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Abstract

Conversational information seeking (CIS) sys-
tems aim to model the user’s information need
within the conversational context and retrieve
the relevant information. One major approach
to modeling the conversational context aims
to rewrite the user utterance in the conversa-
tion to represent the information need inde-
pendently. In this work, we hypothesize that
breaking down the information of an utterance
into multiple queries covering different aspects
of the information need can lead to more ef-
fective retrieval performance. This is more
evident in more complex utterances that re-
quire gathering evidence from various infor-
mation sources, where a single query rewrite or
query representation cannot capture the com-
plexity of the utterance. We propose MQ4CS,
a multi-aspect query generation and retrieval
framework, which uses large language mod-
els (LLMs) to break the user utterance into mul-
tiple queries. This approach improves retrieval
performance, as most utterances benefit from
more than one rewritten query. We evaluate
MQ4CS on six widely used CIS datasets, show-
ing it outperforms state-of-the-art query rewrit-
ing methods. Using MQ4CS, we also construct
MASQ dataset, which includes multiple-aspect
queries for the six datasets. Fine-tuning the
Llama model on MASQ yields significant im-
provements. We make our code and dataset
publicly available at https://github.com/
ZahraAbbasiantaeb/MQ4CS-MASQ.git.

1 Introduction

Conversational information seeking (CIS) is a well-
established topic in information retrieval (IR) (Za-
mani et al., 2023; Aliannejadi et al., 2024b), where
a knowledge assistant interacts with the user to ful-
fill their information needs. While conversations
can be complex (Radlinski and Craswell, 2017),
involving various types of interactions such as re-
vealment and clarification, one of the main goals
of the system is to provide an answer to the user’s

Travel distance between NYU and Trento.

Travel distance between Columbia University and Trento.

Travel distance between Rutgers University and Trento.

Which one is the closest to me?

Multiple Queries

Which of the NYU, Columbia, and Rutgers 
universities is the closest to Trento?

Query Rewrite

User utterance

… NY, Rutgers or Columbia Uni. Context

Figure 1: An example conversation with a complex user
utterance. The system needs to generate three distinct
queries with different aspects and search for every query.

request. As a conversation is prolonged, several
challenges and complexities arise, such as language
dependency (e.g., anaphora, ellipsis), long conver-
sation context modeling, and more complex infor-
mation needs (Dalton et al., 2020; Owoicho et al.,
2022; Aliannejadi et al., 2024a). Much research
aims to address these issues by utterance rewrit-
ing, where the written query is aimed to resolve
language dependencies and encapsulate the context
and information complexities (Voskarides et al.,
2020; Yu et al., 2020b).

Encapsulating the complex nature of the conver-
sational information need in one single rewritten ut-
terance can lead to several limitations, especially in
cases where the query cannot be answered using a
single passage and requires complex reasoning over
multiple facts from different sources in a chain-of-
thought scenario (Aliannejadi et al., 2024a; Lyu
et al., 2023). Take the user query of Figure 1 as
an example. It is unlikely to find a passage that
has distance information about all these universi-
ties compared to the user’s address. Therefore, the
system would need to gather relevant information
from different sources (e.g., distance of each city)
and reason over the gathered evidence to generate
the final response. Existing ranking methods rely
solely on semantic similarity between a query and
a passage, without high-level reasoning or control
over the set of retrieved passages. For example,
they do not ensure that the top results contain ad-
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dress information about all three universities the
user is interested in. Therefore, there is no guaran-
tee that the passages containing different pieces of
relevant information would be ranked high.

Recent research suggests that retrieving passages
based on multiple queries can lead to improved re-
trieval performance (Mao et al., 2023a; Kostric and
Balog, 2024). Existing methods like LLM4CS,
however, focus on prompting the LLM to generate
multiple query rewrites. This would lead to generat-
ing different versions of the same query rewrite, tak-
ing advantage of the language diversity, rather than
capturing different aspects of the user’s informa-
tion need in the different queries. To the best of our
knowledge, no research has systematically studied
and analyzed the impact of breaking information
need into multiple distinct queries with different
aspects. Throughout this paper, we use the term
multi-aspect to refer to multiple distinct queries
that capture different aspects of the information
need. We hypothesize that summarizing the user’s
information need into a single query rewrite is not
effective for retrieval across many conversational
turns. As the conversations progress, the user’s
information needs evolve and grow more complex,
making a single query rewrite insufficient for re-
trieval. To test our hypothesis, in a single LLM call,
we prompt the LLM to generate 1–5 queries with
different aspects for each utterance for six major
conversational search (CS) datasets. Our goal is
to break the information need of the user into sev-
eral queries with each query covering one aspect of
the information need. Then, we use the generated
queries in the same retrieval pipeline used for a sin-
gle query rewrite. Assuming that the system knows
the optimum number of generated queries for each
user utterance based on an Oracle setting, we ob-
serve that at least more than 50% of the utterances
(see Figure 3) from TREC Interactive Knowledge
Assistance Track (iKAT) and Conversational As-
sistance Track (CAsT) datasets exhibit better per-
formance using the multi-aspect generated queries.
This verifies our hypothesis, showing that the ma-
jority of the utterances benefit from multi-aspect
query generation. Based on this, we build a new
dataset, called MASQ, consisting of multi-aspect
queries for each user utterance, together with the
optimum number of queries to represent the user
utterance.

Inspired by our findings, we propose a simple
yet effective conversational retrieval framework
based on generating multi-aspect queries, called

MQ4CS (Multi-aspect Query Generation and
Retrieval for Conversational Search). MQ4CS
takes a conversational utterance as input and
generates the maximum of given number of queries
to address the information need from multiple
aspects. It then retrieves passages for each query
and in the final step does rank list fusion to output a
single ranking. MQ4CS relies on the LLM internal
knowledge to model the user’s information need
and generate multi-aspect queries. We implement
the MQ4CS in both zero-shot and fine-tuning
settings, using our MASQ dataset for fine-tuning.

