Right Routing, Right Answering: Joint Path-Answer Preference
Optimization for Retrieval-Augmented Generation

Anonymous ACL submission

Abstract

Retrieval-Augmented Generation (RAG) of-
ten suffers from noisy or irrelevant retrievals,
which can substantially undermine the quality
of generated answers. While recent methods
like Retrieval Preference Optimization (RPO)
empower LLMs to adaptively decide whether
to use retrieved content, they primarily focus
on improving this routing decision. A criti-
cal oversight is the lack of supervision over
answer quality within a selected path. Conse-
quently, even with correct routing, the correct-
ness of the final answer is not adequately guar-
anteed. To address this, we propose Joint Path-
Answer Preference Optimization (JPAPO), a
novel framework that jointly optimizes both
path routing and within-path answering. Our
solution is simple yet effective, tackling this
dual challenge through three strategically de-
signed preference pairs, ensuring both easy
integration and scalability. Extensive exper-
iments across diverse benchmarks and LLM
backbones demonstrate the framework’s effec-
tiveness, achieving improvements of up to 5.9%
over RPO.

1 Introduction

Large language models (LLMs) have achieved
strong performance on various commonsense
tasks (Brown et al., 2020; Team et al., 2023; Tou-
vron et al., 2023). However, their knowledge is
constrained by static parameters, making it difficult
to update rapidly (Dhuliawala et al., 2024; Huang
et al., 2025; Ji et al., 2023; Sun et al., 2024; Xu
et al., 2024b; Zhang et al., 2023). This limitation
often leads to outdated information or hallucina-
tions when tackling knowledge-intensive problems.
To address this, Retrieval-Augmented Generation
(RAG) (Lewis et al., 2020; Izacard and Grave,
2021) enhances LLMs by dynamically retrieving
relevant information from external sources to guide
the generation process. This integration of retrieved

evidence significantly improves the factual accu-
racy and reliability of the model’s outputs.

While promising, RAG remains critically depen-
dent on retrieval quality. Noisy or irrelevant docu-
ments can introduce errors that propagate directly
into the generated output, degrading its reliabil-
ity (Su et al., 2024; Li et al., 2023; Yoran et al.,
2023; Izacard and Grave, 2021). A further compli-
cation arises when retrieved information conflicts
with the model’s parametric knowledge, potentially
causing the model to over-rely on external sources
and produce hallucinations (Longpre et al., 2021;
Xu et al., 2024a). Early attempts to mitigate these
issues often involved routing mechanisms, i.e., de-
ciding whether to invoke retrieval, or perform post-
generation quality checks (Yan et al., 2024; Asai
et al., 2024; Wang et al., 2025; Xiang et al., 2024).
However, these approaches typically require aux-
iliary modules or multiple LLM calls, incurring
substantial computational overhead during both
training and inference.

Recent research has increasingly focused on en-
dowing models with the intrinsic ability to adap-
tively incorporate provided content into its reason-
ing. The recent state-of-the-art approach, Retrieval
Preference Optimization (RPO) (Yan et al., 2025),
endow LLMs with this adaptive capability through
reinforcement learning (Yan et al., 2025; Rafailov
et al., 2023). Specifically, RPO trains the model
to internally decide between two reasoning paths
when retrieved content is provided: answering di-
rectly (using only its internal knowledge) or an-
swering in a retrieval-augmented manner (incor-
porating retrieved information). This is achieved
by constructing two types of preference pairs: (1)
where a correct direct answer is preferred over
an incorrect retrieval-augmented answer, and (2)
where a correct retrieval-augmented answer is pre-
ferred over an incorrect direct answer.

While RPO effectively improves routing be-
tween direct and retrieval-augmented answering, it
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Figure 1: Analysis on the ASQA dataset, revealing that
RPO improves path routing but does not adequately
enhance within-path answering.

provides no direct supervision over answer quality
within a chosen path. Consequently, the correctness
of answers generated along that path remains in-
adequately assured. To investigate how RPO influ-
ences answer correctness along a chosen reasoning
path, we analyze the decoding probabilities—both
before and after RPO training—of a given direct an-
swer or retrieval-augmented answer from the LLM
(i.e., Llama 3 (Grattafiori et al., 2024)).

