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Abstract

Conversational Query Rewriting (CQR) aims to
rewrite ambiguous queries to achieve more effi-
cient conversational search. Early studies have
predominantly focused on the rewriting in isola-
tion, ignoring the feedback from query rewrite,
passage retrieval and response generation in the
rewriting process. To address this issue, we pro-
pose Multi-Faceted Self-Consistent Preference
Aligned CQR (MSPA-CQR). Specifically, we
first construct self-consistent preference align-
ment data from three dimensions (rewriting,
retrieval, and response) to generate more di-
verse rewritten queries. Then we propose pre-
fix guided multi-faceted direct preference opti-
mization to learn preference information from
three different dimensions. The experimental
results show that our MSPA-CQR is effective
in both in- and out-of-distribution scenarios.

1 Introduction

In Conversational Question Answering (CQA), it
is frequently challenging to respond to user queries
based exclusively on the conversational context.
Conversational search emerges as an intermediate
retrieval step, which requires the retrieval of rel-
evant passages as external knowledge to assist in
answering user queries. However, the user query
may be ambiguous, resulting in the conversational
search retrieving irrelevant passages. Consequently,
existing approaches retrieve relevant passages by
generating a decontextualized query via Conversa-
tional Query Rewriting (CQR) (Wu et al., 2022;
Mao et al., 2023b; Lai et al., 2025; Yoon et al.,
2025), which can be combined with any well-
established retriever for passage retrieval.

As shown in Figure 1, the conversational search
retrieves the relevant passage according to the
query “When was the song released?”. However, it
is important to note that the meaning of this query
cannot be understood correctly (e.g., what does
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% Dialogue Context ]
Q,: What occurred in 2012 for Cat Power? \
A;: Marshall's ninth studio album, Sun, was released in
September, 2012.

Q,: What is a single from the album?

A;: Ruin is a lead single from the album Sun.

Q;: When was the song released?

As: Marshall's ninth studio album, Sun, was released in
September, 2012, after releasing the lead single Ruin
Qa free download the previous June. /

~—{_Reformulated Query }
RQ;: When was Cat Power's song Ruin released?

)

/{ Relevant Passage | ~N
...Cat Power's version of "Have Yourself a Merry Little
Christmas” ...Marshall's ninth studio album, Sun , was
released in September, 2012, after releasing the lead
single "Ruin” as a free download the previous June....

N

Figure 1: An example of CQR. Green and blue represent
the key information for retrieval that was omitted in Q5.

“song” refer to?) if the context of the conversa-
tion is left out. The corresponding rewritten query
generated by CQR is RQs in the figure, where the
omitted keywords “Cat Power” and “Ruin” are cru-
cial for retrieval. The relevant passages that have
been retrieved will assist the conversational sys-
tem in generating the final response “...Sun, was
released in September, 2012...”.

Early studies on CQR (Lin et al., 2020; Mao
et al., 2023a; Mo et al., 2023) have utilized human-
labeled rewritten queries as the ground truth for
training. However, the models trained in this way
are unable to obtain feedback from passage re-
trieval and response generation, and they frequently
serve to enhance the readability for humans, with-
out directly benefiting retrieval processes. Only a
few studies have incorporated retrieval supervision
signals during the rewriting process (Wu et al.,
2022; Mo et al., 2023; Yoon et al., 2025). However,
they rely heavily on annotated gold passages to
construct retrieval-relevant feedback information,
which is time-consuming and labor-intensive.
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It should be noted that better-rewritten queries
should correspond to better retrieval results and
more reasonable responses. We expect the rewrit-
ten query in CQR to provide self-contained, critical
retrieval-oriented and response-oriented textual in-
formation to achieve better retrieval results, which
can benefit from different feedbacks, such as rewrit-
ing (rewritten query), retrieval (retrieved passages)
and response (answer of the query). These feed-
backs can provide information at different levels,
thereby collaborating to promote the CQR task.

The objective of rewriting is to make the in-
tent of the query as clear as possible, allowing the
rewritten query to be self-contained without rely-
ing on the context of the conversation. Therefore,
feedback on rewriting can ensure that the rewrit-
ten query contains the complete user intent with-
out ambiguous details. The feedback on retrieval
tends to ensure that the rewritten query contains
as much critical retrieval-oriented information as
possible, avoiding redundant information. This can
guide the retrieval model to focus on the crucial
content of the query, alleviating misleading effects
caused by redundant information. The feedback
on response can encourage the model to include
response-oriented information when generating the
rewritten query. Since the retrieved passages usu-
ally contain key tokens that are helpful for response
generation, this response-oriented information may
appear in the final response, thus potentially affect-
ing the final retrieval. Therefore, we are consider-
ing how to use feedbacks from rewriting, retrieval,
and response to facilitate COR.

In this paper, we propose Multi-Faceted Self-
Consistent Preference Aligned CQR (MSPA-CQR),
consisting of two stages: multi-faceted preference
data construction and prefix-guided multi-faceted
preference optimization. In the first stage, we use
LLMs to sample multiple rewritten queries in a
few-shot manner. For each rewritten query, we
retrieve relevant passages and generate correspond-
ing response. To measure the quality of different
rewrites, we designed an automated method of self-
consistency scoring for the three preferences of
rewriting, retrieval, and response to obtain their
respective feedbacks. In the second stage, we per-
form Multi-Faceted Direct Preference Optimiza-
tion (MDPO), aligning different dimensions by
adding preference types. Specifically, we add a
prefix corresponding to each preference to the in-
structions during the MDPO process, so that the
model can distinguish different preferences.

2 Related Work

Early studies on CQR relied on human-annotated
rewritten queries to fine-tune the models (Lin et al.,
2020; Wu et al., 2022; Mao et al., 2023a; Mo et al.,
2023). Specifically, Lin et al. (2020) utilized pre-
trained language models to relax the independence
assumption made when employing Maximum Like-
lihood Estimation (MLE) objectives in CQR. Wu
et al. (2022) directly optimized rewritten queries
to enhance retrieval performance. Since previous
studies were inefficient in generating tokens, Mao
et al. (2023a) selected tokens from dialogues and
employed two search-oriented objectives. Mo et al.
(2023) designed a knowledge injection mechanism
that optimized query rewriting through passage re-
trieval guidance and generated auxiliary potential
answers to assist in retrieval.

However, human annotation is costly, and
human-annotated rewritten queries often only en-
hance readability for humans, without necessarily
benefiting retrieval. Recent studies have employed
LLMs to generate rewritten queries (Ye et al., 2023;
Mao et al., 2023b; Jang et al., 2024; Mo et al., 2024;
Lai et al., 2025; Yoon et al., 2025). Specifically, Ye
et al. (2023) designed four important attributes to
be included in the instructions, and used LLM as
both query rewriters and rewrite editors. Mao et al.
(2023b) proposed a prompting framework and in-
troduced three prompting methods to use LLM for
conversational search. IterCQR (Jang et al., 2024)
trained a CQR model through the direct utilization
of information retrieval signals as rewards. Due
to the ambiguous nature of conversation history,
Mo et al. (2024) introduced LLMs to first enhance
the conversation history, and then generate rewrit-
ten queries. Lai et al. (2025) proposed aligning
rewrite models from the perspectives of term and
semantics. RETPO (Yoon et al., 2025) investigated
the potential for rewriting through the utilization
of diverse prompting techniques and performed
preference-driven optimization based on feedback
from the retriever.