We conduct experiments on six widely used
CS datasets, namely, Text REtrieval Conference
(TREC) CAsT 19, 20, & 22, TREC iKAT 23 & 24,
and TopiOCQA (Adlakha et al., 2022). We show
that MQ4CS outperforms the SoTA query rewriting
approaches on all the datasets in terms of various
metrics. Furthermore, we study the effect of multi-
aspect query generation in various experimental
setups, such as different levels of complexity and
topic switches. We observe a higher performance
gap between MQ4CS and SoTA models as the com-
plexity of user utterance increases, demonstrating
the effectiveness of multi-aspect query generation
for complex user queries. We summarize our con-
tributions as follows:
• We propose a conversational passage retrieval

framework by leveraging the LLM’s internal
knowledge to rewrite user utterances to multi-
aspect queries and fuse their rankings.

• We show generating multi-aspect queries im-
proves retrieval for the majority of queries. To
facilitate research in this area and establish it as
a new task, we build and release a multi-aspect
query dataset, called MASQ, focusing on six ma-
jor CS datasets.

• We fine-tune the Llama model on our MASQ
dataset. We conduct extensive experiments,
showcasing the effectiveness of both fine-tuned
and zero-shot MQ4CS for conversational passage
retrieval on six major CS datasets using commer-
cial and open-source LLMs.

2 Related Work

Recently, CIS has gained significant popularity in
both IR and natural language processing (NLP)
communities (Anand et al., 2020). Similar to
knowledge-intensive dialogues (Dinan et al., 2019;
Feng et al., 2021; Li et al., 2022), a key challenge
in CIS is to model the dialogue context to better un-
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derstand the user information need and perform ef-
fective retrieval (Zamani et al., 2023). TREC CAsT
19–22 (Dalton et al., 2020) and iKAT 23 (Alianne-
jadi et al., 2024a) aim to address these challenges
through a common evaluation framework in which
complex and knowledge-intensive dialogues were
provided to participants, as well as several pas-
sage collections. The goal was to retrieve relevant
passages for each turn in a dialogue and generate
a response synthesizing several passages. TREC
CAsT 22 (Owoicho et al., 2022) advanced this
track by introducing mixed-initiative (clarifying
questions (Rao and III, 2018; Aliannejadi et al.,
2019)) and user feedback (Owoicho et al., 2023)
turns. TREC iKAT 23 focuses on the long-term
personal conversational memory of the model via
introducing a personal knowledge graph.

A line of research aims at learning to repre-
sent the dialogue context directly for passage
retrieval (Yu et al., 2020b; Hai et al., 2023), where
a distillation loss learns to map the representation
of the whole dialogue context to the gold resolved
query, hence improving the dense retrieval
performance. The INSTRUCTOR (Jin et al., 2023)
model trains the document encoder model by using
the relevance score predicted by an LLM.

Most existing methods tackle the context model-
ing problem by query rewriting where the goal is
to address the ambiguity and dependence of a user
utterance by resolving its dependencies and making
it self-contained (Voskarides et al., 2019, 2020; Lin
et al., 2021c). The rewritten query is supposed to
be a self-contained and context-independent query
that represents the user’s information need per turn.
CRDR (Qian and Dou, 2022) forms the rewritten
query with modifying the query by disambiguation
of the anaphora and ellipsis. The existing work
trains GPT2 (Yu et al., 2020a; Vakulenko et al.,
2021) and T5 (Dalton et al., 2020) models on the
CANARD dataset (Elgohary et al., 2019) to gen-
erate the rewritten query. LeCoRE (Mao et al.,
2023b) and DiSCo (Lupart et al., 2025) are exten-
sions of the SPLADE model (Formal et al., 2021)
obtained by denoising the representation of the
context. The denoising model works by distilling
knowledge from query rewrite. ConvGQR (Mo
et al., 2023) model expands the query rewrite with
potential answers. They train two separate models
for the query rewrite and answer generation. CON-
QRR (Wu et al., 2022) trains the T5 model using
reinforcement learning to generate query rewrite
based on the retrieval performance and achieves a

better performance compared to the T5QR (Raf-
fel et al., 2020) model. Ye et al. (2023) propose
using LLMs as zero- and few-shot learners in two
steps including query rewriting and rewrite editing
to form the query rewrite. LLM4CS (Mao et al.,
2023a) employs different prompting strategies and
creates multiple query rewrites and answers. The
embedding of query rewrites and answers are com-
bined using various methods and the aggregated
representation is used for retrieval. LLM4CS is
the most similar work to ours. Our work distin-
guishes itself from LLM4CS in various aspects:
(i) LLM4CS does not prompt the LLM to gener-
ate multi-aspect queries. Instead, it prompts for a
query rewrite and repeats this prompt five times to
get different generation variations, with no guar-
antee that the generated queries address different
aspects of the original query. MQ4CS, instead
prompts the LLM to break the user information
need into multiple queries by generating various
multi-aspect queries, focusing on different perspec-
tives. (ii) LLM4CS either selects one of the five
generated queries or computes the average of repre-
sentations of multiple queries for retrieval. There-
fore, the retrieval task is only done based on one
query/representation. MQ4CS, on the other hand,
aims not to miss any documents that can be re-
trieved by each single query. Therefore, it does
passage retrieval for all five queries independently
and fuses their rankings.

3 Methodology

3.1 Task Definition

Each conversation has several turns, where a turn
starts with a user utterance ui, followed by a system
response ri. The context of the conversation at turn
i is shown as ci = {(u1, r1), ..., (ui−1, ri−1)}. Dif-
ferent from other datasets, the TREC iKAT 23 &
24 datasets also include the persona of the user. The
persona is a knowledge base, consisting of a set of
statements shown as PTKB = {s1, ..., sl}. Each
statement is a natural language sentence explain-
ing the user preferences, interests, and personal
information (e.g. "I am vegan", "I plan to move to
China", "I am a photographer", "I am allergic to
lactose"). The task of passage retrieval for conver-
sational assistants is to retrieve relevant passages to
the current user utterance (ui) from the collection
D where D = {d1, ..., d|D|}. The ordered list of
retrieved passages for user utterance ui is shown as
D′

i which is a subset of D.
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Figure 2: A high-level overview of the proposed frame-
work, compared with existing models. In QR a single
query is generated by LLM and in LLM4CS, multiple
LLM calls are made to generate different query rewrites.
In MQ4CS and MQ4CSans, we generate multi-aspect
queries in a single prompt. We perform retrieval on each
query independently to avoid information loss.