As illustrated in Figure 1, our analysis on the
ASQA dataset (Stelmakh et al., 2022) reveals that
RPO training has a limited effect on reinforcing
the model’s preference for correct answers within
a chosen path. For direct answering, the propor-
tion of positive—negative pairs in which the positive
answer received a higher probability decreased by
0.3%. Similarly, for retrieval-augmented answer-
ing, this proportion increased by only 1.4%. More
notably, the gap between positive and negative an-
swer probabilities narrowed by 40.1% for direct
answering and 41.9% for retrieval-augmented an-
swering.

These observations indicate that RPO’s perfor-
mance gains are driven more by improved routing
decisions than by enhanced answer quality on a
chosen path. An ideal model must therefore master
two aspects: optimally selecting a reasoning path
and generating reliable answers within it. Moti-
vated by this insight, we propose Joint Path-Answer
Preference Optimization (JPAPO), a novel frame-
work that jointly optimizes both path routing and
within-path answering. Specifically, we train the
model using three distinct types of preference pairs:
cross-path, direct in-path and retrieval in-path, re-
sulting in a highly scalable solution that is straight-

forward to integrate.
Our contributions can be summarized as follows:

* We identify a fundamental weakness in ex-
isting methods like RPO: the lack of super-
vision over answer quality within a chosen
path. Consequently, the quality of the final
answer is not adequately ensured, creating a
performance bottleneck.

* We propose a novel framework, JPAPO, to
uniformly address the dual challenge of path
routing and within-path answering for a LLM,
offering a simple yet effective solution that
significantly boosts LLM performance.

 Extensive experiments show that our approach
achieves significant improvements over recent
baselines. Comprehensive analyses, includ-
ing ablation studies, probability rankings and
gaps, and error analysis, further validate the
superiority of our method.

2 Related Work

2.1 Retrieval-Augmented Generation

In RAG, retrieved results may contain noise or
erroneous information and may conflict with the
model’s parametric knowledge, thus undermining
the reliability of the generated content (Longpre
etal., 2021; Xu et al., 2024a). To address this issue,
existing research has primarily focused on improv-
ing the use of retrieved information in three lines:
(1) assessing and filtering the quality of retrieved
results before generation (Lewis et al., 2020; Yan
et al., 2024; Wang et al., 2025); (2) generating mul-
tiple candidate answers based on different evidence
after generation, and obtaining the final output
through re-ranking or selection (Asai et al., 2024;
Xiang et al., 2024); and (3) introducing dynamic
decision-making mechanisms during generation,
enabling the model to adaptively select and inte-
grate retrieved information during reasoning and
decoding (Yan et al., 2025). While these meth-
ods improve performances, the first two lines often
require extra models or multiple generations, in-
creasing cost and complexity. Our work therefore
focuses on the third line, aiming to improve use
retrieved information during generation.

2.2 Preference Optimization

As an effective technique for aligning model out-
puts with desired behaviors, preference optimiza-
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Figure 2: The overview of our Joint Path-Answer Preference Optimization (JPAPO) framework.

tion has progressed significantly, evolving from ini-
tial RLHF (Ouyang et al., 2022) to more straightfor-
ward, direct loss objectives such as DPO (Rafailov
et al., 2023). RLHEF typically uses supervised
fine-tuning, then trains a reward model and op-
timizes the policy with PPO (with variants like
GRPO (Shao et al., 2024) improving stability and
efficiency). To reduce complexity and cost, DPO
removes explicit reward models and online sam-
pling by directly optimizing a preference objective,
with many extensions for robustness and control-
lability. Recently, RPO (Yan et al., 2025) extends
preference optimization to RAG. Specifically, it im-
proves robustness of RAG by adding regularization
to the preference optimization to mitigate noise
and training instability. Our method builds upon
the RPO framework of using preference pairs and
RL for RAG optimization. The key improvement
lies in enhancing within-path answering capability
through the construction of two distinct pair types:
direct in-path and retrieval in-path.