Previous research only considered alignment
from the retrieval preferences and did not take into
account rewriting and response. Moreover, the con-
struction of their preference data relied on human-
annotated gold passages, which cannot be gener-
alized to unlabeled data. In contrast, MSPA-CQR
achieves self-consistent preference alignment from
three dimensions, avoiding reliance on annotated
gold passages.
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Figure 2: An overview of MSPA-CQR, including the two stages of Multi-Faceted Preference Data Construction and

Prefix-Guided Multi-Faceted Preference Optimization.

3 Methodology

3.1 Problem Formulation

Given the current query ¢ and its dialogue context
Hi—1 = {q, ai}ﬁ;%, where ¢; and a; represent the
user’s query and response in the ¢-th round, the goal
of conversational search is to retrieve the top-K
most relevant passages P = {p; }jK: , from a large
passage collection C (p; € C), which are used to
generate the response a;. Since the query ¢; may be
ambiguous, CQR is often used as an intermediate
step to rewrite q; into a rewritten query §;, making it
self-contained, and then use the rewritten query §;
for passage retrieval. This process can be formally
represented as follows:

G~ MHi-1 @ qr),

1
Pt<_0(th7C7K)7 ( )

where M(-) represents the CQR model and the
retriever 0(-) can be a sparse or dense retriever
(e.g., BM25 (Robertson et al., 2009) or ANCE
(Xiong et al., 2021)).

3.2 Overview

The proposed MSPA-CQR in Figure 2 includes two
stages: multi-faceted preference data construction
and prefix-guided multi-faceted preference opti-
mization. In the first stage, we construct preference

data under the feedback of the three preferences
of rewriting, retrieval, and response by scoring
through self-consistency. Based on the results of
consistency scoring, we then select the two sam-
ples with the highest and lowest scores as chosen
and rejected samples, respectively. According to
the multi-faceted preference data generated, in the
second stage, we add preference prefixes before the
MDPO instruction data to guide the model in learn-
ing rewritten queries under different preferences.

3.3 Motivation

The majority of previous studies exclusively fo-
cused on fine-tuning models through the utilization
of human-annotated or model-generated rewritten
queries, while only a few studies incorporated feed-
back from the retrieval preference. Nevertheless,
feedback is imperative for CQR to retrieve more rel-
evant passages and generate reasonable responses.

In this paper, we incorporate the feedback on
three preferences of rewriting, retrieval, and re-
sponse into the CQR task to combine their re-
spective strengths. Under the retrieval preference,
rewritten query tends to retain only crucial informa-
tion for retrieval while discarding redundant infor-
mation. As illustrated in Figure 2, the query with
the highest retrieval score is C'5. In Cs, not only
entity coreference is resolved but also redundant
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information presented in C' is avoided, making
it more favorable for retrieval. The feedback on
rewriting tends to make the query self-contained,
without relying on its context. In Figure 2, the
query with the highest rewriting score is C'3, and
it is a query that does not depend on the conversa-
tional context. The feedback on response prefers to
include response-oriented information in the rewrit-
ten query, such as “despite the challenges she faced
in her personal life” in C1.

3.4 Multi-Faceted Preference Data
Construction

We construct preference data around three dimen-
sions: rewriting, retrieval, and response using LLM.
Specifically, we first sample multiple candidate
rewritten queries using LLM and then develop three
different self-consistency scoring methods to score
and rank the candidate rewritten queries according
to the characteristics of the three preferences. Fi-
nally, chosen and rejected samples are obtained to
construct multi-faceted preference dataset, which
is prepared for the second stage of prefix-guided
multi-faceted preference optimization.

For each query ¢; and its dialogue context H;_1,
we first sample multiple candidate rewritten queries
RQ' = {rq¢!}X | from LLM (denoted as fr,75/) in
a few-shot manner:

rqt ~ froa(rwt,e, Hi-1, 1), 2)

where rwz’fn o stands for the ¢-th rewrite instruction
including five examples, which can be found in
Appendix A. To ensure diversity in sampling, we
randomly select different five examples as demon-
strations each time. For each rewritten query in
RQ?, we also use LLM to generate the response,
thus collecting RS? = {rst}X, as follows:

st ~ fLom(rSins, Hi—1,74}), 3)

where 75;,s represents the response generation in-
struction, which can be found in Appendix A. In
addition, for each rewritten query rg’, we retrieve
the top-100 most relevant passages, denoted as
Pt = {PIE | (IP!| = 100) as follows:

P’f A ecand(rq};, C, 100) 4)

Considering the retrieval efficiency, we use BM25
(Robertson et al., 2009) as the retriever 6., here.

A better rewritten query should correspond to
better retrieval results and a more reasonable re-
sponse. Therefore, the next step is to score the

elements in RQ' from the preferences of rewriting,
retrieval, and response. We draw inspiration from
the self-consistency strategy (Wang et al., 2023b),
which sampled different reasoning paths and then
used a majority vote as the final answer. One chal-
lenge in our scenario is that there may be multiple
reasonable and different rgf. Only considering
frequency cannot guarantee semantic consistency.
Therefore, we design different scoring methods
based on three different preferences to obtain con-
tinuous scores for measuring self-consistency. The
self-consistency score reflects feedback across dif-
ferent preferences.

In the context of rewriting and response, sen-
tences that exhibit similar semantic content tend
to demonstrate higher levels of consistency. With
respect to retrieval, the larger the intersection of
two sets of passages, the higher the consistency.
Based on the above analysis, we define the follow-
ing rewrite score RW, retrieval score RT, and
response score RP from the perspective of self-
consistency:

t 1 t t |7"q?‘
RWZ:Kfl Z NLI(T(]Z'7T(]J')+W,
JE[LK\{4} jeq,k]
1
t t t
RT=— > [PinP],
JE[L K], i#j
1
RP! = -1 Z NLI(rsZ,TS;),
JE[L K], i#j

where NLI(-) denotes an NLI model that measures
the semantic similarity, and | - | denotes the length.
For two rewritten queries and their corresponding
responses, a higher NLI-based semantic scoring in-
dicates greater textual alignment between the two
sentences. Regarding the passages retrieved by two
rewritten queries, a larger intersection of retrieved
passages suggests greater similarity in retrieval re-
sults. Notably, the rewrite score incorporates a
penalty term defined as the ratio of query length
to the maximum length among K sampled queries.
This penalty mechanism ensures that rewriting pro-
duces sufficiently comprehensive queries that func-
tion as standalone utterances containing adequate
contextual information and prevents overly concise
queries from achieving high rankings.

Based on the scores under the three preferences
above, we obtain the corresponding chosen samples
rq', and rejected samples r¢" for all preferences
as follows:

t
%

R arg min AP§7 ®))
rqt€RQ?

rqi = arg max AP
rqt€RQ?
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Figure 3: Kendall’s Tau correlation between the con-
sistency score ranking lists of different preferences on
TopiOCQA (left) and QReCC (right).

where AP € {RW,RT,RP}. For example, in
Figure 2, suppose 16 rewritten queries are sampled
for the response preference, C has the highest
score, and C1¢ has the lowest score. Hence, C'7 and
C'16 form a pair of chosen and rejected samples for
this preference. Finally, 7"qlt+ and rq' contain three
samples from the three preferences, respectively.

3.5 Prefix-Guided Multi-Faceted Preference
Optimization

We first conducted a preliminary experiment to ob-
serve the differences in preferences across three
dimensions. To analyze the preferences of query
across the three preferences of rewriting, re-
trieval, and response, we use Kendall-Tau ranking
scores (Kendall, 1938) to measure the differences
in the ranking of the scores across these three pref-
erences. The results in Figure 3 reveal significant
differences between the three preferences. Specifi-
cally, the Kendall-Tau correlation between the rank-
ings under rewriting and retrieval preferences on
TopiOCQA is only 0.36, indicating that there are
substantial differences in the query preferences.