3.2 MQ4CS Framework

In this section, we introduce our proposed CS
framework, called MQ4CS (Multi-aspect Query
Generation and Retrieval for Conversational
Search). In Figure 2, we show the overview of
the existing query rewriting techniques (on the
left), compared to our proposed framework (on
the right). In general, a CS framework consists
of a query rewriting module that aims to resolve
the current utterance’s dependencies and generate
a stand-alone query. The newly generated query is
used for retrieval and reranking.

Methods like LLM4CS (Mao et al., 2023a)
prompt the LLM multiple times to generate the
query rewrite, and then take the average representa-
tion of them to do the retrieval. We take a different
approach in the query rewriting phase, that is,
we prompt the LLM only once to resolve and
generate multi-aspect queries (a maximum of ϕ)
that represent the information need for the current
utterance from different aspects (see the example
in Figure 1). We leverage the internal knowledge
and reasoning capabilities of LLMs to understand
complex information need and break it into mul-
tiple queries. We then pass each query to retrieval
and reranking and fuse the final ranking list of each
query to output one single ranking for the utterance.
We describe our framework’s components below.

LLM answer. Inspired by existing work that
shows asking LLMs for explanation further im-
proves their performance (Wei et al., 2022), as well
as the work that shows that CS can be improved by

asking the LLM to generate an answer (Mao et al.,
2023a), we ask the LLM to first give a response to
the user’s utterance. Therefore, the LLM response
generator module instructs the LLM to generate
the response r′i to the user utterance given the
conversation context. The generated response in
this step could be used by the query generator as
shown in Equation 2. Our response generation
module (called AG) takes ui, ci, and PTKB (if
exists) as input and generates r′i, as below:

r′i = AG(ui, ci, PTKB) . (1)

We use the first part of the prompt in Table 4 in Ap-
pendix A, for answer generation (i.e. AG function).

Multi-aspect query generation. 5This module
takes the conversation context, user persona (if ex-
ists), and current utterance ui as input, and prompts
an LLM to generate a maximum of ϕ queries de-
noted as Qi = {qi1, ..., qiϕ} to retrieve passages
for user utterance ui. We designed two different
prompts for this module for generating multiple
queries in one single prompt. The first prompt in-
cludes the LLM response r′i as input (second part of
Table 4 in Appendix A). The other prompt directly
instructs the LLM to generate queries without giv-
ing a response (Table 5 Appendix A). Therefore,
our query generator module (QG) is as follows:

Qi = QG(r′i, ui, ci, PTKB, ϕ) , (2)

where ϕ is the number of queries to generate. We
parse the output Qi to get the list of generated
queries denoted as {qi1, ..., qiϕ}.

Retrieval and reranking. Most existing methods
follow a two-step approach for retrieval, i.e., first-
stage retrieval and reranking (Lin et al., 2021b).
We use two different setups (1) only first stage
dense retrieval and (2) first stage sparse retrieval
followed by reranking. For dense retrieval, we rely
on dense embedding vectors from ANCE (Xiong
et al., 2021) to encode rewrites, and then retrieve
the closest documents from the collection for each
rewrite. The ranked lists are then aggregated ac-
cording to the strategy. Concerning sparse retrieval,
we use BM25 from Pyserini (Lin et al., 2021a)
for first-stage retrieval (Ret) and the pre-trained
Cross-Encoder model ms-marco-MiniLM-L-6-v2
from the sentence_transformers for reranking
(ReRank). This module takes the query qik as in-
put and generates ranked list of documents (D′

k,i)
as output for each query (qik) as follows:

D′
k,i = ReRank(Ret(D, qik), q

i
k) . (3)
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Note that for dense retrieval we eliminate the
ReRank function from above equation.

Ranked list fusion. This module takes the docu-
ment ranking of each generated query as input (i.e.,
ϕ ranked lists), and produces one final ranking. We
get inspiration from the existing studies on data
fusion (Hsu and Taksa, 2005; Farah and Vander-
pooten, 2007) and propose min–max normalization
followed by round-robin rank list fusion. First, we
apply min-max normalization on each list to nor-
malize the relevance scores in the range of 0–1.
Then, we select the documents with the same rank
in each list and put them in the final ranking list
based on their scores. We start from rank 1 and
repeat the process with the second passage and so
on, while removing the duplicates. The intuition
behind repeating this process per each rank is to
give an equal attention to the documents retrieved
from various sources. We define the Fuse function
which aggregate the ϕ ranked lists (D′

1,i, ..., D
′
ϕ,i)

into one list as follows.

D′
i = Fuse(D′

1,i, ..., D
′
ϕ,i) . (4)

Model variants. We propose three variants of our
framework. They all follow the same paradigm,
with slight variations.
• MQ4CS: This is our main model that only lever-

ages the query generation (without LLM’s an-
swer) and performs ranked list fusion. This
model utilizes LLMs as zero-shot learners. The
prompt used for this model is shown in Table 5
in Appendix A.

• MQ4CS from Answer (MQ4CSans): This model
leverages the LLM response to generate queries.
Therefore it first generates r′i and then passes it
to QG module (Equation 2). This model also
performs ranked list fusion. The prompt used for
this model is shown in Table 4 in in Appendix A.
Similar to the MQ4CS model, we leverage LLMs
as zero-shot learners in this model.

• MQ4CS [FT]: This model is another version of
the MQ4CS model which uses fine-tuned LLMs
for query generation. We use the Oracle dataset
(see section 4) to fine-tune the Llama model for
the query generation task. Note that the num-
ber of queries is not provided as input, and the
model learns to generate an appropriate num-
ber of queries during fine-tuning on the Oracle
dataset.