3 Task Definition

Given a question g, a retriever first fetches a set of
K relevant documents D" = {d, ..., d} from a
source corpus D. A large language model M then
produces an answer by conditioning on the tuple
(g, D). This can be formalized by the following
equation:

Z)rag = M(Qy Dr)7

where /50 18 the generated answer.

4 Method

Our approach consists of two key steps: retrieval
supervised fine-tuning (SFT) and preference opti-
mization. First, we perform SFT on a dataset of
retrieval-guided reasoning chains, which teaches
the model to ground its responses in provided evi-
dence, obtaining a strong base model. Second, we
perform preference optimization to jointly improve
the model’s path routing and within-path answer-
ing capabilities. This step leverages three distinct
types of preference pairs: cross-path, direct in-path
and retrieval in-path. An overview of our method
is illustrated in Figure 2.

4.1 Retrieval Supervised Fine-Tuning

Considering that supervised fine-tuning (SFT) pro-
vides a crucial foundation for subsequent pref-
erence optimization, our method begins by fine-
tuning the base model M using a dataset of rea-
soning chains, 7 = {(g;, a;, D}, ¢;)}?_;, in line
with InstructRAG (Wei et al., 2024). Here, for
each sample, a; is the ground-truth answer to ques-
tion ¢, and ¢; is a reasoning chain. Each chain ¢;
is produced online by prompting M to generate
a step-by-step rationale using ¢;, a; and retrieved
context D! . Training minimizes the negative log-
likelihood:

MSFT — arg H}&In E[ —log Puv(c | q, Dr)]v

where MSFT is fine-tuned model.

The resulting model, MS¥T, gains proficiency
in synthesizing retrieved evidence with the query to
produce conditioned answers. This provides a solid
retrieval-augmented basis for sequential preference
optimization.



4.2 Preference Optimization

Our preference optimization employs three distinct
pair types: cross-path, direct in-path and retrieval
in-path. This approach is designed to sufficiently
optimize both the model’s path routing and within-
path answering capabilities.

Cross-Path Preference Optimization This com-
ponent optimizes the model to choose between
direct answering (using only parametric knowl-
edge) and retrieval-augmented answering (using
D™). Following the RPO framework (Yan et al.,
2025), we construct preference pairs for train-
ing. Specifically, for a given query given query
q and retrieved context D", we prompt the SFT
model MSFT to sample both a direct answering
Jair = M3 T(¢) and a retrieval-augmented an-
swering gy = M5FT(q, D). The preferred re-
sponse ¢y is assigned to the correct pathway’s out-
put, while the dispreferred response y~ is assigned
to the incorrect one. This yields a preference pair
(y*,y™) for standard DPO training, formalized by
the objective:
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where o (-) is the sigmoid function o(2) = 1/(1 +
e~ ?), and 3 is a temperature hyperparameter con-
trolling the strength of the KL regularization. The
last term is the retrieval reward: apply a “+4” when
the retrieval-augmented answering 9, is preferred
(encouraging reliance on retrieved evidence), and
a “—” when the direct answering ¢q;; is preferred
(penalizing unnecessary or noisy retrieval).

Direct In-Path Preference Optimization Once
cross-path preference optimization is complete, we
proceed to in-path optimization to improve gener-
ation quality under the chosen path. Specifically,
this component refines the model’s answer quality
when the direct answering path is chosen. For each
question g, we sample n direct answers {ydlr fap
Using the ground-truth answer a, we score these
answers, selecting a preferred answer y* from the
correct set and a dispreferred ¥y~ from the incorrect

set to form preference pairs. The training objective
is formalized as:

where MCPPO denotes the model trained using
Cross-Path Preference Optimization.

Retrieval In-Path Preference Optimization
Similarly, this component refines the model’s an-
swer quality when the retrieval-augmented answer-
ing path is chosen. For each question ¢ and
its retrieved context DT, we sample n retrieval-
augmented answers {ym } ', to construct prefer-
ence pairs (y*,y~). The correspondlng training
objective is formalized as:

DIPPO + ‘ q D
)

(y )
max E lloga (6 log MDIPPO<y+ 0. D7)

(y" g, D)

rmrzal
where MPTPPO denotes the model trained using
Retrieval In-Path Preference Optimization.

