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Abstract

Recent developments in Direct Preference Optimization (DPO) allow large
language models (LLMs) to function as implicit ranking models by max-
imizing the margin between preferred and non-preferred responses. In
practice, user feedback on such lists typically involves identifying a few
relevant items in context rather than providing detailed pairwise compar-
isons for every possible item pair. Besides, many complex information
retrieval tasks, such as conversational agents and summarization systems,
critically depend on ranking the highest-quality outputs at the top, further
emphasizing the need to support natural and flexible forms of user feed-
back. To address the challenge of limited and sparse pairwise feedback
in the in-context setting, we propose an In-context Ranking Preference
Optimization (IRPO) framework that directly optimizes LLMs based on
ranking lists constructed during inference. To further capture the natural
and flexible forms of feedback, IRPO extends the DPO objective by incorpo-
rating both the relevance of items and their positions in the list. Modeling
these aspects jointly is non-trivial, as ranking metrics are inherently discrete
and non-differentiable, making direct optimization challenging. To over-
come this, IRPO introduces a differentiable objective based on positional
aggregation of pairwise item preferences, enabling effective gradient-based
optimization of discrete ranking metrics. We further provide theoretical
insights showing that IRPO (i) automatically emphasizes items with greater
disagreement between the model and the reference ranking, and (ii) shows
its gradient’s linkage to an importance sampling estimator, resulting in an
unbiased gradient estimator with reduced variance. Empirical evaluations
demonstrate that IRPO outperforms standard DPO approaches in ranking
performance, highlighting its effectiveness and efficiency in aligning LLMs
with direct in-context ranking preferences.

1 Introduction

Recent advancements in Direct Preference Optimization (DPO) (Rafailov et al., 2023) al-
low large language models (LLMs) to compare and optimize the pairwise margin (Meng
et al., 2024; Wu et al., 2024b) between positive and negative responses without explicit re-
ward functions. However, in real-world applications (e.g., conversational recommendation
(Huang et al., 2025a;b; Surana et al., 2025), generative retrieval (Li et al., 2025)), such feed-
back is typically collected by presenting users with an ordered in-context ranking list and
asking them to select relevant items (He et al., 2023; Xie et al., 2024) rather than providing
detailed pairwise comparisons, which highlights the need for frameworks that support
natural and flexible feedback formats. Such in-context feedback on ranked lists yields sparse
preference signals that are not directly comparable as explicit pairwise preferences. In
addition, modeling natural and flexible ranking feedback effectively requires capturing both
item relevance and positional importance, of which conventional DPO methods and their
underlying preference models (e.g., (Rafailov et al., 2023; Chen et al., 2024; Liu et al., 2024b))
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are limited in modeling directly. Existing works enable approximations of Plackett-Luce
(PL) models for ranking feedback by averaging pairwise Bradley-Terry (BT) comparisons
without directly modeling the PL distributions (Zhu et al., 2024; Chen et al., 2024; Liu et al.,
2024b). Directly applying supervised fine-tuning (SFT) to LLMs is also insufficient for
addressing this type of feedback, since ranked-list interactions inherently produce discrete
and non-differentiable signals, making direct gradient-based optimization challenging.

To address these limitations of existing approaches, we propose an In-context Ranking
Preference Optimization (IRPO) framework that integrates design choices across modeling
and optimization to better align with real-world ranking feedback. IRPO first captures the
natural form of user interactions, where users select relevant items from an in-context ranked
list without providing exhaustive pairwise comparisons. To model such feedback, IRPO
employs a PL-inspired positional preference model, which allows the framework to interpret
sparse listwise signals by considering both item relevance and positional importance. While
this formulation improves modeling fidelity, directly optimizing such objectives remains
challenging due to the discrete and non-differentiable nature of common ranking metrics. To
overcome this, IRPO introduces a differentiable objective based on the positional aggregation
of pairwise item preferences, enabling effective gradient-based optimization.

To understand the optimization behavior of IRPO, we conduct gradient analysis and pro-
vide theoretical insights into its connection to importance sampling gradient estimation.
Specifically, we show that IRPO acts as an adaptive mechanism that automatically prioritizes
items with significant discrepancies between learned and reference policies, resulting in
efficient and stable optimization. In addition, we derive an importance-weighted gradient
estimator and show that it is unbiased with reduced variance. Empirically, we evaluate
IRPO across diverse ranking tasks, including conversational recommendation, generative
retrieval, and question-answering re-ranking, with various LLM backbones. Our results
consistently show that IRPO significantly improves ranking performance. We summarize
our contributions as follows:

* We propose In-context Ranking Preference Optimization (IRPO), a novel framework
extending Direct Preference Optimization (DPO) that directly optimizes sparse and
in-context ranking feedback.

* Specifically we incorporate both graded relevance and positional importance into
preference optimization, addressing challenges posed by discrete ranking positions.

* We provide theoretical insights linking IRPO’s optimization to gradient estimation
techniques, demonstrating its computational and analytical advantages.

¢ Extensive empirical evaluations across diverse ranking tasks demonstrate that IRPO
achieves consistent performance improvement.

2 Related Work

2.1 Ranking Generation with LLMs

Recent work has leveraged LLMs for ranking across diverse applications—including sequen-
tial (Luo et al., 2024) and conversational (Yang & Chen, 2024) recommendation, document
retrieval (Liu et al., 2024a), and pair-wise document relevance judgments (Zhuang et al.,
2023). Most approaches exploit LLMs’ domain-agnostic strengths rather than improving
their intrinsic ranking capabilities (Wu et al., 2024c; Pradeep et al., 2023), though fine-tuning
has been recently explored (Luo et al., 2024). To our knowledge, we are the first to enhance
LLM rankings through an alignment framework. Meanwhile, in contrast to prior works that
focus on settings where candidate items are available (Chao et al., 2024), our framework is
general and applies to cases where LLMs directly generate a list of responses from input.

2.2 Direct Preference Optimization for Ranking

Recent work aligns language models with human feedback via direct preference optimiza-
tion (Rafailov et al., 2023; Meng et al., 2024; Wu et al., 2024b). Building on learning-to-rank
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methods (Valizadegan et al., 2009; Wu et al., 2024a; 2021), several approaches recast prefer-
ence alignment as a ranking task (Xie et al., 2025; Zhang et al., 2024). For example, GDPO
(Yao et al., 2024) handles feedback diversity through group-level preferences, and S-DPO
(Chen et al., 2024) extends these ideas to recommendation systems using multiple negatives
and partial rankings. However, these approaches generally assume fully supervised or
explicitly labeled feedback and require multiple forward passes for optimization, limiting
their applicability to more realistic scenarios with sparse and implicit feedback.

