sequence length increasing from 2048 to 4096.
Crucially, inference remains identical to standard DPO with zero additional latency, as generation
uses standard sampling § ~ (- | ) without draft-revise loops.

6 CONCLUSION

In this work, we addressed two critical limitations in preference optimization: the lack of theoretical
invariance to arbitrary modeling choices and the suboptimality of treating response generation in
isolation. To overcome these challenges, we introduced INSPO, a framework that conditions the
optimal policy on both context and alternative responses, achieving a target guaranteed invariant
to scalarization and reference policy choices. Comprehensive experiments confirm consistent im-
provements across benchmarks and effective scaling with model size, offering a robust, theoretically
grounded path toward human-aligned LLMs. Future work may extend this paradigm to online training
or multi-turn settings.
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