To distinguish the three preferences, we define a
set of preference tags V ={“[REWRITE]”, “[RE-
TRIEVALY]”, “[RESPONSE]”} according to three
preferences, respectively.

Next, we collect a multi-faceted preference
dataset D = {(pri, 2%, r¢’,rq")|prt € V}_,
containing [ instances where rqi is favored over
rq' under the preference corresponding to pr.
Here, x represents the input sequence: x = pr &
ins @ H @ g, where ins denotes the query rewrite
instruction (i.e., “Please rewrite the last
query of the following conversation to
make it more complete.”), and & denotes the
concatenation operation.

Given the multi-faceted preference dataset D col-
lected above, the model needs to adaptively adjust
between different preferences based on the pre-

fix pr in order to align with different preferences.
Inspired by DPO (Rafailov et al., 2023), we pro-
pose Multi-Faceted Direct Preference Optimization
(MDPO) based on the dataset D. We add a prefix
corresponding to each preference to the instruc-
tions during the MDPO process, so that the model
can distinguish between preferences from different
dimensions. Our optimization goal for MDPO with
Dis ['MDPO:

mo(rq | pria)
et (rq | pr, @) (6)
Lypro = —Ep [log o (re(rqr) —ro(rq-))]

re(rq) = Blog

where. 729(]?7“,. x,7q) = [log % is the re-
ward implicitly defined by the language model
7y and the reference model 7.;. Compared to
vanilla DPO, our alignment process involves three
different preferences and uses the prefix tag pr to
control preference optimization in different pref-
erences. More insight on MDPO can be found in
Appendix C.

During the inference phase, for each test sam-
ple, we prepend preference tag to the instruction
data, obtaining the in-context prompt. The model
generates rewritten queries based on this prompt
with corresponding preference guidance. Finally,
we generate three queries with specific preferences,
and then concatenate them for the final retrieval.

4 Experimentation

4.1 Experimental Setup

Datasets We conducted comprehensive experi-
ments on two popular datasets (Appendix B for
details): QReCC (Anantha et al., 2021) and Topi-
OCQA (Adlakha et al., 2022).

Retrieval Systems Following prior work in the
COQR task (Jang et al., 2024; Yoon et al., 2025),
we also evaluate our MSPA-CQR using sparse and
dense retrieval systems. Sparse retrieval involves
converting passages into sparse vectors for retrieval,
while dense retrieval converts them into dense vec-
tors. BM25 (Robertson et al., 2009) and ANCE
(Xiong et al., 2021) are used for sparse and dense
retrieval, respectively.

Evaluation Metrics Following previous work (Lai
et al., 2025; Yoon et al., 2025), we used the fol-
lowing metrics (Appendix B for details): Mean
Reciprocal Rank (MRR), Normalized Discounted
Cumulative Gain (NDCG@3), and Recall@K (K
=10 or 100).
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Type System Backbone TopiOCQA QReCC
MRR NDCG R@10 R@100 MRR NDCG R@10 R@100
w/o Feedback

EDIRCS T5-base - - - - 41.2 - 62.7 90.2

LLM-Aided ChatGPT - - - - 494 46.5 67.1 88.2
in LLM4CS ChatGPT 27.9 26.4 48.4 71.1 51.6 493 75.3 92.6
g CHIQ LLaMA2-7B  25.6 23.5 44.7 - 54.3 51.9 78.5 -
8 w/ Retrieval Feedback
2 IterCQR T5-base 16.5 14.9 29.3 54.1 46.7 44.1 64.4 85.5
5 AdaCQR T5-base 28.3 26.5 48.9 71.2 55.1 52.5 76.5 93.7
& RETPO LLaMA2-7B 28.3 26.5 48.3 73.1 50.0 473 69.5 89.5

w/ Rewriting, Retrieval and Response Feedback
MSPA-CQR LLaMA2-7B  30.6 29.5 51.9 75.2 574 54.1 77.6 95.2
w/o Feedback

EDIRCS T5-base - - - - 42.1 - 65.6 85.3

LLM-Aided ChatGPT - - - - 43.5 41.3 65.6 82.3
=) LLMA4CS ChatGPT 354 34.4 55.2 722 44.7 41.8 67.2 84.0
Q CHIQ LLaMA2-7B  38.0 37.0 61.6 - 47.2 44.6 70.8 -
<Zﬂ w/ Retrieval Feedback
o IterCQR T5-base 26.3 25.1 42.6 62.0 429 40.2 65.5 84.1
::: AdaCQR T5-base 38.5 37.6 58.4 75.0 45.8 429 67.3 83.8
a RETPO LLaMA2-7B  30.0 28.9 49.6 68.7 44.0 41.1 66.7 84.6

w/ Rewriting, Retrieval and Response Feedback
MSPA-CQR LLaMA2-7B 414 39.5 63.5 77.4 48.7 45.7 72.3 87.5

Table 1: Evaluation results of various retrieval system types on the test sets of TopiOCQA and QReCC, where all
reported values of the baselines originated from their papers.

Implementation Details The calculation of NLI
scores uses all-mpnet-base-v2. Considering
efficiency factors, the model used in the sam-
pling module is Qwen2.5-32B-Instruct-AWQ.
Llama-2-7b-hf is used as backbone and trained
on LoRA (Hu et al., 2022) fine-tuning with the rank
of LoRA set to 8. Following previous work (Lai
et al., 2025; Yoon et al., 2025), we also adopted
query expansion, where the prompt used is the
same as that of response generation (as shown in
Appendix A). For each query, a pseudo response
generated by L1ama-2-7b-chat-hf is appended to
the query. More experimental details can be found
in Appendix B.

Baselines The following strong models are used as
baselines (Appendix D for details): EDIRCS (Mao
et al.,, 2023a), LLM-Aided (Ye et al., 2023),
LLMA4CS (Mao et al., 2023b), IterCQR (Jang et al.,
2024), CHIQ (Mo et al., 2024), AdaCQR (Lai et al.,
2025), RETPO (Yoon et al., 2025).

4.2 Main Results

The experimental results are shown in Table 1,
our MSPA-CQR outperforms all baselines in both
sparse and dense retrieval on almost all metrics,
and the improvements are significant with t-test at
p < 0.03 over all compared baselines (except for
R@10 on QReCC in the sparse setting). This re-

sults illustrate the effectiveness of our multi-faceted
self-consistent preference alignment for the CQR
task in conversational search.

Compared to the SOTA baselines (e.g., AdaCQR
and RETPO) that used retrieval feedback for en-
hanced rewriting (w/ Retrieval Feedback), our
MSPA-CQR has achieved significant improve-
ments. This is due to our method considering the
rewriting, retrieval, and response feedback simulta-
neously using consistent scoring methods.

For the methods without using feedback (w/o
Feedback), CHIQ achieved the best performance
on most metrics. This is due to CHIQ using rank-
ing list fusion, which integrates the ranking results
of different modules through multiple retrievals.
In contrast, our MSPA-CQR only requires one re-
trieval and outperforms CHIQ on all metrics except
R@10 on QReCC in the sparse setting.