Through these three preference optimization

strategies, the model thus becomes proficient not
only at selecting the correct reasoning path but also

at generating high-quality answers within a chosen
path.

DIPPO

DIPPO
ref

- log

4.3 Inference

At inference time, we always provide the model
with the query and retrieved evidence, i.e., (¢, D").
The model then implicitly routes between two be-
haviors: (1) direct reasoning that relies on its para-
metric knowledge, and (2) retrieval-augmented rea-
soning that incorporates D". Concretely, we de-
code a single response from M?PAPO conditioned
on (g, D"); no additional external router is used.
Formally, inference is:
grag _ MJPAPO(% Dr)’

where M?PAPO denotes the model trained using
our JPAPO framework.



S Experiment

5.1 Setup

Datasets We evaluate our method on four bench-
marks: PopQA (Mallen et al., 2023), Trivi-
aQA (Joshi et al.,, 2017), Natural Questions
(NQ) (Kwiatkowski et al., 2019) and ASQA (Stel-
makh et al., 2022). Detailed dataset statistics are
provided in Table 1. Evaluation metrics follow their
conventional definitions: for PopQA, TriviaQA,
and NQ, we use accuracy, checking if the gener-
ated text contains the correct answer. For ASQA,
we adopt the official string-based exact match (str-
em), which measures how well the output covers
all valid answers to a question’s constituent sub-
questions.

Dateset Train Test Retriever
ASQA 4353 948 GTR
PopQA 12868 1399  Contriever
NQ 79168 3610 DPR
TriviaQA 78785 11313 Contriever

Table 1: Dataset statistics and retriever configurations
for the four benchmarks.

Baselines We compare our method against the
following recent and representative baselines:

¢ InstructRAG (Wei et al., 2024) trains models
with self-synthesized reasoning instructions
via supervised fine-tuning.

* RetRobust (Lewis et al., 2020) improves ro-
bustness to noisy retrieval by fine-tuning on
a mixture of retrieval-relevant and retrieval-
irrelevant data.

¢ Self-RAG (Asai et al., 2024) is trained to out-
put special reflection tokens to control adap-
tive retrieval and generation.

* ASTUTERAG (Wang et al., 2025) performs
comparison between a LLM’s internal knowl-
edge and external retrievals to select the most
credible information for final answer.

* RPO (Yan et al., 2025) constructs prefer-
ence pairs for reinforcement learning by con-
trasting correct direct answers with incorrect
retrieval-based answers (and vice-versa).

Implementation Details To ensure a fair compar-
ison with all baselines, we adopt the same train/test
splits and retrieval configurations as InstructRAG.
We employ Contriever, DPR, and GTR as retriev-
ers, setting the context length to K = 5 paragraphs
per query. For answer sampling, we use a tempera-
ture of 0.7 and draw n = 5 samples per question.
In preference optimization, we set § = 0.1 and
initialize the reference model from the SFT check-
point. Since RPO is not publicly available, we
re-implement it based on the fine-tuned model re-
leased by InstructRAG. Our proposed method is
similarly built upon the InstructRAG framework to
maintain consistency across comparisons.

5.2 Main Results

Method ASQA PQA NQ TQA

(em) (acc) (acc) (acc)
InstructRAG  47.6 66.8 65.7 78.7
RetRobust 40.5 56.5 542 715
Self-RAG 36.9 558 428 714
ASTUTERAG - 444 522 84.1
RPO* 48.8 679 689 81.8
Ours 50.0 70.1 748 84.5

Table 2: Performance comparison on the four datasets.
RPO™ represents our reproduction within the Instruc-
tRAG framework. Results of other baselines are re-
trieved from (Wei et al., 2024).

As shown in Table 2, our method achieves supe-
rior performance over all existing baselines across
the four benchmarks. Although RPO* represents
a significant advance as the current SOTA, our
method consistently surpasses it, with a notable
5.9% accuracy improvement on NQ. The key dis-
tinction lies in the training objective: while both
approaches optimize path routing, our method ad-
ditionally employs preference pairs to supervise
answer quality within a selected path. The consis-
tent performance gap highlights that improved rout-
ing does not adequately ensure answer correctness,
revealing these two capabilities as potentially or-
thogonal. These findings confirm the effectiveness
of our framework in addressing this dual challenge.