Base LLM. We use GPT4 and GPT4o as zero-shot

1 2 3 4 5
*
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20

40

%
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rn
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CAsT 19
CAsT 20
CAsT 22
iKAT 23
iKAT 24

Figure 3: Distribution of the turns with the correspond-
ing ϕ∗. The value of ϕ∗ is selected based on nDCG@3.

learners to implement QG and AG functions. Also,
we fine-tune Llama 3.1 for QG function.

4 Preliminary Experiments &
Multi-Aspect Query Collection

In this section, we report the results of our prelimi-
nary experiments and describe how we collect our
novel multi-aspect query datasets, called MASQ,
that we use for LLM fine-tuning.

Motivation for Oracle. As argued earlier, despite
the long-standing research on search result diver-
sification (Santos et al., 2015), retrieval and re-
ranking models, at their current design fail to plan
and strategize their ranking. In other words, if we
take the example of Figure 1, no retrieval system
would ensure that the top-K results have distance in-
formation of the three cities mentioned in the query.
Therefore, we hypothesize that we could leverage
LLMs to break down complex queries into multi-
aspect queries, using each we can retrieve docu-
ments that address those aspects independently. To
test our hypothesis, we conduct a preliminary ex-
periment based on Oracle query generation model.

In our preliminary experiments, we realized that
LLMs are not effective in determining the best ϕ
value and always tend to generate the maximum
number of queries instructed in the prompt. While,
each user utterance needs a different number of
queries depending on the complexity of the infor-
mation need and the retrieval model. Consequently,
while MQ4CS can generate multi-aspect queries in
a zero-shot setting, it still needs to have the best ϕ
for each query as input. Therefore, we determine
the best ϕ using the performance of the retrieval
model with different values of ϕ for every single
query. Formally, we define ϕ∗

i as follows:

ϕ∗
i = argmax

ϕ∈{1,...,5}
eval(MQ4CS(ui, ci, PTKB, ϕ))

where ϕ∗
i denotes the best value of ϕ for turn i

and MQ4CS represents our end-to-end framework
which given the user utterance, context, and per-
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Table 1: Performance of the Oracle experiments compared to Human-resolved utterances (HumanQR) using Sparse
retrieval (BM25) with re-ranking.

Method CAsT 20 CAsT 22 CAsT 19

nDCG@3 R@100 MRR nDCG@3 R@100 MRR nDCG@3 R@100 MRR
HumanQR 50.5 61.8 66.8 41.3 37.6 60.4 - - -

Oracle MQ4CSans 63.6 71.9 79.3 55.6 43.7 79.9 68.7 68.9 88.5
Oracle MQ4CS 66.0 67.8 83.7 53.7 44.9 75.7 67.8 70.8 84.4

Method iKAT 23 iKAT 24 TopiOCQA

nDCG@3 R@100 MRR nDCG@3 R@100 MRR MAP R@100 MRR

HumanQR 30.7 35.8 43.3 43.7 32.7 62.3 - - -

Oracle MQ4CSans 40.6 37.6 57.5 61.2 43.4 83.9 58.6 91.0 58.6
Oracle MQ4CS 37.7 36.0 56.4 59.6 43.5 81.3 59.4 91.9 59.4

sona, returns the ranked list of documents. The
eval shows the evaluation function which evalu-
ates the retrieval performance. The performance of
the Oracle model is considered as the upper bound
because in this setting, for each user utterance, we
issue a different prompt with the given ϕ.

Oracle Experiments. We report the results of
our Oracle experiment in Table 1. Compared
to the human (HumanQR baseline), we observe
a massive improvement in the retrieval (up to
45%) in terms of all metrics, for all the datasets.
These results show the necessity of using multiple
queries with different aspects rather than using a
single comprehensive query rewrite for improving
the retrieval. To further understand the effect of
multi-aspect query generation on retrieval, we
compare the ϕ∗ values of all the conversational
turns and plot the results in Figure 3. In this figure,
we can see what percentage of the utterances
are too complex to be addressed with one query
rewrite. Note that we exclude turns with ϕ∗ = 1
while the performance of the model is 0.0 for them.
According to Figure 3, more than 55% of iKAT
and CAsT 22 datasets’ turns need more than one
query to achieve higher nDCG@3.

Moreover, the average of ϕ∗ of iKAT 23, CAsT
22, CAsT 20, and TopiOCQA are as follows: 2.37,
2.12, 1.96, and 1.29. This finding indicates that
the TREC datasets include more complex user ut-
terances compared to the TopiOCQA dataset. Al-
though TopiOCQA features various topic shifts, the
TREC datasets present more complexity as they
also have various topic shifts in each dialog, as
well as complex information needs (Dalton et al.,
2020). This demonstrates that retrieval and ranking
models do not learn to diversify the ranked results
to generate a complete answer in a RAG setting.

Multi-Aspect Query Collection (MASQ). Our
Oracle experiments prove that there is a large room

for improvement both in the retrieval and query
rewriting phases. Therefore, we use the data and
labels we collect in this stage as training data to
learn the task of multi-aspect query generation. We
call our novel dataset MASQ. MASQ includes (i)
the queries generated using values of 1–5 for ϕ
using both MQ4CS and MQ4CSans frameworks;
(ii) the value of ϕ∗ for each user utterance, as well
as the retrieval performance for each value of ϕ;
(iii) over the test set of TREC CAsT 19, 20, &
22, TREC iKAT 23 & 24, and TopiOCQA datasets.
MASQ can be used to learn the optimum number of
queries to be generated (i.e., ϕ∗), as well as to train
smaller models for multi-aspect query generation.
The statistics of MASQ is shown in Table 7 in
Appendix B.

5 Results and Discussions

The detailed experimental setup, including descrip-
tions of baselines, datasets, evaluation metrics, and
hyperparameters, is provided in Appendix C.