Several recent approaches, including Ordinal Preference Optimization (OPO) (Zhao et al.,
2024), Direct Ranking Preference Optimization (DRPO) (Zhou et al., 2024), and Listwise Pref-
erence Optimization (LiPO) (Liu et al., 2024b), explicitly leverage differentiable surrogates of
ranking metrics such as NDCG to guide optimization. OPO uses a NeuraNDCG surrogate
built from differentiable sorting (e.g., NeuralSort with Sinkhorn scaling) to align gains with
positional discounts, thereby encoding positional importance in a smooth objective. DRPO
goes further by explicitly introducing differentiable sorting networks and a margin-based
Adaptive Rank Policy Score, and then trains with a differentiable NDCG objective. In
contrast, LiPO frames alignment as a listwise learning-to-rank problem and commonly
employs lambda-weighted pairwise objectives (LiPO-A) to approximate listwise metrics like
NDCG while operating over all pairs in a list.

In contrast, IRPO addresses a fundamentally distinct and practically motivated framework
that extends the DPO (Rafailov et al., 2023) objective by jointly modeling graded relevance
and positional importance, and by directly optimizing margins within a single in-context
ranking list. Unlike prior works, IRPO does not rely on sorting networks or differentiable
sorting approximations, and is designed to eliminate multiple forward passes, enabling a
single forward pass per ranked list and lower computational cost.

3 Preliminaries

3.1 Direct Preference Alignment

DPO (Rafailov et al.,, 2023) enable reinforcement learning from human feedback
(RLHF) (Christiano et al., 2017; Stiennon et al., 2020; Ouyang et al., 2022) without ex-
plicit reward modeling. Suggested by the Bradley-Terry-Luce (BTL) model of human
feedback (Bradley & Terry, 1952), a response y1 with a reward of r(x, y;) is preferred over a
response Yy, with a reward of r(x, y,) with the probability:

P (y1 = ya | x) = o (r(x,y1) —r(x,y2), 1

where 0(z) = 1/ (1 + exp[—z]) is the sigmoid function. Suggested in (Rafailov et al., 2023),
the optimal policy in the original RLHF maximization problem with a reference policy
et (1| ) is given by

5 ;rw,x)) e

where the partition function Z(x) serves as a normalizer (Rafailov et al., 2023). By rearrang-
ing equation 2, the implicit reward model can be derived and plugged into equation 1,

oy %) = 5 Tl x)exp(1r<x,y>) ,Z(x) = Y ey | %) - exp (
Yy

(Y | x)

Tty [2) P 1082,

r(y,x) = p log
which formulates the maximum likelihood objective for the target policy 7ty as follows,
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where Z(x) cancels out and thus directly optimizes the target policy without an explicit
reward function.
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3.2 Discounted Cumulative Gain

Discounted cumulative gain (DCG) has been widely used in various information retrieval
and ranking tasks as a metric to capture the graded relevance of items in a ranked list while
accounting for their positions (Jeunen et al., 2024; Agarwal et al., 2019). Consider a set of
candidate items e = [eq, e, . .., €] in a ranking list, where these items represent the potential
outputs or responses for a prompt x. To rank these candidates, T is a permutation over
{1,2,...,n} such that the item at rank i is given by e,(;). where the ranking vector is defined

ask = [ky, ko, ..., kul, ki = (i), so that ey, = e(; is the item placed at the i-th position in
the ranked list (Plackett, 1975).

For each item ¢y, users may assign a relevance label y;, with explicit or implicit feedback
(Jarvelin & Kekaldinen, 2002), where its gain is scaled as G(yy,) = 2/% — 1. In addition, a

positional discount factor d(i) = 1/ log, (1 + i) models the decreasing importance of items
placed lower in the ranking list, which leads to a weighted gain at position i given as follows,

: Al 2% —1
w(i) = G(yx,) - d(i) = Tog,(1+7)° ®)
The quality of a ranked list is measured using the Discounted Cumulative Gain (DCG):
n nooo¥ri) — 1

DCG(1) = ) w(i) = ; Tog,(1 5 1)

i=1

where w(i) represents the gain at rank i for the item with relevance y. ;.

4 IRPO: In-context Ranking Preference Optimization

4.1 Preference Modeling

To capture listwise preferences within the DPO framework, for each position 7 in a ranking
list T, we provide a positional preference model based on pairwise comparisons. Following
the Plackett-Luce (PL) preference model (Plackett, 1975; Luce et al., 1959), for the item e ;)

atrank i,

P (ec = Lt | ¥) = a(—log Y- exp(s(ej | x) = s(exy | x>)>, )
j=1

where 0(z) = 1/(1 + exp[—z]) is the sigmoid function and s(e | x) is a score function
quantifying the quality of item e given the prompt x. In equation 4, we aggregate the
in-context pairwise differences between the score of e.(;) and all candidate items e;.

To evaluate the entire ranked list, we further aggregate the individual positional preferences
into an overall list preference model by weighting each position by its NDCG gain:

Pl T (ex = Lo 1)) ®

whose log-likelihood can be derived as follows,

log P*(T | x) = 2 w(i) - 10g¢7<— log 21 exp(s(e]- | %) = s(ex(s | x))>, ©6)
=

i=1
which ensures that every rank contributes to the assessment of the entire ranking list.
4.2 Policy Optimization Objective

Following DPO (Rafailov et al., 2023) we plug the reward-based score from equation 2 into
the positional NDCG preference model in equation 4, to derive our policy optimization
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objective for IRPO that incorporates graded relevance and the positional importance. Taking
the expectation over the data distribution(x,y) ~ D and summing over all ranks, the final
IRPO objective is given by:

n ) Yt — 1
2 )-logo(z )] w(i) = logy (1 +1)’ @)

Lirro ( Ty, nref ]E(x y)

where w(i) is the NDCG gain at rank 7 according to equation 3, while the individual rank’s
preference z; is

S log 22419, _ jop Tolerta 19 1y, ®
=

nref(ej | x) 7Tref(er(i) | x)
Our formulation naturally extends to other ranking metrics, including P@K, MAP, MRR, and

eDCG (detailed derivations in Appendix B), by considering their corresponding positional
importance, as a generalized framework for in-context ranking preference optimization.