5.3 Ablation Study

We conduct an ablation study to evaluate the con-
tribution of each component in our preference op-
timization framework, which comprises three dis-
tinct types of preference pairs: (1) CP: Cross-Path



Method ASQA PQA NQ TQA

(em) (acc) (acc) (acc)
SFT 47.6 66.8 65.7 78.7
+DIP 48.1 66.8 69.8 82.1
+DIP&RIP 49.0 682 749 84.7
+CP 48.8 679 68.8 81.8
+CP&DIP 49.2 69.1 722 833
+CP&DIP&RIP 50.0 70.1 748 845

Table 3: Ablation study of preference optimization
strategies across the four datasets.

Preference Optimization; (2) DIP: Direct In-Path
Preference Optimization; (3) RIP: Retrieval In-
Path Preference Optimization.

Ablated variants are obtained by combining dif-
ferent pairs to train the retrieval supervised fine-
tuning (SFT) model. The results are presented in
Table 3. First, progressively adding DIP and RIP to
the SFT model yields consistent performance gains
across all datasets. Although SFT is not explicitly
trained on CP, it retains some adaptive capability;
it still can benefit from the explicit quality super-
vision provided by DIP and RIP. Second, “+CP”
variant outperforms SFT, confirming the value of
optimizing the model to choose between answering
paths. Finally, performance improves consistently
as DIP and RIP are added to CP, suggesting that
the contributions of routing (CP) and within-path
quality (DIP/RIP) are complementary and largely
orthogonal. These results collectively verify the
effectiveness of our complete method.

5.4 Further Analysis
5.4.1 Performance on Different LLMs

Setting Llama Qwen DeepSeek

SFT 66.8 64.2 67.1
RPO* 67.9 68.3 68.3
Ours 70.1 68.7 69.0

Table 4: Performance of three LLM backbones on the
PopQA dataset.

Table 4 presents the performance of our method
on the PopQA dataset across three different LLM
backbones: Llama', Qwen” and DeepSeek>. Our

'https://huggingface.co/meta-llama/Meta-Llama-3-8B-
Instruct

*https://huggingface.co/Qwen/Qwen2.5-7B-Instruct

3https://huggingface.co/deepseek-ai/DeepSeek-R1-
Distill-Llama-8B

method achieves the best performance with each
backbone. Compared to RPO*, our method yields
gains of +0.4 on Qwen and +0.7 on DeepSeek,
with a larger improvement on Llama. These re-
sults demonstrate the robustness of our proposed
framework across diverse model architectures and
initializations.

5.4.2 Performance on Cross-Domain Tasks

. ASQA PQA NQ TOQA
Setting (em) (acc) (acc) (acc)
RPO* 48.8 66.5 656 764

ASQA Ours 50.0 67.0 665 773
POA RPO* 46.7 679 644 772
Ours 50.7 70.1 68.5 80.2

NQ RPO* 48.4 66.3 68.8 778
Ours 55.7 69.5 748 82.2

RPO* 49.6 659 675 81.8

TQA Ours 50.8 655 69.8 84.5

Table 5: Performance comparison between RPO* and
our method across 16 cross-domain pairs. Rows indi-
cate the training domain; columns indicate the testing
domain.

To evaluate the generalization capability of our
method, we conduct cross-domain experiments
comparing it with RPO*. In this setup, models are
trained on one dataset (source) and evaluated on
another (target), creating 16 distinct source-target
pairs from our four benchmarks.

The results are presented in Table 5. Our method
achieves superior performance over RPO* in nearly
all cross-domain pairs. This advantage indicates
that our improvements stem from enhanced model
capability rather than overfitting to the training data.
By jointly optimizing path routing and within-path
answering, our framework demonstrates stronger
robustness and superior generalization across di-
verse knowledge domains.