It is worth noting that IterCQR, AdaCQR, and
RETPO used LLMs to generate rewritten queries,
distilled into a relatively small model. Different
from them, our MSPA-CQR obtains preference in-
formation from different dimensions rather than
simply allowing the model to rigidly imitate the
teacher LLM to generate a fixed rewritten query.
MSPA-CQR can steer the model towards tailor-
ing the generated rewritten queries from different
perspectives, thus achieving better performance.
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Rewrite  Retrieval Response MRR NDCG R@10 R®@100

v v v 41.4 395 63.5 77.4

v v 40.4 389 62.1 77.1

v v 40.2 385 60.5 76.6

v v 39.6 37.8 60.4 76.4

v 38.1 36.7 57.8 74.7

v 373 35.8 56.7 73.5

v 37.7 35.9 56.9 73.9

Table 2: Ablation study under the preference guidance
of rewriting, retrieval, response, and the combinations.

Compared to the baselines, MSPA-CQR has
achieved significant improvements in MRR and
NDCG. These two metrics focus on whether the
retriever places more relevant passages at higher
ranks. The improvement in these two metrics in-
dicates that the rewritten queries generated by our
MSPA-CQR can effectively capture key informa-
tion, thereby retrieving more relevant passages.
This is attributed to the process of MDPO guided
by prefix preference, where the model can distin-
guish useful information from irrelevant informa-
tion from three preferences, generating more rele-
vant rewritten queries.

We also evaluate the zero-shot generalization
capability of MSPA-CQR and the results show that
our MSPA-CQR outperforms all strong baselines
on almost all metrics (Appendix F for details).

4.3 Analysis

Preferences During the inference phase, we com-
bine rewritten queries generated under the guidance
of the three preferences. To explore the effective-
ness of each preference for retrieval, we conduct
ablation experiments and the results are shown in
Table 2. The findings reveal that utilizing one or
two preferences leads to a decline in performance.
Furthermore, the efficacy of a rewritten query cor-
responding to a single preference is found to be
less than that of rewritten queries under two pref-
erences, suggesting that preferences of the three
dimensions are complementary.

The analysis further indicates that the use of a
single type of preference, specifically the rewrite
preference, yields optimal performance, suggesting
its superior adaptability to retrieval processes. We
also note that the retrieval performance of rewritten
queries obtained from feedback under retrieval pref-
erence is the worst within these three categories,
due to the fact that the passages contain some noisy
information that does not match the intent of the
current query, which in turn interferes with the
rewriting process. In contrast, the rewrite and re-
sponse preference focus on fine-grained informa-

TopiOCQA
Variant MRR NDCG R@10 R@100
MSPA-CQR (Ours) 41.4 39.5 63.5 774
w/o. Prefix Guidance 39.2 36.8 60.7 74.3
w/o. MDPO 29.1 27.8 48.6 65.8
w/o. NLI 40.8 38.7 62.7 76.8
w/o. Query Expansion  37.4 36.3 61.6 75.8
Aggregate-RRF 40.9 39.1 62.8 76.6
GPT-40 (Stage 1) 425 40.1 64.0 78.3
Qwen3-14B (Stage 2) 42.0 40.2 64.5 71.9

Table 3: Ablation study for each component of MSPA -
CQR and different LLMs.

tion that is directly related to the current query,
providing more precise feedback relevant to user
intent.

Components To distinguish preferences along
three different dimensions, we add prefix corre-
sponding to each preference for training. To as-
sess its impact, we remove these prefixes during
the MDPO process (w/o. Prefix Guidance) and
use vanilla DPO. During inference, three rewritten
queries are obtained through three samplings for
retrieval. As shown in Table 3, removing prefer-
ence prefixes leads to a significant decrease on all
metrics. This also indicates the importance of dis-
tinguishing between the three preferences, which
is more conducive to the model capturing the char-
acteristics under different preferences.

To further understand the impact of the MDPO
process, we directly remove the entire MDPO pro-
cess (w/o. MDPO). Similarly, we sample three
times during inference and concatenate the sam-
pled rewritten queries to eliminate the impact of
sampling. As shown in Table 3, there is a more
significant decrease than “w/o. Prefix Guidance” in
all metrics. This can also explain the importance of
enabling the model to distinguish between relevant
and irrelevant information in the MDPO process.

When calculating the consistency scores for
rewriting and response, we used NLI for scoring.
Here we also tried using a majority voting method
to select samples with the most and least votes
as chosen and rejected samples (w/o. NLI). As
shown in Table 3, the majority voting is inferior
to the NLI scoring, which may be attributed to the
fact that the similarity between different rewritten
queries and responses cannot be determined solely
by surface-level consistency but requires deeper
semantic information mining.

As shown in Table 3, we tested the impact
of query expansion on model performance (w/o.
Query Expansion). Similar to observations from
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Figure 4: A comparison of the linguistic features
of rewritten queries generated under three preference
guides. “N-grams div.” refers to the diversity of n-grams
(n = 2), and “Edit dist.” refers to the Levenshtein dis-
tance.

previous related studies on CQR (Mo et al., 2024;
Lai et al., 2025; Yoon et al., 2025), query expansion
can significantly improve retrieval performance. In
addition, since our method generates queries with
multiple different preference dimensions, it can
also generate more diverse expanded answers.

Aggregate Strategy We also tried the reciprocal
rank fusion (Cormack et al., 2009) (“Aggregate-
RRF” in Table 3) to fuse queries in three dimen-
sions (Appendix E for details). Compared to direct
concatenation in MSPA-CQR, the performance of
RRF has decreased in all metrics. This may be
due to the presence of noise in the query for some
dimensions, and fusion of the retrieved results will
amplify the noisy information. Whereas, direct con-
catenation can highlight the common information
and reduce the effect of noisy information. Other
fusion strategies can be found in Appendix G.

LLMs To balance efficiency and performance,

we used Qwen2.5-32B-Instruct-AWQ when sam-
pling candidate rewritten queries. To analyze the
impact of different models on sampling, we also
tried using GPT-40-2024-08-06 for sampling. As
shown in Table 3, using GPT-40 for sampling
can improve the performance because superior
models are more conducive to obtaining high-
quality preference data for the MDPO training. We
also analyzed the effect of training a larger LLM
Qwen3-14B to generate rewritten queries (Qwen3-
14B (Stage 2)). As shown in Table 3, the perfor-
mance improved significantly, indicating that the
performance scales with the size of the parameters.
Further Analysis Please refer to Appendix G.

4.4 Qualitative Analysis of Rewritten Queries
under Three Preferences

In order to achieve a more profound comprehen-
sion of the variances in rewritten queries guided by
the three preferences, an analysis was conducted
from three linguistic perspectives: length, n-gram
diversity, and the edit distance between the original
query and the rewritten query. The edit distance is
measured using the Levenshtein distance (Leven-
shtein, 1966) . The experimental results are shown
in Figure 4.

With regard to length, it is evident that the
rewritten query under the rewrite preference is the
longest, thereby ensuring the expression is more
specific. Conversely, the query under the retrieval
preference is comparatively shorter, a phenomenon
that may be attributed to the necessity of retain-
ing key information for retrieval while discard-
ing superfluous information. Similarly, we also
found that the rewrite and response preferences
have higher n-gram diversity and greater edit dis-
tance from the original query. This finding indi-
cates that these preferences introduce additional
information, which may be more advantageous for
the final retrieval.

4.5 Intersection of Passages Retrieved under
Different Preferences

In ablation study, we found that the rewritten
queries guided by different preferences have com-
plementary effects. To further understand what
makes them complementary, we analyzed the inter-
section size of passages retrieved under different
preference guidance and the results are shown in
Figure 5. The results indicate that the intersection
sizes are consistently below 70%, suggesting the
presence of significant information gaps between
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them. These findings imply that their combination
can potentially enhance the comprehensiveness of
the retrieved information.