4.3 Gradient Analysis and Theoretical Insights

We further analyze the gradient (detailed derivation in Appendix C) by optimizing over
IRPO objective to the model parameters 6:

i ()1 —0o(z)) ipl] VGIOgM )
i=1 j=1 (Tl |x)

Vo Lirpo (79; Tref) = BE x )

with the importance weights defined as
7y (ej]x) 7o (ex(i) | )
expl(Blog 714 — s o )

n 719(ek\ ) o 7-[(7‘(37(1')‘-’() ’
Lk exp(p [log T2 —log =5 )
Following previous DPO methods (Rafailov et al., 2023; Chen et al., 2024), the gradient term
Viyllog mg(e; | x) —log 7y (er(;) | x)] in equation 9 optimizes the model to further distinguish
between the item at rank i and the remaining items in the ranking list. Intuitively, since

Y.jpij = 1 for each position i, the weights p;; act automatically as an adaptive mechanism

that assigns higher importance to items where the discrepancy between the model and the
reference policy is larger. In practice, higher importance weights prioritize the gradient
contribution from items ranked most wrongly relative to the target ranking.

Pij = (10)

Inspired by the importance weights p;;, we further link our gradient analysis to the potential
gradient estimator,

g (e | %)
ﬂe(er(i) | x)’
where the random variable e¢; is subordinate to the distribution of importance weights
p(ej) = pjj at rank i. In practice, the gradient calculation could be approximated through
importance sampling with the distribution of p; ; at rank i. We further show the mean and
variance properties of the gradient estimator ¢(e;), which serves as an unbiased estimator
of the original gradient term and is more efficient in optimization.

8(ej) = Vglo (11)

Lemma 4.1 (Mean Analysis) The proposed gradient estimator §(e;) is an unbiased estimation of
the gradient term (proof in Appendix D),

mo(ej | x)
iVl P Y 12
8= /Zp] ¢ 10g (TZ |X> ( )

in equation 9, which can be achieved by importance sampling with p(e;) = p;j at rank i.
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Redial Inspired
NDCG Recall NDCG Recall

| @ @ @ @ @ @| @ @ @0 @ @ @10

Base 325 382 463 13.0 426 612|338 408 487 198 477 68.1
SFT 216 265 349 81 312 504|138 247 362 81 317 633

Model  Method

Llama3  ppoy 1376 425 501 149 465 640 | 375 440 512 219 502 692
SDPO |42.0 46.1 535 173 49.6 66.6 | 531 57.6 623 30.5 633 755
IRPO | 748 73.6 793 27.9 781 913|453 552 623 224 688 87.2
Base |21.1 274 368 87 321 540|211 274 368 87 321 540
Phi3 SFT | 159 222 327 58 272 516|221 270 366 85 312 534
DPO |[225 289 382 92 335 551|275 347 421 148 410 602
SDPO | 219 232 282 89 238 329|325 366 448 19.6 412 63.3
IRPO |350 393 511 127 456 724|422 463 546 172 544 76.0
Base | 192 268 380 72 328 585|153 224 317 77 285 520
Cemmaz ~ SFT | 256 302 393 96 344 556|150 259 355 7.5 329 579

DPO |30.1 36.0 443 121 404 594|275 347 421 148 410 602
SDPO | 485 527 592 19.6 558 709 | 400 440 484 227 482 60.0
IRPO | 688 714 773 251 77.0 905|422 463 546 172 544 76.0

Table 1: Performance on Redial and Inspired of Conversational Recommendation, evaluated
using NDCG and Recall for the top 1, 5, and 10 predictions out of 20 candidate items.

Lemma 4.2 (Variance Analysis) We show that the expected absolute deviation of the proposed

estimator is upper bounded as (proof in Appendix E)
<L ||Pi,j oo )
\/ n

where L = max; [Vglogmg(e; | x) — Vglog mg(er(;) | x)] and practically clipped to maintain
numerical stability (Ouyang et al., 2022; Schulman et al., 2017).

A : rale; | )
Ellg(e) =l < y| GlloslloE (I Volog 22l

5 Experiments

5.1 Experimental Setup

Tasks To evaluate the effectiveness of IRPO on enhancing LLMs’ ranking capabilities, we
adopt three tasks: conversational recommendation on Inspired (Hayati et al., 2020) and
Redial (Li et al., 2018) dataset; generative (supporting evidence) retrieval on HotpotQA (Yang
etal., 2018) and MuSiQue (Trivedi et al., 2022) dataset; and question-answering as re-ranking
on ARC (Clark et al., 2018) and CommonsenseQA (Talmor et al., 2019) dataset. Each of the
tasks requires LLM to generate a ranked list among a set of candidate answers. We provide
additional detail for task sections in sections 5.2 to 5.4.

Baselines We compare IRPO against several alignment baselines: Supervised fine-tuning
(SFT), which directly optimizes model outputs from explicit human annotations without
preference modeling; DPO (Rafailov et al., 2023), which optimizes models from pairwise
human preferences by maximizing margins between preferred and non-preferred responses;
and S-DPO (Chen et al., 2024), an extension of DPO tailored for ranking tasks, which
leverages multiple negative samples, inspired by the Plackett-Luce preference model to
capture richer ranking signals. We included more implementation details in Appendix A.

5.2 Conversational Recommendation

For conversational recommendation, we use two widely adopted datasets, Inspired (Hayati
et al., 2020) and Redial (Li et al., 2018). Following (He et al., 2023; Xie et al., 2024; Carraro
& Bridge, 2024; Jiang et al., 2024), LLMs generate ranked lists of 20 candidate movies per
dialogue context. To evaluate IRPO and baselines in generating ranked conversational
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HotpotQA MuSiQue
NDCG Recall NDCG Recall

|@ @ @ @ @@ @ | @ @ @ @ @ @5

Base 21.8 313 382 191 384 544|425 435 519 188 449 60.7
SFT 353 414 483 295 463 621|369 391 480 16.6 40.7 57.6

Model  Method

Llama3 DPO |31.2 395 463 273 456 610|511 539 60.8 21.6 558 689
SDPO | 413 489 54.6 362 547 681|586 608 667 260 623 733

IRPO | 946 972 975 83.6 991 99.8 |651 594 694 276 592 78.0

Base 240 321 394 212 383 558|239 248 318 98 260 392

Phi3 SET 26.0 341 411 232 402 563|330 322 413 141 334 505
DPO | 458 525 576 40.6 57.7 695|316 344 435 135 365 537