5.4.3 Analysis on Within-Path Answering

Probability Rankings We analyze probability
rankings to assess the model’s within-path answer-
ing capability. Specifically, for both direct and
retrieval-augmented answering, we separate sam-
pled answers into positive (correct) and negative
(incorrect) sets. Given the retrieved context, the
model is prompted to decode each answer, and we
compute its decoding probability. For a preference
pair (yT,y~) of direct (or retrieval-augmented)



Setting Method ASQA PopQA NQ TriviaQA
DIR RAG DIR RAG DIR RAG DIR RAG
SET p(yi) >p(yr) 904 466 1939 929 13126 7091 10214 4420
p(y) <ply.) 582 516 1211 840 9588 5966 7300 4113
Train RPO* p(y) >p(y.) 899 480 1973 1035 13801 8032 11322 5706
p(y) <p(y.) 587 502 1177 734 8913 5025 6192 2827
Ours p(y) > ply,) 908 512 2127 1261 16573 9751 14002 6849
p(y) <ply.) 578 470 1023 508 6141 3306 3511 1684
SFT p(yi) > p(yr) 195 78 145 89 604 326 1491 623
p(y) <ply.) 132 109 116 57 443 312 1040 680
Test RPO* p(y) > p(y,) 187 82 151 92 630 361 1612 814
p(y) <ply.) 140 105 110 54 417 277 919 489
Ours p(y) > p(yr) 189 83 154 104 702 435 1940 953
p(yi) <p(y.) 138 104 107 42 345 202 591 350

Table 6: Probability ranking results for positive—negative answer pairs on the four datasets. DIR: direct answering;

RAG: retrieval-augmented answering.

answering, a ranking of p(y;) > p(y,) indicates
the model correctly assigns higher likelihood to
the positive answer. A higher proportion of such
pairs reflects stronger within-path answering per-
formance. Table 6 presents these results on the
training and testing sets.

RPO* yields inconsistent improvements over the
SFT baseline and can even degrade probability
rankings. For example, on the ASQA test set for
direct answering, the number of correctly ranked
pairs p(y;) > p(yr) decreases from 195 to 187; a
similar drop occurs on the training set. This aligns
with the Main Results, where RPO* provides only
limited gains on ASQA and PopQA, reflecting its
weak discrimination between correct and incorrect
answers within an answering path.

In contrast, our method demonstrates consistent
and substantial improvements across all datasets
for both training and testing splits. It not only mit-
igates or reverses the regressions observed with
RPO* (e.g., on ASQA and PopQA) but also ampli-
fies gains where RPO* shows some benefit (e.g.,
on NQ and TriviaQA). For instance, on the Triv-
1aQA test set for retrieval-augmented answering,
our method improves the count of correctly ranked
pairs by 53.0% over SFT, compared to only 9.7%
for RPO*. Similarly, on the NQ training set for
direct answering, our method achieves a 26.2% in-
crease versus 5.1% for RPO*. These robust trends
across both data splits and answering modes un-

derscore the strong generalization capability of our
framework.

Probability Gap Changes we further investigate
the effect of our method and RPO* on within-path
answering by analyzing changes in the probabil-
ity margin between positive and negative answers
relative to the SFT baseline. Here, A 1 counts
pairs where this margin increases, and A | counts
pairs where it decreases. The results are shown in
Figure 7.

Across both training and testing splits, and for
both direct (DIR) and retrieval-augmented (RAG)
answering, our method consistently yields more
A 71 and fewer A | compared to RPO*. This in-
dicates a stronger tendency to widen the discrimi-
native gap between correct and incorrect answers.
Crucially, this margin-amplification pattern gen-
eralizes robustly from the training set to the test
set.

5.4.4 Error Analysis

We conduct an error analysis to examine how our
method and RPO* affect the model’s predictions.
Figure 3 presents the category transition matrices
for both approaches across the datasets.