On the other hand, we also noticed that the inter-
section of the passages retrieved under the guidance
of the rewrite and retrieval preferences is the small-
est. In Section 4.3, we found that combining the
rewritten queries generated under the rewrite and
retrieval preferences yields the best performance
among all pairwise combinations. This indicates
that there is an information gap between different
preferences, and the greater the information gap,
the larger the complementary advantage.

4.6 Case Study and Error Analysis

To provide valuable insights for understanding the
advantages of MSPA-CQR, we provide a case study
in Table 4. Green indicates information related
to the original query’s intent, while red indicates
misleading information.

The ground truth and response preferred query
both interpret “it” as the “Ned Kelly article” that
does not appear in the context, and this caused
interference to the retrieval. The query for re-
trieval preference retains the original query without
introducing any additional auxiliary information.
We noticed that only the response preferred query
contains the key information “Kelly took refuge”.
However, due to the misleading information “Ned
Kelly article”, the key information in the query
became sparse, resulting in no relevant passage be-
ing retrieved. By integrating the preferences from
the three dimensions, the key information from the
three preferences is integrated (i.e., “‘shoemakers
shop”, “Kelly”, and “took refuge”), and thus the
gold passage is retrieved (ranked 19th among top-
100). Please refer to Appendix H for more cases.

We conducted error analysis to understand the
errors of MSPA-CQR. Taking TopiOCQA as an

Dialogue Context

Q: What did Ned Kelly do?

A: An Australian bushranger, outlaw, gang leader and
convicted police murderer.

Q: What happened after he was locked up for the night?
A: While he was escorted by four policemen, he absconded
and ran, taking refuge in a shoemaker’s shop.

Q: Did it say what happened in the shoemakers shop?

Gold Passage: On 18 September 1877 in Benalla, Kelly,
while drunk...he absconded and ran, taking refuge in a
shoemaker’s shop. The police and the shop owner tried
to handcuff him but failed...

Ground Truth: Did the Ned Kelly article say what hap-
pened to Kelly in the shoemakers shop? (Rank: 79)

Rewrite Preferred Query: Did it say what happened in
the shoemaker’s shop when Ned Kelly was there? (Rank:
Not Found)

Retrieval Preferred Query: Did it say what happened in
the shoemakers shop? (Rank: Not Found)

Response Preferred Query: Did the Ned Kelly article
say what happened in the shoemakers shop after Ned
Kelly took refuge there? (Rank: Not Found)

Rewrite+Retrieval+Response: Rank: 19

Table 4: A case study on TopiOCQA, where “Rank”
refers to the ranking of the retrieved gold passage, and
“Not Found” means that there is no gold passage in the
top-100 retrieved passages.

example, we found that among the samples where
relevant passages were not retrieved from the top-
100 passages by MSPA-CQR, 9.6% of the samples
could be retrieved by rewritten queries generated
under one of these three individual preferences of
rewriting, retrieval, or response. The samples that
could be retrieved by the three individual prefer-
ences accounted for 3.6%, 3.2%, and 4.1% respec-
tively. We found that this was due to interference
caused by errors in the rewritten queries guided by
one or two of the preferences, leading to the failure
to retrieve relevant passages. How to mitigate the
interference caused by some preferences is also a
direction worth exploring in the future.

5 Conclusion

In this paper, we propose a novel framework,
Multi-Faceted Self-Consistent Preference Aligned
CQR (MSPA-CQR), which operates along three
dimensions: rewriting, retrieval, and response. The
framework consists of two stages: multi-faceted
preference data construction and prefix-guided
multi-faceted preference optimization. Experimen-
tal results on five datasets demonstrate that MSPA-
CQR outperforms state-of-the-art baselines in both
in- and out-of-distribution scenarios.
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Limitations

Although our proposed MSPA-CQR can promote
more effective conversational search, it also has the
following three limitations. Firstly, there is still
room for optimization in the consistency scoring
of the preference data, and it is worth considering
the design of some heuristic scoring methods in
the future. Secondly, in the preference optimiza-
tion stage, we directly mix the data of the three
preferences for training. However, there may be
certain correlations between the three preferences,
and we can design some methods to promote them
mutually. Finally, we simply use DPO for pref-
erence optimization without trying other effective
alignment methods.
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A Prompt Details

The prompt used in sampling candidate rewritten
queries is as follows. “Annotated Sample” is the
sample that needs to be annotated with LLM, i.e.
“Dialogue” and “Rewritten Sentence” below. To
ensure diversity in the rewritten queries obtained
through sampling, we randomly select 5 samples
as examples each time.

Prompt used in sampling candidate rewrit-
ten queries

Please rewrite the last statement of the fol-
lowing dialogue to make it more complete.
Just provide the rewritten sentence without
any additional content.

Demonstrations:

{Five examples}

Annotated Sample:

Dialogue:

{Dialogue context}

Rewritten Sentence:

The prompt used in response generation is as fol-
lows. For each rewritten query, we use a fixed set of
5 examples as demonstrations to add to the prompt.
This is to ensure that the prompt for generating a
response to each query is consistent, avoiding the
impact of different prompts.

Prompt used in response generation

Given a question, please answer the
question in a sentence. The answer should
be as informative as possible.
Demonstrations: {Five examples}
Annotated Sample:
Question: {Candidate

query}
Answer:

rewritten

\

B Experimental Settings

Details of Datasets The specific statistical infor-
mation of the datasets is shown in Table 5. Com-
pared to QReCC, the conversations in TopiOCQA
involve many cases of topic shifts. CAsT-19 and
CAsT-20 share the same collection with 38M pas-
sages. The collection for CAsT-21 contains more
passages (40M). Since we generate three pairs of
rewritten queries with different dimensions for each
training sample, the amount of preference align-
ment data is three times the original training data

Dataset Split  #Conv. #Turns(Qry.) #Collection
. Train 3,509 45,450

ToplOCQA st 205 2,514 25M
Train 10,823 63,501

QReCC ot 2775 16,451 M

CAsT-19 Test 50 479 38M
CAST-20 Test 25 208

CAsT-21 Test 26 239 40M

Table 5: Statistics of conversational search datasets.

volume given in Table 5. For the validation set,
following previous work (Lai et al., 2025), we ex-
tracted 800 samples from the training set as the
validation set.

Details of Metrics MRR calculates the average
reciprocal rank of the first relevant passage for each
query. NDCG @3 evaluates the top-3 retrieval re-
sults by considering relevance and ranking. Re-
call@K is used to assess the system’s ability to re-
trieve relevant passages within the top-K retrieval
results. We use the pytrec_eval tool to calculate
these metrics.

Implementation Details MSPA-CQR performs
one epoch of supervised fine-tuning on the origi-
nal dataset as a warm-up, and then trains for three
epochs on the preference dataset we constructed.
During the supervised fine-tuning and preference
optimization stages, the learning rate is set to 2e-5,
with batch size and gradient accumulation steps set
to 8 and 2 respectively. We use Faiss (Johnson et al.,
2019) and Pyserini (Lin et al., 2021) for dense re-
trieval and sparse retrieval respectively. For BM25,
k1 and b are set to 0.9 and 0.4 on TopiOCQA, and
0.82 and 0.68 on QReCC, where k; controls the
non-linear term frequency normalization, and b is
the scale of the inverse document frequency.