Performance comparison. We report the per-
formance of our proposed models based on zero-
shot LLM (using a fixed value of ϕ = 3), fine-
tuning LLM, and the baselines in Table 2. We
report the results using dense retrieval in Tables 9
and 10 in Appendix D. We observe that our zero-
shot MQ4CS and its variants based on sparse re-
trieval + reranking outperform the SOTA model
(i.e., LLM4CS) by a large margin using both dense
retrieval and sparse retrieval + reranking. This ob-
servation demonstrates the effectiveness of multi-
aspect query generation. Note that our zero-shot
model is sub-optimal as uses a constant value of
ϕ = 3 for all turns and we know the LLMs cannot
always determine the efficient number of queries
for retrieval. The better performance of zero-shot
MQ4CS compared to the LLM4CS baseline indi-
cates (i) the importance of our proposed retrieval

8206



Table 2: Performance of sparse retrieval (BM25) with re-ranking and dense retrieval. The best results are shown
bold and the best result outperforming human is shown with underline. We use ϕ = 3 for MQ4CS and MQ4CSans
models. Results that are significantly better than the GPT4QR baseline after Bonferroni correction (p < 0.00417
and p < 0.00555 for TREC and TopiOCQA datasets, respectively) are marked with †.

Method LLM CAsT 20 CAsT 22 CAsT 19

nDCG@3 R@100 MRR nDCG@3 R@100 MRR nDCG@3 R@100 MRR
T5QR - 38.7 45.6 53.1 30.2 23.9 45.5 56.5 59.8 74.6
ConvGQR - 35.7 47.7 49.4 25.0 22.1 41.0 50.2 53.6 67.5
LLM4CS GPT4 38.7 51.1 54.5 27.5 30.0 45.3 52.2 55.8 72.7
LlamaQR Llama 3.1 36.3 49.3 51.4 30.8 27.3 49.0 - - -
GPT4QR GPT4 46.8 55.2 61.5 34.8 30.1 52.2 56.5 62.0 73.8

HumanQR 50.5 61.8 66.8 41.3 37.6 60.4 - - -

MQ4CSans GPT4 43.6 59.5 75.3 36.1 31.3 69.2 45.3 59.9 71.4
MQ4CS GPT4 44.8 64.8 64.3 35.9 36.3 59.8 52.6 64.1 75.8
MQ4CS [FT] Llama 3.1 42.6 62.0 61.9 34.1 32.3 55.5 52.1 59.5 70.9

Method LLM iKAT 23 iKAT 24 TopiOCQA

nDCG@3 R@100 MRR nDCG@3 R@100 MRR MAP R@10 R@100 MRR
T5QR - 14.1 13.8 23.9 23.5 19.8 34.9 33.5 50.2 62.5 33.5
ConvGQR - 14.7 13.9 21.9 24.1 19.3 35.6 31.1 49.0 63.2 31.1
LLM4CS GPT4 10.5 14.5 16.5 14.9 17.8 25.8 36.8 57.1 75.9 36.8
LlamaQR Llama 3.1 9.6 14.2 16.0 - - - - - - -
GPT4QR GPT4 21.9 22.1 34.6 45.4 34.3 66.2 45.4 66.9 80.9 45.4

HumanQR 30.7 35.8 43.3 43.7 32.7 62.3 - - - -

MQ4CSans GPT4 24.8† 29.1† 41.2† 44.8 35.9 65.5 46.7 70.6 87.0 46.7
MQ4CS GPT4 22.0 27.2 39.1 46.6 35.0 69.2 47.5† 72.6† 87.8† 47.5†
MQ4CS [FT] Llama 3.1 14.6 14.8 24.1 30.0 31.1 52.5 41.4 67.2 79.6 41.4

framework i.e., doing retrieval using each query
separately and fusing the retrieved passages, and
(ii) the effectiveness of the generated multi-aspect
queries to cover more diverse aspects from infor-
mation need of the user.

It is worth noting that our proposed GPT-based
query rewriting baseline, GPT4QR, outperforms
the SoTA baseline (LLM4CS). Unlike LLM4CS,
which requires multiple LLM calls and employs
a more complex method to aggregate the gener-
ated queries, GPT4QR achieves superior perfor-
mance with just a single LLM call. Comparing
our zero-shot MQ4CS model with GPT4QR, we
observe that using sparse retrieval + reranking, the
MQ4CS outperforms GPT4QR over all metrics for
iKAT 23 & 24, CAsT 22 and TopiOCQA datasets.
Also, it outperforms the CAsT 19 & 20 datasets
over R@100 and MRR metrics. Our zero-shot
MQ4CS model achieves more improvement over
Recall@100 compared to nDCG@3 metric. For
example, it improves the Recall@100 compared to
the best baseline (i.e., GPT4QR) 9.6%, 6.2%, 5.1%,
and 7.8 % on CAsT 20 & 22, iKAT 23, and Top-
iOCQA datasets, respectively. Hence, the gener-
ated queries cover more aspects of the information
need and MQ4CS retrieves passages from various
sources of information.

Neither MQ4CS nor MQ4CSans consistently out-
performs the other. This indicates that generating
multi-aspect queries using LLM responses is not
inherently better than directly prompting the LLM

to produce multi-aspect queries. However, MQ4CS
is more efficient as it requires only a single LLM
call, whereas MQ4CSans involves two LLM calls.

According to Table 10 in Appendix D, our pro-
posed zero-shot MQ4CS framework demonstrates
significant improvements compared to LLM4CS
over iKAT 23 & 24, CAsT 22, and TopiOCQA
datasets (using either dense retrieval or sparse re-
trieval + reranking). These datasets have longer
conversations compared to CAsT 19 & 20 datasets
(see Table 8 in Appendix B). The iKAT datasets in-
clude more complex information needs and persona
of the user and the TopiOCQA dataset includes
conversations that exhibit topic shifts. The results
show that zero-shot MQ4CS framework with a con-
stant value of ϕ is more effective for such complex
datasets which require reasoning over longer con-
text and persona of the user. On the other hand, the
zero-shot MQ4CS framework does not outperform
the existing baselines on CAsT 19. The queries
in CAsT 19 are much simpler compared to other
CAsT datasets and do not include gold responses.
As a result, the model only needs to reason over pre-
vious user queries (instead of previous user queries
and system responses) to understand the current
information need. This suggests that using a fixed
value of ϕ is less effective for handling such sim-
pler queries.