SDPO | 455 523 574 402 574 693|419 439 520 184 455 60.7

IRPO | 612 738 785 538 829 937|415 439 524 185 457 617

Base 325 396 454 285 451 584|409 428 51.1 179 443 599

Gemma? SFT 19.7 278 354 16.6 337 511|398 433 517 172 453 613

DPO |[69.1 726 755 615 753 819|409 431 511 181 449 5938
SDPO | 533 59.0 632 47.7 629 725|406 423 506 179 437 59.4
IRPO | 945 968 97.4 835 985 99.8 554 510 611 238 516 70.6

Table 2: Performance on HotpotQA and MuSiQue for Generative Retrieval, evaluated using
NDCG and Recall for the top 1, 3, and 5 predictions out of 10 candidate contexts.

recommendation lists, we follow (He et al., 2023) and construct candidate movie sets for
each dialogue context (detailed in Appendix A). These candidate movies are then assigned
relevance scores reflecting their importance in calculating the NDCG gain for IRPO in
equation 7, where ground-truth movies receive a score of 2, GPT-generated movies a score
of 1, and random movies a score of 0. Following (He et al., 2023; Xie et al., 2024; Carraro &
Bridge, 2024; Jiang et al., 2024), we report the Recall and NDCG at top-k positions.

Results in Table 1 show that supervised fine-tuning (SFT) can be harmful for most metrics
and datasets compared with base model performance, due to strong popularity bias in con-
versational recommendation datasets, which is likely to cause model overfitting (Gao et al.,
2025; Lin et al., 2022; Klimashevskaia et al., 2024). With multi-negative policy optimization
(SDPO), such biasing effects could be alleviated, leading to relatively better performance
compared to DPO and SFT. In addition, we show that IRPO achieves consistently better or
comparable performance across datasets in conversational recommendation compared with
baselines, by further considering positional importance for each item, weighted by NDCG
weights based on the relevancy score feedback from users. With the complete ranking list
optimized by pairwise comparative margins measured by DPO (Rafailov et al., 2023), IRPO
acts automatically as an adaptive mechanism that assigns higher importance to items where
the discrepancy between the model and the reference policy is larger.

5.3 Generative Retrieval

For generative retrieval, we evaluate IRPO using multi-hop question-answering datasets,
HotpotQA (Yang et al., 2018) and MuSiQue (Trivedi et al., 2022) (detailed in Appendix A).
Following prior work (Shen et al., 2024; Xia et al., 2025), we prompt LLMs to rank a set of
candidate context paragraphs per question. We assign binary relevance scores, setting a
score of 1 for supporting contexts and 0 for distractors.

Based on the comparative results in Table 2, SFT consistently reduces retrieval effectiveness
relative to base models. This occurs because SFT tends to over-optimize policies, limit-
ing their ability to generalize effectively to the nuanced retrieval challenges inherent in
multi-hop queries. While SDPO, leveraging multi-negative sampling, occasionally achieves
better top-1 performance compared with IRPO, IRPO attains substantial improvements
in NDCG and Recall across the entire ranking list, demonstrating its effectiveness in ex-
plicitly modeling positional importance. By optimizing pairwise comparative margins
comprehensively across entire ranking lists, IRPO adaptively prioritizes contexts with larger
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| ARC | CommonsenseQA
Model  Method | NDCG Recall | NDCG Recall
‘ @ @b @ @ @3 @5 ‘ @l @ @ @ @3 @5

Base | 132 217 286 132 284 449|241 326 389 241 393 548
Llama3 SFT | 135 214 284 135 277 446|228 316 387 228 386 56.1
DPO |152 228 304 152 29.1 473|544 595 634 544 636 732
SDrPO | 234 283 354 234 325 500|542 599 639 542 644 742
IRPO |27.4 389 465 274 476 663 |68.6 831 850 686 928 97.5
Base | 98 179 251 9.8 243 419|243 332 387 243 400 53.6
Phi3 SFT | 88 177 257 88 247 443|244 326 396 244 390 563
DPO | 95 179 255 95 247 432|540 59.7 635 540 640 734
SDPO | 97 18.0 252 9.7 247 424|481 543 59.0 481 59.0 704
IRPO | 104 195 26.8 104 257 438|531 701 741 531 822 92.0
Base |274 356 421 274 426 584|272 354 414 272 420 567
Gemmaz SFT 236 329 393 236 402 5571295 380 441 295 447 597
DPO |27.0 344 407 270 405 561|294 379 437 294 447 59.1
SDrO | 28.7 365 426 287 43.0 580|570 624 662 570 665 758
IRPO |27.0 455 533 270 59.8 787|663 792 8L7 663 883 945

Table 3: Performance on the ARC and CommonsenseQA QA datasets, evaluated using
NDCG and Recall for the top 1, 3, and 5 predictions out of 10 answer choices.

divergences between model predictions and preference feedback. Thus, IRPO offers robust
generalizability and better retrieval accuracy for complex generative retrieval tasks.

5.4 Question-answering as Re-ranking

In the question-answering as re-ranking scenario, we assess the ability of LLMs to identify
correct answers from multiple choices based on contextual relevance. We evaluate IRPO
on two widely-used datasets, ARC (Clark et al., 2018) and CommonsenseQA (Talmor et al.,
2019) (detailed in Appendix A). Each candidate is explicitly assigned binary relevance: the
correct answer receives a score of 1, and incorrect answers a score of 0.

Comparative results summarized in Table 3 highlight IRPO’s robust improvements across
models and datasets. While SFT achieves relatively better performance compared to its
performance on other tasks, it still struggles to prioritize and disambiguate the correct
answer among similar candidate answers. On the other hand, SDPO, benefiting from multi-
negative optimization, typically yields better performance by distinguishing subtle semantic
differences among distractors. IRPO further demonstrates superior effectiveness in this
challenging ranking task, substantially outperforming all baseline approaches. Aligned with
our theoretical insights into IRPO optimization in Section 4.3, IRPO boosts performance
by adaptively focusing on candidates with greater discrepancies, enabling comprehensive
comparisons that effectively resolve subtle semantic differences and yield substantial gains
on challenging datasets like ARC and CommonsenseQA.

6 Analysis

In this section, we analyze the optimization behavior and performance of IRPO in both
online and offline settings. For on-policy optimization (in Section 6.1), we extend IRPO
to its online variant Iterative IRPO. Additionally, we present offline learning curves for
IRPO across multiple tasks and various backbone LLMs (Section 6.2) in Figure 2. We then
conduct an ablation study to investigate the role of relevance and positional weighting in
IRPO’s objective (Section 6.3), demonstrating the necessity of jointly modeling these factors
for effective ranking alignment. Finally, we compare IRPO with recent learning-to-rank
approaches, focusing on LiPO (Liu et al., 2024b) (Section 6.4).
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Figure 1: Comparison of REINFORCE and IRPO on ARC and CommonsenseQA.