C Insights of MDPO

From an implementation perspective, MDPO in-
deed distinguishes preference data across different
dimensions by adding preference prefixes based on
the DPO approach. However, we have improved
MDPO over DPO from both training and infer-
ence perspectives. From the training perspective,
our designed preference prefixes enable the model
to differentiate rewritten queries corresponding to
different dimensions. From the inference perspec-
tive, by defining different preference dimension pre-
fixes, the model can be guided to generate rewrit-
ten queries under various preferences. In contrast,
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CAsT-19 CAsT-20 CAsT-21
System Backbone
MRR N@3 R@10 MRR N@3 R@10 MRR N@3 R@I10

E5-Mistral Mistral-7B 622 31.3 220 154 8.4 482 325 205
HyDE ChatGPT-3.5 55.6 392 100 448 293 16.9 - - -
Query2doc ChatGPT-3.5 58.8 424 11.6 48.6 325 17.3 - - -
InstructorR ChatGPT-3.5 612 46,6 104 437 296 8.3 46.7 325 18.4
LLMA4CS ChatGPT-3.5 704 468 11.7 58.6 415 193  66.1 469 244
RepLLaMA LLaMA2-7B 624 316 10.6 268 183 104 474 327 19.6
LLM-Embedder LLaMA2-7B 633 36.6 114 252 154 8.7 46.8 312 173
CHIQ LLaMA2-7B 733 50.5 129 540 3800 193 629 465 252
AdaCQR T5-base 74.5 - 13.8  56.6 - 192 642 - 25.0
MSPA-CQR LLaMA2-7B 761 528 14.6 585 435 199 674 471 264

Table 6: Zero-shot retrieval performances under the dense retrieval (ANCE).

DPO only generates responses corresponding to a
single preference.

D Details of Baselines

The details of the baselines used in this paper are
as follows.

(1) EDIRCS (Mao et al., 2023a) simultaneously
selected tokens from the conversation history and
generated new tokens, using two search-oriented
objectives to enhance learning.

(2) LLM-Aided (Ye et al., 2023) used LLMs
as query rewriter and rewrote editors by providing
explicit instructions with four desirable properties.

(3) LLM4CS (Mao et al., 2023b) explored three
prompting strategies to generate multiple query
rewrites and hypothetical responses, which were
then aggregated.

(4) IterCQR (Jang et al., 2024) used an iterative
framework to alternate between generating candi-
date queries and optimizing the CQR model, with
information retrieval signals as rewards.

(5) RETPO (Yoon et al., 2025) reformulated
search queries based on the preferences of the target
retrieval system.

(6) AdaCQR (Lai et al., 2025) used contrastive
loss from the perspective of terms and semantics.

(7) CHIQ (Mo et al., 2024) proposed a two-step
method for query rewriting based on open-source
language models: enhancing dialogue history and
then generating search queries.

(8) RepLLaMA (Ma et al., 2024) fine-tuned the
LLaMA model, serving as both a dense retriever
and a pointwise re-ranker.

(9) E5-Mistral (Wang et al., 2024) generated
diverse synthetic data for tens of thousands of text
embedding tasks in 93 languages.

(10) LLM-Embedder (Zhang et al., 2023) inte-
grated four key retrieval capabilities: knowledge,
memory, examples, and tools.

(11) HyDE (Gao et al., 2023) decomposed dense
retrieval into two tasks: a generation task per-
formed by a language model following instruc-
tions, and a document-document similarity task
performed by a contrastive encoder.

(12) Query2doc (Wang et al., 2023a) generated
pseudo-documents by few-shot prompting LLMs,
and connected them with the original query to form
a new query.

(13) InstructorR (Ouyang et al., 2022) designed
three instructing strategies to calculate the session-
passage relevance score.

E Implementation of Reciprocal Rank
Fusion

Given the passage collection C and the retrieval re-
sults R corresponding to three dimensions, Recip-
rocal Rank Fusion (RRF) ranks documents based
on the following score,

1
RRFscore(d € C) = E ()’ (7
reER "

where k is a constant that we set to 60, and R
represents the retrieval results of three preference
dimensions.

F Zero-Shot Analysis

To test the zero-shot generalization ability of our
proposed method, we also conducted experiments
on three other datasets TREC CAsT 19-21 (Dal-
ton et al., 2020b,a, 2021). For the evaluation of
zero-shot generalization, we additionally compared
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TopiOCQA

Variant MRR NDCG R@10 R@100
MSPA-CQR (Ours) 41.4 39.5 63.5 77.4
w/o. Length Penalty Term 41.1 39.0 62.8 76.9
w/ passages 41.8 40.2 64.1 71.6
MSPA-CQR (CombGMNZ) 40.5 38.8 62.6 76.8
MSPA-CQR (Log_ISR) 40.7 39.1 62.4 76.5
MSPA-CQR (Marginal Probability of Answer) 41.1 39.2 63.8 77.6
MSPA-CQR (ColBERT) 43.6 42.1 66.2 79.8
Llama-2-7b-chat-hf (Stage 1) 39.7 37.6 61.2 75.3

Table 7: Ablation experiments of different modules in
the MSPA-CQR.

it with the following methods: RepLLaMA (Ma
et al., 2024), ES-Mistral (Wang et al., 2024), LLM-
Embedder (Zhang et al., 2023), HyDE (Gao et al.,
2023), Query2doc (Wang et al., 2023a) and Instruc-
torR (Jin et al., 2023), as mentioned in Appendix D.
The results are shown in Table 6. We directly
transfer our model trained on QReCC to these three
datasets. Compared to the baselines, our MSPA-
CQR achieves better generalization. It is worth
noting that AdaCQR uses T5-base as the backbone,
yet surpasses the baselines on ChatGPT-3.5 and
LLaMAZ2-7B. This may be because larger mod-
els are more prone to overfitting the training set,
making it difficult to generalize in zero-shot scenar-
10s. However, our MSPA-CQR not only performs
well in in-distribution cases, but its performance on
CAsT 19-21 also demonstrates that MSPA-CQR
can generalize to out-of-distribution scenarios.

G Further Analysis

G.1 Analysis on Length Penalty Term

Taking dense retrieval on TopiOCQA as an exam-
ple, we tried to remove this length penalty term.
The experimental results are shown in Table 7, the
performance on all the metrics decreases after re-
moving this length penalty term, which indicates
that the length penalty term can promote the model
to generate more complete rewritten queries, which
in turn improves the performance of retrieval.

G.2 Other Query Fusion Strategies

Due to the additional computational overhead in-
troduced by learnable fusion strategies, we used a
training-free retrieval fusion method. We also ex-
perimented with using other retrieval fusion meth-
ods, and the experimental results of dense retrieval
on TopiOCQA using CombGMNZ (Lee, 1997)
and Log_ISR (Mourdo et al., 2015) as examples
are shown in Table 7. Using CombGMNZ and
Log_ ISR both lead to a decline in retrieval per-
formance, which may be due to the fact that both

of these retrieval result level fusion methods intro-
duce noisy information retrieved by certain queries,
which interferes with the final retrieval results. Fu-
ture research can focus on optimizing model pref-
erences while allowing the model to assess the re-
liability of each dimension and integrate retrieval
results based on the assessment.

G.3 Preference Data Generation Using Other
Models

In addition to using Qwen2.5-32B-Instruct-AWQ
and GPT-40 to generate candidate rewritten
queries, we also experimented with using
Llama-2-7b-chat-hf for generation, as shown in
Table 7. It can be observed that there was a signifi-
cant decline in performance (a decrease of 2.1 on
R@100), indicating that data generated by stronger
models has higher quality and is more conducive
to aligning the model’s preferences.