Opverall, our method demonstrates a stronger ten-
dency than RPO* to transition samples from non-
ideal states toward the ideal C/C state, while main-
taining the stability of samples already in C/C.
Specifically: (1) for I/I samples (both answers in-



Setting Method ASQA PopQA NQ TriviaQA

DIR RAG DIR RAG DIR RAG DIR RAG

Rpor AT 890 570 2011 1132 14947 8572 12101 6012

ain Al 596 412 1139 637 7767 4485 5413 2521
Ours AT 917 668 2235 1367 17067 9790 14174 6895

Al 569 314 915 402 5647 3267 3340 1638

rpor AT 184 104 154 86 681 399 1724 875

et Al 143 8 107 60 366 239 807 428
Ours A+ 190 107 169 101 713 440 1958 962

Al 137 80 92 45 334 198 573 341

Table 7: Results of probability gap changes for positive—negative answer pairs on the four datasets. DIR: direct
answering; RAG: retrieval-augmented answering.

ASQA(SFT—RPO*) PopQA(SFT—RPO*) NQ(SFT—RPO*) TriviaQA(SFT—RPO*)

C/C Jixfl 0.01 0.02 0.10 C/Cﬁ 0.00 0.00 0.05 C/C 0.00 0.02 0.06 C/C 0.00 0.00 0.03
1 0.01 0.06 0.10 1 0.01 0.02 0.07 1 0.03 0.08 0.08 1 0.05 0.06 0.06

2 2 2 2

C1 021 029 042 0.08 C1 024 029 041 0.06 C/110.38 0.14 045 0.03 C/l 0.12 027 0.04
I/C 023 0.03 0.01 /C 0.11 0.02 0.00 /C 025 0.03 0.01 /C 037 0.03 0.01

C\C W O C\C W™ O C\C W™ O C\C Wwoooh ©

RPO* RPO* RPO* RPO*

ASQA(SFT—Ours) PopQA(SFT—Ours) NQ(SFT—Ours) TriviaQA(SFT—Ours)

C/C 0.00 0.02 0.07 C/CH0.00 0.00 0.04 C/C XLl 0.00 0.01 0.03 C/C JUXEE 0.00 0.00 0.02

1 0.04 0.07 0.11
=

s
“on 025 027 042 006

/C 029 0.04 0.01

C\C Wwoood ©

Ours

1 0.02 0.04 0.10
=

<
s C/1[044 0.09 029 0.18

C W C\\

Ours

o §©

C 0.19 0.01 0.00

1 0.12 0.09 0.10
=

—
“ cn BN 008 017 0.05

1 0.13 0.09 0.08
~

s
mC/I (UvEl 0.07 0.16 0.02

I/C 040 0.02 0.01 I/C JUREER 0.03 0.01 0.37
o W™ o Wb ©
Ours Ours

Figure 3: Category transition results of our method and RPO* across datasets. Each state is denoted as X/Y,
where X and Y indicate the correctness of the direct and retrieval-augmented answers, respectively (C : correct, I :

incorrect).

correct), our method reduces the proportion that re-
main incorrect and converts more into other states,
indicating superior error correction; (2) for C/I
samples (correct direct, incorrect retrieval), our
method promotes transitions to C/C while sup-
pressing degradation to worse states like I/1, ef-
fectively mitigating errors introduced by noisy re-
trieval; (3) for I/C samples (incorrect direct, cor-
rect retrieval), our method further encourages up-
grades to C/C demonstrating an ability to advance
from “retrieval-dependent correctness” to full relia-
bility.

6 Conclusion

This paper identifies a key limitation in retrieval
preference optimization (RPO) for open-domain

RAG: while it effectively improves path routing, it
offers limited direct supervision for answer qual-
ity within a chosen path, resulting in unstable cor-
rectness and consistency. To address this, we pro-
pose Joint Path-Answer Preference Optimization
(JPAPO), a novel framework that jointly optimizes
both path routing and within-path answering, build-
ing upon a retrieval supervised fine-tuning base.
Extensive experiments on PopQA, NaturalQues-
tions, ASQA and TriviaQA demonstrate consistent
improvements over strong baselines. These gains
are further validated through ablation studies and
in-depth analyses of probability rankings, probabil-
ity gaps and category transitions.



7 Limitations

A limitation of our method is its reliance on re-
peated sampling to construct three distinct types
of preference pairs, which increases computational
overhead. Furthermore, our evaluation has been
conducted on only four open-domain QA tasks. Fu-
ture work should assess the method’s generality
using larger backbone models and a broader range
of datasets.
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