6.1 On-policy Online Optimization of Iterative IRPO

We explore an on-policy variant of IRPO, Iterative IRPO, which adapts to an online op-
timization setting Hu (2025); Wu et al. (2025); Shao et al. (2024). In this setting, models
sample their responses based on queries, rather than relying on predefined ranking lists
from the original datasets. These on-policy sampled responses are compared with ground-
truth annotations, simulating a realistic human feedback loop. We conduct such on-policy
online learning experiments on ARC and CommonsenseQA, compared to a standard policy-
gradient baseline, REINFORCE (Sutton et al., 1999). In Figure 1, we show that the Iterative
IRPO achieves constantly increasing NDCG scores, while REINFORCE fails to explore effec-
tive candidates, leading to insufficient feedback. Aligned with the design of IRPO, which
prioritizes more relevant items while considering positional importance, Iterative IRPO
could improve the general quality of the entire ranking list, which significantly benefits
on-policy exploration performance. Supported by our theoretical insights (Section 4.3), we
link IRPO’s optimization to an efficient importance sampling method, which inherently
serves as an effective exploration mechanism when Iterative IRPO is enabled online. To
further illustrate, we provide a qualitative comparison of outputs generated by the base
model, Iterative IRPO, and REINFORCE in Appendix G.1.

6.2 Optimization Analysis of IRPO

We further evaluate IRPO’s offline optimization performance in the experimental results
in Figure 2, showing that IRPO consistently achieves higher evaluation NDCG scores
and exhibits stable optimization. across six diverse benchmarks (Inspired, HotpotQA, ARC,
Redial, MuSiQue, and CommonsenseQA) using three different LLM backbones: Llama3,
Gemma2, and Phi3. This robust performance improvement is attributable to IRPO’s adaptive
importance weighting mechanism, which effectively prioritizes gradient updates toward
ranking positions with higher relevance discrepancies. This mechanism allows IRPO to
rapidly capture essential ranking signals from the feedback, leading to stable and consistent
optimization behavior, a finding further supported by our theoretical analysis in Section 4.3.

To highlight the strengths of IRPO over baseline methods, we include three representative
qualitative examples in Appendix G.2. These showcase how IRPO more effectively ranks
contextually relevant and coherent responses.

6.3 Ablation Study

IRPO inherently prioritizes relative comparisons over absolute weight magnitudes, making
it less sensitive to specific weighting schemes. To validate this, we conduct an additional
ablation study evaluating two alternative positional weighting methods: (1) abl1: w(i) =

l()g(++i) (positional weights without relevance) (2) abl2: w(i) = 2%1—*1 (alternative relevance

scaling).
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Figure 2: IRPO’s performance across six benchmarks using Llama3, Gemma2, and Phi3

As shown in Appendix F, removing the relevance component (as in abl1) leads to significant
degradation in ranking performance across all datasets. These results underscore the
importance of modeling both item relevance and positional importance within IRPO’s
objective.

6.4 Comparison with Learning-to-Rank (LiPO)

Although IRPO and LiPO (Liu et al., 2024b) address distinct feedback settings, we provide a
comparative analysis here to clearly contextualize IRPO within recent learning-to-rank (LTR)
paradigms. LiPO (Liu et al., 2024b) is a recent representative baseline explicitly extending
direct preference optimization (DPO) by integrating general learning-to-rank principles.
Unlike IRPO, LiPO is designed primarily for scenarios with fully supervised or extensively
labeled listwise data, allowing straightforward integration into standard supervised ranking
setups.

To meaningfully compare these distinct approaches, we adapt LiPO to align closely with our
sparse, in-context feedback scenario and conduct comparative experiments on representative
benchmarks (ARC and MuSiQue). Results summarized in Appendix F.2 indicate that IRPO
consistently outperforms LiPO, underscoring the advantage of IRPO’s explicitly modeled
positional relevance and sparse feedback setting.

7 Conclusion

In this work, we introduced IRPO, a novel alignment framework that directly optimizes
LLMs for ranking tasks using sparse, in-context user feedback. By explicitly modeling both
item relevance and positional importance within a differentiable ranking objective, IRPO
effectively addresses the limitations of existing DPO methods. Our theoretical insights
demonstrated IRPO’s adaptive prioritization mechanism and established its connection
to importance sampling, providing unbiased gradient estimation with reduced variance.
Extensive empirical evaluations across conversational recommendation, generative retrieval,
and question-answering re-ranking tasks consistently showed IRPO’s superior ranking
performance. Our findings highlight IRPO as an effective and efficient method for aligning
LLMs with realistic user preferences, paving the way for broader integration into in-context
action-space exploration and reinforcement learning in dynamic online settings.
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A Experimental Details

A1l Implementation Details

We validate the effectiveness of IRPO against baseline methods using three popular pre-
trained LLMs: Llama3.2-3B-Instruct (Grattafiori et al., 2024), a 3B-parameter model pre-
trained on 9 trillion tokens; Gemma2-2B-it (Team et al., 2024), a 2B-parameter model pre-
trained on 2 trillion tokens; and Phi-3-mini-4k-instruct (Abdin et al., 2024), a 3.8 B-parameter
model pre-trained on synthetic and publicly available data, featuring a 4K-token context
length.

We used DPO’s codebase for implementing both our SFT and DPO baseline experiments.
For S-DPO, we used the original codebase. For IRPO, we implemented our experiments
using PyTorch and trained all models using NVIDIA A6000 GPUs. We set the KL penalty
coefficient j to 1.0.

A.2 Run-time Comparison

IRPO directly aligns LLMs to generate an entire ranked list in a single forward pass, whereas
the other baselines require multiple forward passes to calculate pairwise margins. Conse-
quently, IRPO significantly reduces inference time. To illustrate this advantage clearly, we
report the average per-sample runtime measured under consistent evaluation settings. Ta-
ble 4 summarizes these results.

Method Run Time (per sample)

Base 0.1140 s
DPO 0.1145 s
SDPO 0.1144 s
LiPO 0.1154 s
IRPO 0.0313 s

Table 4: Run-time comparison of IRPO and baselines (average per-sample runtime).

Due to its single-pass architecture, IRPO achieves approximately a 4 x speedup in runtime
per sample compared to other approaches.