G.4 Adaptation to Other Retrievers

Since we use models and retrievers for quantitative
evaluation, some biases are inevitably introduced.
However, it is noteworthy that we use Qwen?2.5-
32B-Instruct-AWQ in the data construction stage,
while the LLM chosen for the training and infer-
ence stages is LLaMA2-7B. Although they belong
to different model families, MSPA-CQR can still
achieve excellent performance. Additionally, we
use BM25 as the retriever in the data construc-
tion stage, and using ANCE, a dense model, for
retrieval in the inference stage still demonstrates
good generalization.

To further verify the generalization of MSPA-
CQR, we also used ColBERT as a retriever for
evaluation. As shown in Table 7, the performance
of MSPA-CQR achieved further improvement after
using ColBERT for retrieval (i.e., “MSPA-CQR
(ColBERT)”). Therefore, MSPA-CQR can adapt to
different retrieval systems.

G.5 Different Retrieval Feedback Methods

To verify the effectiveness of our designed
method using self-consistency scores to reflect
retrieval feedback, we also experimented using
AdaQR (Zhang et al., 2024)’s reward (i.e., marginal
probability of answer) as our feedback score for
retrieval dimensions. As shown in Table 7, the
retrieval feedback method we proposed is almost
on par with the method in AdaQR. However, the
method in AdaQR relies on annotated answers in
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Response Preference Data Construction

Given the following conversation history,
the current query, and three passages related
to the current query, please generate a re-
sponse for the current query. You only need
to output the response, please do not output
any extra content.

Conversation History: Conversation His-
tory

Current Query: Current Query

Relevant Passages:

Passage 1:

{Relevant Passage 1}

Passage 2:

{Relevant Passage 2}

Passage 3:

{Relevant Passage 3}

Response:
\_ J

Figure 6: The prompt used to construct the response
preference data based on retrieval.

the dataset, while our self-consistency scoring ap-
proach does not depend on manual annotations.

G.6 Retrieval-based Construction of
Response Preference Data

Since response generation based on retrieved pas-
sages would greatly increase the computational
resource consumption for data construction, we
adopted the approach of generating responses di-
rectly based on rewritten queries. We also evalu-
ated the strategies of response generation and pref-
erence data construction based on retrieved pas-
sages. Specifically, we retrieve the three most rele-
vant passages based on the rewritten query and add
these three passages to the prompt for the model
to generate responses. The prompt is shown in
Figure 6. As shown in the Table 7, the model per-
formance is improved after adding the retrieved pas-
sages (i.e., “w/ passages”). This is due to the fact
that the responses generated by the model based
on the retrieved passages are closer to the seman-
tics of the query, which better reflects the response
preferences and thus constructs higher quality pref-
erence data. However, the addition of retrieved
passages consumes more computational resources
for data construction, and it is worth exploring how
to balance the efficiency and effectiveness of data
construction in the future.

Response Generation ~ Sparse Retrieval ~ Dense Retrieval

TopiOCQA 0.74 0.82 0.77
QReCC 0.79 0.84 0.81
Table 8: Kendall’s Tau correlation between self-

consistency scores and downstream task performance.

—#— Dense (ANCE)
77 4 —#— Sparse (BM25)

76 -

731

721

6 7 8 9 10 11 12 13 14 15 16
Number of Candidates

Figure 7: The trend of R@100 on TopiOCQA with the
change in the number of sampled candidate rewritten
queries.

G.7 Correlation between Self-Consistency
Scores and Downstream Tasks

We measure preferences in different dimensions
through self-consistency scores, based on the as-
sumption that self-consistency is closely related to
performance on downstream tasks. To verify this
hypothesis, we measured the correlation between
the self-consistency score and downstream task
performance. For response generation, we calcu-
late the BLEU;, BLEU,, ROUGE,, and ROUGE,
scores between the generated response and ground
truth, and sum them up to measure the perfor-
mance of response generation. For sparse retrieval
and dense retrieval, we respectively sum up MRR,
NDCG@3, R@10, and R@100 to measure the per-
formance of retrieval. As shown in Table 8, the
self-consistency scores is closely related to the per-
formance of downstream tasks (all greater than
0.7), indicating that our designed self-consistency
scoring method adequately represents preferences
across various dimensions.

G.8 Number of Sampled Rewritten Queries

As shown in Figure 7, we explore the impact of the
number of sampled candidate rewritten queries in
the first phase on R@100. It can be observed that in
both sparse and dense retrieval scenarios, R@ 100
exhibits an upward trend in conjunction with an in-
crease in the number of samples. This phenomenon
can be attributed to the enhanced precision in the
calculation of consistency scores that results from
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Figure 8: The trend of MRR on TopiOCQA with the
change in the number of sampled candidate rewritten
queries.

TopiOCQA
Different Valuesof T MRR NDCG R@10 R@100

MSPA-CQR (T =10) 40.7 38.4 62.7 76.8
MSPA-CQR (T = 50) 41.6 39.8 64.1 78.2
MSPA-CQR (T =100) 414 39.5 63.5 77.4

Table 9: Analysis of setting different numbers of re-
trieved passages on TopiOCQA.

a larger sample size. Consequently, this facili-
tates the selection of higher-quality chosen and
rejected samples for the MDPO training. Addition-
ally, when the number of sampled rewritten queries
reaches a certain threshold, performance gradually
saturates. At this point, the consistency scores can
accurately reflect the sample quality under each
preference.

In addition to the trend on R@100, Figure 8
shows the MRR trend with the number of sampled
rewritten queries. It can be observed that MRR also
exhibits an upward trend as the number of sampled
rewritten queries increases. For example, in dense
retrieval, as the sample size increased from 6 to 16,
MRR is improved by 2.7.

G.9 Analysis of Passage Size in Retrieval
Preference Data Construction

We construct retrieval preference data by retriev-
ing the top-T relevant passages for each rewritten
query and measuring their intersections. We tried
setting different T values to see their impact on
model performance. As shown in the Table 9, the
performance is better when T is 50. Using either
a smaller or larger T value will lead to bias. This
is attributed to the fact that a smaller T leads to
an excessively small intersection between passages

Method ROUGE: ROUGE; BertScore
LLMA4CS 29.20 27.78 85.88
RETPO 26.01 24.39 85.74
MSPA-CQR 31.97 29.85 86.72

Table 10: Performance analysis of end-to-end question
answering using the MSPA-CQR and baseline methods.

TopiOCQA
Variant MRR NDCG R@10 R@100
MSPA-CQR (L1lama-2-7b-hf) 41.4 39.5 63.5 774
MSPA-CQR (Llama-3.1-8B-Instruct)  40.5 38.8 62.6 76.8
MSPA-CQR (Llama-3.2-3B-Instruct)  40.7 39.1 62.4 76.5

Table 11: Analysis of using different backbones in
MSPA-CQR.

retrieved by different queries, with a large portion
of intersections being empty. Conversely, a larger T
results in an excessively large intersection between
passages retrieved by queries, which also weakens
the measurement of retrieval consistency scores.
However, due to resource constraints and the subtle
effects brought by different T values, we did not
make more detailed adjustments to the value of T.

G.10 End-to-end QA Quality

CQR mainly focuses on the evaluation of retrieval
performance, as the performance of retrieval di-
rectly affects the effect of response generation. Fol-
lowing previous related research, we only report
the retrieval performance.

We evaluated the quality of question answering,
using the prompt in Figure 6. We use LLM4CS and
RETPO as baselines for comparison. As shown in
Table 10, the quality of responses generated based
on the passages retrieved by MSPA-CQR exceeds
that of previous methods, consistent with the results
observed in the retrieval performance evaluation.
This benefits from our design of three-dimensional
preferences that can guide the model to generate
more semantically comprehensive queries, retrieve
more relevant passages, and assist in enhancing the
question-answering capability.