Fine-tuned MQ4CS. We fine-tune the Llama
model to generate multi-aspect queries using our
MASQ dataset (i.e., MQ4CS [FT]). According to
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Figure 4: Performance of MQ4CS and baselines on
TopiOCQA, over the turns with and without topic shift.

the Table 2, our MQ4CS [FT] model with sparse
retrieval + reranking outperforms the LLM4CS
model over CAsT 20 & 22, iKAT 23 & 24, and
TopiOCQA datasets over all metrics while it uses
Llama model with 8B parameters and LLM4CS
uses much larger and stronger commercial LLM
(i.e., GPT4).

Effect of topic shift. In this experiment, we look
at the TopiOCQA dialogues and study the perfor-
mance of the models on the turns with and with-
out a topic shift, as defined in the original dataset.
Topic shift happens when the conversation changes
focus from one topic to another. Figure 4 shows
the performance in Recall@100 broken by the
turn type (i.e., with or without topic shift). Look-
ing at the three baselines (T5QR, LLM4CS, and
GPT4QR), we see that they all perform better on
the turns without a topic shift. These topics are
presumably simpler; therefore, it is not surpris-
ing to see the higher performance. Surprisingly,
MQ4CS demonstrates a different trend, where the
performance of turns of the two groups is almost
the same, demonstrating the power of multi-aspect
query generation in tackling more complex dialog
turns with topic shifts. MQ4CS has a more robust
performance over turns with or without topic shift.

Effect of query complexity. We define the
utterances with ϕ∗ = 1 as easy, and ϕ∗ > 1 as
complex utterances. We report the performance of
our proposed models and baselines over easy and
complex turns in Figure 5. As shown in the figure,
our proposed zero-shot MQ4CS model (with a
constant value of ϕ = 3) outperforms the baseline
models on complex turns. However, it is not as
good as the best baseline (i.e., GPT4QR) on easy
turns. This indicates that even though selecting
a fixed value of ϕ can improve the performance
over complex turns, it is not optimal for easy
turns. Interestingly, the fine-tuned version of our
proposed model (i.e., MQ4CS [FT]), is performing
better than LLM4CS over both complex and easy

turns on all datasets (except complex turns of
CAsT 19). This shows the effectiveness of MASQ
dataset where a smaller open-source LLM can
learn to generate more effective queries compared
to LLM4CS, which leverages commercial LLM.
Moreover, looking at the performance of the
models on easy turns, we observe that our MQ4CS
approach is outperforming the LLM4CS on all
datasets except CAsT 19 and is outperforming the
GPT4QR baseline on TopiOCQA dataset. This
finding indicates that the zero-shot MQ4CS model
(with a constant value of ϕ = 3) is capable of
generating more effective queries for simple turns
compared to the LLM4CS baseline. Also, the
queries generated by our model for easy turns are
more effective than the single query generated by
GPT4QR baseline for TopiOCQA. However, we
know that the single query generated by zero-shot
MQ4CS in the Oracle setting (i.e., ϕ∗ = 1), is
even more effective than the zero-shot MQ4CS
model with a constant value of ϕ = 3 for the
simple turns. Note that for the zero-shot MQ4CS
model with a constant value of ϕ = 3, the model
can generate between 1–3 queries. In addition,
according to Table 9 in Appendix D, our MQ4CS
model outperforms the best baseline model (i.e.,
GPT4QR) over all metrics on all datasets except
nDCG@3 for CAsT 19 & 20. This is in line with
Figure 3, where we show 44% of the turns of CAsT
19 & 20 only require one query. So, considering a
constant value of ϕ for datasets with less complex
user utterances is sub-optimal. Nevertheless,
our Oracle model significantly outperforms the
baselines and even human-resolved utterances,
reiterating the need for a flexible ϕ selection policy.

Aspect diversity. To assess whether the gener-
ated queries cover multiple aspects and how they
compare to LLM4CS, we conduct both human
evaluation study using Amazon Mechanical Turk
(AMT) and automatic evaluations. In the study, we
asked human assessors to do a pairwise comparison
of LLM4CS- and MQ4CS- generated queries and
compare them in terms of diversity (i.e., “Which
set of queries cover more aspects of the original
query?”). We show the five queries generated by
zero-shot MQ4CS and the five queries generated
by LLM4CS to the annotators. We asked four hu-
man annotators to assess each turn and decide the
winner by the number of annotators who favored
each system (e.g., 3 annotators chose MQ4CS vs.
1 annotator chose LLM4CS, making MQ4CS the
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Figure 5: A comparison between retrieval performance
of MQ4CS and baselines over complex and easy turns.

winner). We ran the human annotation on all con-
versational turns of iKAT 23, and reported the re-
sults in Table 11 in Appendix E. As can be seen, in
∼45% of them MQ4CS wins the LLM4CS by gen-
erating more diverse queries, as well as ∼28% ties,
confirming that our MQ4CS leads to more diverse,
multi-aspect queries. We provide further details
about our human evaluation study in Appendix E.

To further assess the diversity of the generated
queries, we compute the pairwise cosine similarity
between their embeddings, using the all-MiniLM-
L6-v2 model. This is done for each conversation
turn, and the average similarity across all query
pairs is then calculated. In addition, we assess re-
trieval diversity by calculating the percentage of
unique passages among the top 10 retrieved by dif-
ferent queries for the same turn. We then average
this percentage across all turns. We present these
statistics in Table 3. As shown, the query similarity
scores for the iKAT 23 & 24 and CAsT 22 datasets
are notably lower than those for the other datasets,
indicating higher diversity. In contrast, the diver-
sity for CAsT 19 & 20 and TopiOCQA appears
to be moderate. Furthermore, for iKAT 23 & 24
and CAsT 22 over 87% of the passages retrieved
by different queries are unique, indicating a high
degree of ranking diversity.