A.3 Evaluation Details

Conversational Recommendation Inspired (Hayati et al., 2020), containing 1,028 dialogues
split into 730 training and 88 evaluation samples, and Redial (Li et al., 2018), which consists
of 10,264 dialogues, divided into 8,945 training and 1,319 evaluation samples. 3 ground
truth movies from logged human feedback ranked by popularity in the individual dataset;
5 GPT-generated movies produced by GPT-3.5 given the same context; and 12 randomly
sampled movies sampled from a frequency-based distribution derived from the training
corpus.
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Generative Retrieval HotpotQA contains approximately 23K challenging multi-hop ques-
tions, split into 15,661 for training and 7,405 for evaluation, while MuSiQue provides 22,355
questions, divided into 19,938 training and 2,417 evaluation samples. Each question is
associated with supporting sentences labeled as relevant contexts and an additional set of 8
randomly sampled distractor sentences from the same document collection. This typically
results in 10-12 candidate paragraphs per query. To ensure context fits within the LLM’s
context window, we truncate each supporting paragraph to 50 tokens. Each question is
associated with supporting sentences labeled as relevant contexts and an additional set of 8
randomly sampled distractor sentences from the same document collection.

Question-answering as Re-ranking ARC (Clark et al., 2018), comprising 1,418 challenging
science-based reasoning questions (1,119 for training and 299 for evaluation), and Com-
monsenseQA (Talmor et al., 2019), consisting of 10,962 commonsense reasoning questions
(9,741 training and 1,221 evaluation). Originally, ARC presents four answer choices per
question, while CommonsenseQA includes five. Specifically, we augment ARC questions
with six additional distractors and CommonsenseQA questions with five. To evaluate LLMs
re-ranking capabilities, we augment each dataset by introducing additional semantically
similar but incorrect answers, increasing task complexity, resulting in a uniform set of 10
candidates per question.

B Extending to Other Ranking Metrics

Our formulation naturally supports many other ranking metrics, such as P@K, MRR, MAP,
and eDCG (from easiest to hardest in terms of optimization). P@K and MRR are simpler
compared to the others due to their binary reciprocal structure, making them easier to
optimize. MAP is more complex as it requires normalization, making optimization more
difficult. NDCG and eDCG are the most complex as they have non-linear gradients due to
their position-based and relevance-based weighting, leading to more complex updates.

Precision@k (P@k) is binary defined based on whether the item at rank i is relevant within
the top k positions:
w(i) =L(yy;) > 1), forie{1,2,...k},

where ]I(yT(l-) > 1) is an indicator function returning 1 if relevant, and 0 otherwise.

Mean Average Precision (MAP) is the precision at each rank normalized by the total relevant

items:
W) — 1

i1 Ly > 1)
Mean Reciprocal Rank (MRR) is based on the reciprocal rank of the first relevant item
1

N s
wil) max(re(;), 1)’ fory(p =1

w(i) =

The Exponential Discounted Cumulative Gain (eDCG) combines both relevance of an item
and an exponential positional discount:

) Yt — 1

w(i) = exp(A - 1)

where A controls exponential decay with regards to rank.

C Derivation of the gradient of IRPO

In this section, we provide a detailed derivation of the gradient of the IRPO objective with
respect to the model parameters 6. Starting from the IRPO objective in Equation equation 7,
we compute the gradient that forms the basis for our optimization process.
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C.1 IRPO Objective

Recall that our IRPO objective is defined as:

Lg- DPO(TEGI nref (xy) Z w1 IOg 4 Zl)‘|
. 2]/'(1 — 1
(i) = fog T 1)
n mo(ej | x) 7o (e(i) | X)
=—1lo ex Io —1lo
g]; p(ﬁ{ 8 nref(ej | x) & nref<€‘r(i) | x)])

C.2 Computing the Gradient
We compute the gradient of the IRPO objective with respect to the model parameters 6:

n

Z ) - Vglogo (Zz)]

Vo LRr-pro (79; Tref)

Using the chain rule and properties of the sigmoid function, we can express the gradient of
log o (z;) as:

Vologo(z;) = U(lzi) - Voo (z;)
1
- U'(Zi) ( ) (1_ (Zi)) 'VGZZ
= (1—0’( z)) 'Vng

C.3 Gradient of z;

Next, we compute the gradient of z;:

Vozi = Vs (—logiexp(ﬁ [log o6 1) o Tolex(y |1 D)
=1

nref(ej ‘ x) nref(e"r(i) | x)
n mo(ej | x) 7o (er(iy | )
= —-Vylo ex lo —1lo
o8 (,; p(8[los Tro(6 [%) 0 (e | al)
Let us define:
mo(e; | x) T (eci) | X)
6;; =1lo —1lo
17 et 1) 0 Tretlery | 0)

Si =) exp(Bdij)
=1
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Therefore, z; = —log S; and:
VQZi = —Vg log Sl'

1
1 n
=5 Ve Y exp(Bdij)
i j=1

Vo eXp(,B&,])

ol

= 1M

exp(Bdij) - B+ Vgdij

D=
‘\HA.

1

C4 Gradient of §;;

Now we compute the gradient of J;;:

me(e;j | x) g (e | x)
0] 0 ( & nref(e]- | x) 8 nref(eT(i) | x)

= Vglog mg(ej | x) — Vglog mres(ej | x) — Viglog mmp(eq(iy | X) + Vo log mret(er(iy | X)

Since 7t does not depend on 0, Vglog rtet(ej | x) = 0 and Vglog mmer(er) | x) = 0.
Therefore:

Vgdij = Vglog mg(e; | x) — Vglog mp(e(;) | x)
o (ej | x)

= Vyglog —/————
0 Ty (erqsy | %)

C.5 Importance Weights and Final Gradient

Substituting the gradient of ;; back into the gradient of z;:

i exp(Bdij) 'ﬁ-VQIOgM

Voz; =
o =1 7-[(9(@"L'(i) ‘ x)

U)‘H

Defining the importance weights p;;:

_exp(Bdy)
Pij = 7&

cp{plos 2445 o e
:

7Tref
Yiq exp(ﬁ [10gnzf((€ekk‘\)) log mef(( ‘\XX))D

We can now express the gradient of z; as:
7'59( i I X )

Vozi = — Volo
o ﬁjzpl] ‘ g (Tl) |x)
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Substituting this into the gradient of log o (z;):

4 7y (ej | x)
V@ IOgU(Zl) = (7' Zpl] Ve logﬁ

g (ej | x)
*:BO' Zz ZPZ] Vg log !
L Taley 1)