G.11 Other LLMs as Backbones

We conducted experiments us-
ing Llama-3.1-8B-Instruct and
Llama-3.2-3B-Instruct as backbone mod-
els, with the experimental results shown in
Table 11. After using Llama-3.1-8B-Instruct, there
is a slight improvement in performance, and the
performance of Llama-3.2-3B-Instruct is almost
on par with the originally used Llama-2-7b-hf.
This indicates that MSPA-CQR can be adapted to
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TopiOCQA

Variant MRR NDCG R@10 R@100 LTewie LTreieval
MSPA-CQR 30.6 29.5 51.9 75.2 1.32 0.00079
MSPA-CQR (merge)  29.4 28.1 50.1 74.0 0.69 0.00034
RETPO 28.3 26.5 48.3 73.1 0.57 0.00031

Table 12: Analysis of the trade-off between performance
and efficiency.

Rewritten Queries Merge

q1: Why did Patsy Cline start singing de-
spite the challenges she faced in her per-
sonal life?

q2: Why did Patsy Cline start singing?

g3: Why did Patsy Cline start singing, and
what were the early influences on her ca-
reer?

Merged query ¢: What motivated Patsy
Cline to start singing and what were her
early influences, despite her personal chal-

lenges?
\_ J

Figure 9: A case of merging multiple rewritten queries
into a single query.

different models.

G.12 Latency Analysis and Solutions

In MSPA-CQR, we need to generate queries in
three dimensions. We found that on TopiOCQA
and QReCC, the average time overhead for gener-
ating three-dimensional queries per sample is 1.27s
and 1.34s respectively, which is acceptable for hu-
mans.

To further analyze the trade-off between perfor-
mance and latency, we comprehensively compared
the retrieval performance of rewritten queries, the
latency of rewriting, and the latency of retrieval.
Taking sparse retrieval on TopiOCQA as an exam-
ple, we compare the performance of MSPA-CQR
and RETPO as well as the latency in rewriting and
retrieval in Table 12. Here, LT ewrite and LT etrieval
represent the latency (in seconds) for rewriting and
retrieval respectively. Compared to rewrite latency,
retrieval latency can be negligible. The rewrite la-
tency of MSPA-CQR only increased by 0.75 com-
pared to RETPO, but we achieved a greater im-
provement in retrieval performance (an increase
of 2.1 in R@100), indicating that MSPA-CQR has
effectively balanced performance and efficiency.

We have experimented with another approach
to reduce latency. Specifically, we feed the con-
structed preference query corresponding to the

Dialogue Context

Q: What is quoll?

A: They are carnivorous marsupials.

Q: Where are they found?

A: Australia and New Guinea.

Q: Where did the latter get it’s name from?

A: UNANSWERABLE.

Q: What kind of people are seen here?

A: The island is presently populated by almost a thousand
different tribal groups.

Q: When did the aforementioned department come into
action?

Gold Passage: Department of Environment and Conserva-
tion (Western Australia) Introduction The Department of
Environment and Conservation (DEC) was a department of
the Government of Western Australia that was responsible
for implementing the state’s conservation and environment
legislation and regulations. It was formed on 1 July 2006
by the amalgamation of the Department of Environment
and the Department of Conservation and Land Manage-
ment ...

Ground Truth: When did the department of environment
and conservation (western australia) come into action?
(Rank: 1)

Rewrite Preferred Query: When did the aforementioned
department, the department of environment and conserva-
tion (western australia), come into action to protect the
quoll species? (Rank: 18)

Retrieval Preferred Query: When did the aforementioned
department come into action? (Rank: Not Found)

Response Preferred Query: When did the department
of environment and conservation (western australia) come
into action to protect quoll populations in the jarrah forest?
(Rank: 36)

Rewrite+Retrieval+Response: Rank: 4

Table 13: A case study on TopiOCQA.

three dimensions of each sample to an LLM and let
it merge the three queries to generate a more com-
prehensive and concise query. We provide such an
example in Figure 9.

Given the queries ¢, g2, and g3, we use an LLM
merge them into a single query ¢. In the direct
preference optimization phase, we only need to
train the generation of the merged query based
on the conversation history and the original query.
With this approach, in the inference phase, we only
need the model to perform a single inference pass.
As shown in Table 12, this merge-based approach
(MSPA-CQR (merge)) reduces the latency but also
reduces the performance of the model due to the
loss of some information from the original queries
during the merging process. How to balance the ef-
ficiency and effectiveness of rewriting is a direction
worth exploring in the future.
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Dialogue Context

Q: What happened in 1977 to Journey the band?

A: Journey’s album sales did not improve and Columbia
Records requested that they change their musical style and
add a frontman, with whom keyboardist Gregg Rolie could
share lead vocal duties.

Q: Why did they change their musical direction?

A: Journey hired Robert Fleischman and made the transi-
tion to a more popular style, akin to that of Foreigner and
Boston.

Q: What was Robert’s role with the band?

A: Lead singer.

Q: Did they release any new albums?

A: Journey released their fourth album, Infinity.

Q: What else did you find interesting?

Gold Passage: United Kingdom in the Eurovision Song
Contest - Wikipedia CentralNotice United Kingdom in
the Eurovision Song Contest From Wikipedia, the free
encyclopedia Jump to navigation Jump to search United
Kingdom Member station BBC National selection events
National Final Festival of British Popular Songs 1957 A
Song for Europe 1959-1963 1964—-1975 (song) ...

Ground Truth: What else did you find interesting after
Journey set on a new path with a more mainstream sound
to make their highest chart success to date? (Rank: 28)

Rewrite Preferred Query: What else did you find interest-
ing about Journey the band during their time in the 1970s
and 1980s? (Rank: Not Found)

Dialogue Context

Q: Where did the uk come in eurovision song contest?

A: The United Kingdom came in 26th place in the Eurovi-
sion Song Contest 2019.

Q: What song did the country perform?

A: The United Kingdom’s selected song for the Eurovision
Song Contest 2019 was Bigger than Us by Michael Rice.

Q: How many times has the uk participated in the contest?
A: The United Kingdom has participated in the Eurovision
Song Contest 62 times.

Q: What other countries are part of the big 5?

Retrieval Preferred Query: What else did you find inter-
esting about the band Journey besides the release of their
fourth album, Infinity? (Rank: Not Found)

Response Preferred Query: What else did you find inter-
esting about Journey the band’s 1977-1981 period? (Rank:
Not Found)

Gold Passage: United Kingdom in the Eurovision Song
Contest - Wikipedia CentralNotice United Kingdom in
the Eurovision Song Contest From Wikipedia, the free
encyclopedia Jump to navigation Jump to search United
Kingdom Member station BBC National selection events
National Final Festival of British Popular Songs 1957 A
Song for Europe 1959-1963 1964-1975 (song) ...

Rewrite+Retrieval+Response: Rank: 2

Table 14: A case study on QReCC.

H Cases of MSPA-CQR

In Tables 13, 14, and 15, we provide three cases of

MSPA-CQR on TopiOCQA and QReCC.

Ground Truth: What other countries are part of the euro-
vision song contest big 5 besides the uk? (Rank: 2)

Rewrite Preferred Query: What other countries are part
of the Big 5 in the Eurovision Song Contest? (Rank: 13)

Retrieval Preferred Query: What other countries are part
of the big 5 besides the uk? (Rank: Not Found)

Response Preferred Query: What other countries are part
of the eurovision big 5 besides the uk? (Rank: 16)

Rewrite+Retrieval+Response: Rank: 4

Table 15: A case study on QReCC.
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