Rank list fusion. To assess the effectiveness of
our fusion strategy, we evaluate min-max normal-
ization followed by round robin against two es-

Table 3: Percentage of unique passages (U) retrieved
and semantic similarity (S) between multi-aspect
queries across all datasets. Higher U and lower S indi-
cate greater diversity.

iKAT 24 iKAT 23 CAsT 22 CAsT 20 CAsT 19 TopiOCQA

U(↑) 89.1 90.6 87.6 77.3 75.3 68.2
S(↓) 0.713 0.707 0.731 0.811 0.802 0.799

tablished rank fusion methods, namely Maximal
Marginal Relevance (MMR) (Zheng and Fang,
2011) and Reciprocal Rank Fusion (RRF) (Cor-
mack et al., 2009). The comparison is conducted
using the MQ4CS model with identical experimen-
tal configurations. The results reported in Tables 12
and 13 in Appendix F, show that our method
achieves superior performance in most cases, in-
dicating that min–max normalization followed by
round-robin selection provides a more effective
mechanism for rank list fusion than the considered
baselines.

Latency. We analyze the query generation and
retrieval latency of our method and compare it
with baseline approaches such as LLM4CS and
GPT4QR. Our analysis shows that MQ4CS model
achieve higher retrieval quality than LLM4CS
while maintaining similar or lower retrieval latency
and comparable generation cost. GPT4QR has
slightly lower retrieval latency, but its generation
cost is similar to MQ4CS. MQ4CS [FT] provides
strong performance at zero additional cost, with
lower retrieval latency than LLM4CS, demonstrat-
ing an efficient and effective trade-off between la-
tency, cost, and quality. Full latency statistics, setup
details, and hardware specifications are provided
in Appendix G.

6 Conclusion

We study the effectiveness of using multi-aspect
queries to enhance the retrieval for complex user
queries in CS. We propose a retrieval framework
that leverages an LLM to generate multi-aspect
queries in the same LLM call and fuse their corre-
sponding ranked lists. We show the effectiveness of
our proposed models over complex user utterances.
We release MASQ dataset, which includes the gen-
erated queries and the values of ϕ∗ for each turn of
the conversation to foster research in this area. Our
proposed method, while being more effective than
the SoTA LLM4CS, outperforms it significantly on
all the datasets. We release MASQ dataset, which
includes the generated queries and the values of ϕ∗

per each turn of the conversation to foster research
in this area.
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7 Limitations

We propose to generate and use multi-aspect
queries to enhance retrieval for complex user ut-
terances. We rely on the intrinsic knowledge of
LLMs to do reasoning and generate the multi-
aspect queries. We observe that without fine-tuning,
LLMs cannot determine the efficient number of
multi-aspect queries for each user utterance based
on its complexity. This is because of the gap be-
tween retrieval and query generation. We did not
study other biases of different LLMs on query gen-
eration and response generation. When generating
multi-aspect queries per utterance (up to ϕ = 3), re-
trieval latency can increase. However, the retrieval
pipeline can be done in parallel, without extra cost
compared to one query rewrite.

8 Ethical considerations

Stressing the need to study and measure biases in
Language Models (LLMs) when generating data,
we think it could cause unexpected ethical issues.
Consequently, we need to study the potential biases
that exist in the data and formalize their impact on
the final output of the model. While in this study,
we propose to use the answers and queries gener-
ated by LLMs for retrieval models, we think these
methods should be used carefully in real-world
retrieval systems, and designers should consider
these biases.
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A Prompts

We provide the prompts used for different modules
in our proposed framework in this section. The
sentences in purple in the prompts are only used
for TREC iKAT datasets.

Table 4: The prompt designed for (1) Initial Answer
Generation (AG) and (2) Query Generation (QG) in
MQ4CSans model variant. The sentences in purple are
only used for iKAT datasets. The variables inside {
} indicate the place holders for input. The r′i and Qi

variables indicate the output generated by LLM.

(1) # Instruction: I will give you a conversation between a
user and a system. Also, I will give you some background
information about the user. You should answer the last
question of the user. Please remember that your answer to
the last question of the user shouldn’t be more than 200
words.
# Background knowledge: {PTKB}
# Context: {ci}
# User question: {ui}
# Response: r′i

(2) # Imagine you want to retrieve your previous answer by
searching Google. You should generate the unique search
queries that you need to search in Google. Each query
should cover one aspect of your answer. (Please write
each query in one line and don’t generate more than {ϕ}
queries)
# Generated queries: Qi

Table 5: The prompt designed for QG function in
MQ4CS model variant.

# Instruction: I will give you a conversation between a
user and a system. Also, I will give you some background
information about the user. Imagine you want to find the
answer to the last user question by searching Google. You
should generate the unique search queries that you need to
search in Google. Each query should cover one aspect of
your answer. Please don’t generate more than {ϕ} queries
and write each query in one line.
# Background knowledge: {PTKB}
# Context: {ci}
# User question: {ui}
# Generated queries: Qi

B MASQ dataset

We provide the statistics of the MASQ dataset in
Table 7. The total number of Oracle queries as well
as the average value of ϕ∗ for different datasets in
shown. The statistics of the datasets that we use
are provided in Table 8.

C Experimental Setup

We explain our baselines, the datasets, metrics,
and hyper-parameters in the following. Compared

methods. We compare our proposed models to six
strong query rewriting (QR) baselines including

Table 6: The prompt designed for LLMQR using GPT4
and Llama models as a zero-shot learner.

# Instruction:I will give you a conversation between a
user and a system. Also, I will give you some background
information about the user. You should rewrite the last
question of the user into a self-contained query.
# Background knowledge: {PTKB}
# Context: {ci}
# Please rewrite the following user question: {ui}
# Re-written query:

Table 7: Statistics of the MASQ dataset.