Finally, substituting into the gradient of the IRPO objective:

Vo LrDPO (76; Tre) = —E (1) | Y w(i) - Vglogo(z )]
i=1
— —]E(xy) iw(l) . (_ Zpl] Vglogm)
R =1 ( (i) | x)
L me(ej | x)
= BE, w(i)o(—z; i+ Vglog ——————
p (x,y) 1:21 () ( )];P] 0 gﬂe(BT(i) |x)

D Mean Analysis
Lemma 4.1 Let ¢(¢;) be defined as in equation 11. Each ¢; is sampled from e with the
probability of p; ; = p(e;), at position i in the ranking list. Then IE [§(e;)] = g in equation 12.
Proof. Following (), we derive the proof by a sequence of identities.
E[2(¢))] = Eene |2(e))]
o (e €j | x)
8 Talerty T

:]EejNe{Vglo e Tx

b(ej | )
- Volog 910 _
;”J 0108 e 1)

E Variance Analysis

Lemma 4.2 With the assumption of L = max; [Vglog (e | x) — Vg log mg(ec(jy | x)], we
derive the expected absolute deviation of the gradient estimation [E[|¢(e;) — g]]-

Proof. By Cauchy-Schwartz inequality (), we have
Ell3(e) — gl < /E[(2(e)) —2)2].

Consider the variance of the estimator, Var($(e;)) = E [( $(ej) — g)z} . We sample according

to the importance weights p(e;) = p;;. Following standard importance sampling (Robert
et al., 1999; Shapiro, 2003), we further obtain the estimation upper bound by a factor
proportional to the maximum importance weight,

Var(§(e-)) < ler]”OO]E[HZ(eﬂHZ}’

where z(e;) = Vglogm(ej | x) — Vglogmg(er(;) | x), and the variance is reduced by the
factor of n independent samples. Substituting the variance bound into the expected absolute

deviation, we have
R |04 jleo
EM@w@us¢’;Hu@wﬁ
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With  the  assumption of bounded  gradient difference L =
max; [Vglogmy(e; | x) — Vglogmg(er(;) | x)], which in practice is achieved by gradi-
ent clipping (Ouyang et al., 2022; Schulman et al., 2017), we achieve the final bound
as

HPi,j ©ra_1p Hpi,]’ <
n n

E[|g(ej) — gl <

F Additional Results

F1 Ablation Study Results

We compare these variants using the Llama3 backbone across three benchmarks, represent-
ing each task category: Inspired (conversational recommendation), MusiQue (generative
retrieval), and ARC (question-answering re-ranking).

We provide detailed ablation results in Table 5-7, evaluating alternative positional weighting
schemes across three benchmark tasks.

Method N@l N@5 Ne@l0 R@l R@5 Rel10

IRPO 453 552 623 224 688 872
IRPO (abll) 350 379 485 189 460 729
IRPO (abl2) 438 492 588 21.0 589 831

Table 5: Ablation results on the Inspired dataset.

Method N@el N@3 N@ R@l R@3 R@5

IRPO 651 594 694 276 592 780
IRPO (abll) 509 54.0 658 21.0 569 789
IRPO (abl2) 683 628 727 29.0 629 815

Table 6: Ablation results on the MuSiQue dataset.

Method N@l N@3 N@5 R@l R@3 R@5

IRPO 274 389 465 274 476 663
IRPO (abll) 94 172 234 94 229 382
IRPO (abl2) 271 378 461 271 458 66.3

Table 7: Ablation results on the ARC dataset.

F2 Comparision with LiPO (LTR)

We report detailed comparisons between IRPO and LiPO on the ARC and MuSiQue datasets.
Tables 8 and 9 present results for both LLaMA3 and Gemma?2 backbones, demonstrating
IRPO’s consistent advantage.
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Model Method N@1 N@3 N@5 R@l R@3 R@5
Base 132 217 286 132 284 449
SFT 135 214 284 135 27.7 446
LLaMA3 SDPO 234 283 354 234 325 50.0
LiPO 352 39.8 455 352 437 577
IRPO 274 389 465 274 476 66.3
Base 274 356 421 274 426 584
SFT 236 329 393 236 402 557
Gemma2 SDPO 28.7 365 426 287 430 58.0
LiPO 232 305 376 232 360 535
IRPO 270 455 533 270 59.8 787
Table 8: Performance comparison on ARC.
Model Method N@1 N@3 N@5 R@l R@3 R@5
Base 425 435 519 188 449 60.7
SFT 369 391 480 16.6 407 57.6
LLaMA3 SDPO 58.6 60.8 66.7 260 623 733
LiPO 474 496 571 209 511 652
IRPO 65.1 594 694 276 59.2 780
Base 409 428 511 179 443 599
SFT 39.8 433 517 172 453 613
Gemma2 SDPO 406 423 506 179 437 594
LiPO 498 51.8 589 223 532 66.7
IRPO 554 51.0 611 238 516 706

Table 9: Performance comparison on MuSiQue.
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G Case Study

G.1 On-policy

Q: Pretend you are a question-answering model. I will give you a Question. Based
on the Question please rerank the answers in a list from the best to the worst
without any extract words. Question: At what level of organization does damage
compromise the function of the whole system? (A) ecosystems can be damaged

(O) a cell (D) alters the behavior of the organisms (E) the structure of the
organism’s anatomy (F) in response to an altering environment. (G) their views of
storm damages (H) different systems working together (I) an organelle (J) a tissue

Base Llama3:

Here is the list of answers in order from best to worst: 1. a cell 2. an organ 3. a tissue 4.
an organelle 5. the structure of the organisms anatomy 6. different systems working
together 7. ecosystems can be damaged 8. in response to an altering environment 9.
alters the behavior of the organisms 10. their views of storm damages

IRPO Llama-3:

Here is the reranked list of answers from best to worst: 1. an organ 2. a tissue 3.
an organelle 4. a cell 5. different systems working together. 6. the structure of the
organisms anatomy 7. alters the behavior of the organisms. 8. their views of storm
damages 9. in response to an altering environment. 10. ecosystems can be damaged.

REINFORCE Llama-3:

Based on the question, here is the reranked list from best to worst answer: 1. Differ-
ent systems working together. (This answer implies a high level of organization
and interconnectedness, which makes it more likely to compromise the function
of the whole system.) 2. A tissue (A tissue is a group of cells working together, so it§
a plausible answer that could compromise the function of the whole system.) 3. An
organ (An organ is a group of tissues working together, so it also a plausible answer
that could compromise the function of the whole system.) 4. A cell (A cell is the basic
unit of organization, and damage to a cell could potentially compromise the function
of the whole system.) 5. The structure of the organism$ anatomy (This answer is
more specific to the internal structure of an organism, which may not necessarily
compromise the function of the whole system.) 6. Ecosystems can be damaged
(This answer is more general and doesn’t necessarily imply a level of organization
that would compromise the function of the whole system.) 7. Alters the behavior
of the organisms. (This answer is more related to the impact of damage on the
organisms themselves, rather than the organization of the system.) 8. In response to
an altering environment. (This answer is more related to the response of the system
to environmental changes, rather than the organization of the system itself.) 9. Their
views of storm damages (This answer is unrelated to the organization of the system
and more related to opinions or perspectives.) 10. An organelle (An organelle is a
specialized structure within a cell, and damage to an organelle might not necessarily
compromise the function of the whole system.) Note that this ranking is subjective
and based on my understanding of the question. The best answer may depend on
the specific context and requirements of the question.
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Q: Pretend you are a question-answering model. I will give you a Question.
Based on the Question please rerank the answers in a list from the best to the
worst without any extract words. Question: What happens while chatting with

friends about current events? (A) laughter (B) hope (C) social event (D) feel close
to (E) talking with others (F) meeting friends (G) event (H) talk with friends
(J) social approval

Base Llama3:

Here is the reranked list of answers from best to worst based on their relevance
and usefulness in responding to the question: 1. talking with others 2. exchanging
information 3. social event 4. social approval 5. laugh 6. feel close to 7. meeting
friends 8. event 9. talk with friends 10. hope

IRPO Llama-3:

Based on the question “What happens while chatting with friends about current
events?”, here is the list of answers from best to worst without any extraneous words:
1. exchanging information 2. social approval 3. talking with others 4. social event 5.
event 6. laugh 7. hope 8. talk with friends 9. meet friends 10. feel close to

REINFORCE Llama-3:

Based on the question, here is the reranked list of answers from best to worst: 1.
talking with others 2. talking with friends 3. talk with friends 4. social event 5.
exchanging information 6. laugh 7. hope 8. feel close to 9. meeting friends 10. event

Q: Pretend you are a question-answering model. I will give you a Question. Based
on the Question please rerank the answers in a list from the best to the worst
without any extract words. Question: Why does a person stay in bed on the

weekend? (A) get into bed (B) bedsores (C) slumber (D) lay down (E) get in bed
(F) to sleep (G) rest in bed (H) falling asleep (J) stay in bed

Base Llama3:

Based on the context of the question, here is the reranked list from best to worst: 1.
stay in bed 2. sleep in 3. get into bed 4. lay down 5. rest in bed 6. falling asleep
7. to sleep 8. get in bed 9. bedsores (this one is out of context and unrelated to the
question) 10. slumber (this one is a verb that means to sleep, but it’s not as directly
relevant to the question as the other options)

IRPO Llama-3:

Here is the list of answers in order from best to worst, without any extraneous words:
1. sleep in 2. rest in bed 3. lay down 4. get into bed 5. get in bed 6. stay in bed 7. to
sleep 8. slumber 9. falling asleep 10. bedsores

REINFORCE Llama-3:

Based on the Question, here is the reranked list of answers from best to worst: 1. stay
in bed (Most relevant and accurate answer) 2. sleep in (Very relevant and accurate
answer) 3. lay down (Relevant answer, but not as specific as “stay in bed”) 4. rest in
bed (Relevant answer, but not as specific as “stay in bed”) 5. get into bed (Relevant
answer, but not as specific as ”stay in bed”) 6. get in bed (Similar to “get into bed”,
but with a slight variation in wording) 7. to sleep (Not as relevant or specific as other
answers) 8. slumber (Not directly related to the question) 9. bedsores (Not relevant
to the question at all) 10. falling asleep (Not a complete answer, as it$ a state rather
than an action) Please note that the ranking may vary depending on the context and
the users intent.
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G.2 Qualitative examples

Q. Pretend you are a question-answering model. I will give you a Question. Based
on the Question please rerank the provided answers in a list from the best to
the worst without any extra words.Question: Sam wasn’t lying but he left out

important details. He was being what? 1. dishonesty 3. lying 4.
deceptive 5. imagination 6. more lies 7. lie to himself 8. deception 9. telling lies
10. poker face

SFT:

1. dishonesty 2. deceitful 3. lying 4. deceptive 5. imagination
DPO:

1. deceptive 2. lying 3. deceitful 4. deceptive 5. imagination
IRPO:

1. deceitful 2. dishonesty 3. more lies 4. deceptive 5. imagination 6. lie to himself 7.
deception 8. telling lies 9. poker face 10. lying

Q. Pretend you are a question-answering model. I will give you a Question. Based
on the Question please rerank the provided answers in a list from the best to the
worst without any extra words. Question: At the end of the day as he began to eat

he paused and thanked her it wasn’t often she would what? 2. get
food 3. make food 4. did chores 5. stretch out 6. wife asked to 7. when holding her
hand 8. a meal 9. were hungry 10. she cannot do that when all are for her

SFT:

1. wife asked to 2. when holding her hand 3. she cannot do that when all are for her
4. she would 5. cook dinner 6. get food 7. make food 8. did chores 9. stretch out 10.
were hungry

DPO:

1. stretch out 2. cook dinner 3. get food 4. make food 5. did chores 6. wife asked to 7.
when holding her hand 8. were hungry 9. she cannot do that when all are for her
IRPO:

1. cook dinner 2. she cannot do that when all are for her 3. wife asked to 4. get food
5. ameal 6. stretch out 7. when holding her hand 8. make food 9. were hungry 10.
did chores

Q. Pretend you are a question-answering model. I will give you a Question. Based
on the Question please rerank the provided answers in a list from the best to the
worst without any extra words. Question: No matter what date you put on it we

all know the universe to be what? 2. infinite 3. infiniverse 4. real 5.
universe 6. getting younger 7. miss universe 8. the universe 9. astronomy 10. date

SFT:

1. infinite 2. astronomy 3. the universe 4. real 5. getting younger 6. miss universe 7.
date 8. infiniverse 9. very old

DPO:

1. infinite 2. astronomy 3. the universe 4. real 5. getting younger 6. universe 7. miss
universe 8. date 9. infiniverse 10. very old

IRPO:

1. very old 2. infinite 3. infiniverse 4. real 5. universe 6. getting younger 7. miss
universe 8. the universe 9. astronomy 10. date
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