Dataset # turns # queries Avg. ϕ∗

TREC CAsT 19 173 234 1.353
TREC CAsT 20 208 334 1.606
TREC CAsT 22 165 279 1.691
TREC iKAT 23 133 270 2.030
TREC iKAT 24 116 184 1.586
TopiOCQA 2514 4868 1.936

(1) ConvGQR (Mo et al., 2023) a pre-trained
model for expanding the query rewrite with a
potential answer; (2) T5QR (Lin et al., 2020) a
T5-based query rewriting model which is trained
on CANARD dataset; (3) GPT4QR, using GPT4
as a zero-shot learner for query rewriting based
on the prompt shown in Table 6; (4) LlamaQR,
zero-shot prompting the Llama for query rewriting
using the same prompt (Table 6); (5) HumanQR,
using the resolved-utterance by human; and (6)
LLM4CS (Mao et al., 2023a), an LLM-based
multiple query rewrite generation method. To
ensure a fair comparison, we use the same retrieval
and reranking pipeline for all baselines and our pro-
posed methods. We reproduce the LLM4CS model,
using the same LLM we use for our proposed
model (i.e., GPT4) to ensure a fair comparison.
We use RAR with mean aggregation and with
N = 5 to generate LLM4CS queries for dense
retrieval.1 For sparse retrieval, we use Max-Prob
strategy and concat the response to the query. For
the ConvGQR model, we use the code released
by authors to fine-tune the model on the QReCC
dataset (Anantha et al., 2021). We use the T5QR

1The exact experimental setup they used for reporting the
results in the main table of their paper.

Table 8: The statistics of the CS datasets.

Dataset # conv. # turns conv. length
TREC CAsT 19 20 173 8.65
TREC CAsT 20 25 216 8.6
TREC CAsT 22 18 205 11.39
TREC iKAT 23 13 176 13.04
TREC iKAT 24 17 116 12.82
TopiOCQA 205 2,514 12
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model available on HuggingFace.2We append the
persona of the user (in iKAT 23 and 24 datasets) to
the context of the conversation for baseline models.

Hyper-parameters. For the first-stage retrieval we
employ the BM25 model from Pyserini (Lin et al.,
2021a) using the default values for the parame-
ters. For the reranker, we use the pre-trained Cross-
Encoder model ms-marco-MiniLM-L-6-v2 from
the sentence_transformers library with a max-
imum length of 512. In MQ4CSans and MQ4CS
approaches we take the top 100 passages returned
by BM25 and pass them to reranker. In other base-
lines, we rerank the top 100 passages returned
by BM25. We use Llama-3.1-8B-Instruct with
the following parameters: top_k=10, top_p=0.9,
temperature=0.75 for LlamaQR method. For
dense retrieval, we use ANCE 3 (Xiong et al.,
2021) combined with FAISS (Douze et al., 2024)
for nearest neighbor search. The lengths of the
query, response, flat concatenation, and passage
are truncated into 64, 256, 512, and 384, respec-
tively, following (Mo et al., 2024). We conduct
our experiments on a single A6000 GPU with 32
GB RAM. We use the GPT4 model as a zero-shot
learner using the default values of parameters for all
approaches. We use GPT4o model for TopiOCQA
dataset. We fine-tune the Llama (Llama-3.1-8B-
Instruct) model using parameter efficient fine
tuning (PEFT) model, 4-bit QLoRA (Dettmers
et al., 2023). We fine-tuned the model for 5 epochs
using lr=2e-4, alpha=16, and attention=16. For
TREC iKAT and TREC CAsT datasets, we use the
Oracle dataset from other years as training data.
For TopiOCQA dataset, we create the Oracle set
on a random sample of 5000 user utterances from
train set of TopiOCQA.

Dataset. We report the results on TopiOCQA,
TREC iKAT 23 & 24, TREC CAsT 19, 20, &
22 datasets. We did not experiment on CAsT 21
dataset because it has a document-level evaluation
rather than passage-level evaluation. The statistics
of these datasets are shown in Table 8. The Top-
iOCQA is a large-size open-domain conversational
dataset that incorporates topic shifts and is based
on Wikipedia (Adlakha et al., 2022). The TREC
iKAT 23 & 24 datasets are one of the few datasets
that features complex dialogues and persona of the
user where single-query rewriting is not effective.
The average length of conversations in iKAT is

2https://huggingface.co/castorini/t5-base-canard
33ricL/ad-hoc-ance-msmarco

13.04 which makes the context modeling task more
challenging.

Metrics. We evaluate passage retrieval perfor-
mance using the official metrics used in the litera-
ture, namely, nDCG@3, Recall@100, and MRR.
nDCG@3 evaluates the scenarios where the top
passages are intended to be presented to the user.
We calculate these metrics using the trec_eval
tool. For TopiOCQA dataset we report MAP in-
stead of nDCG@3 as each query in this dataset
is associated with only one relevant passage, and
relevance is evaluated at a binary level. We per-
form statistical significance tests using paired t-
tests, comparing each proposed model against the
GPT4QR baseline. Significance is assessed with
Bonferroni correction. For the TopiOCQA dataset,
with four evaluation metrics, there are 12 total com-
parisons (αcorrected = 0.0042) and for the TREC
iKAT and CAsT datasets, with three metrics, there
are 9 total comparisons (αcorrected = 0.0167).

D Results using Dense Retrieval

In this section, we report the performance of our
proposed models and baselines over TREC CAsT
datasets in Table 9; over TREC iKAT and Topi-
OCQA datasets in Table 10.

E Human Evaluation

We only chose workers located in the US, with
English as their native language and having at
least 95% of approval rate as a quality measure.
We aligned our payment according to the mini-
mum wage in the US ($7.25 per hour). Based
on pilot runs, each assessment took approximately
65 seconds, resulting in a payment of $0.15 per
HIT. Since our task involved direct pairwise com-
parisons between two systems, reporting overall
worker agreement is less informative. Nevertheless,
each pair of generated queries was assessed by four
independent workers. Computing Fleiss’ Kappa
across all comparisons yields 0.2032, indicating
moderate agreement. When excluding ties (cases
where the two systems were judged equally effec-
tive), Fleiss’ Kappa increases to 0.41, reflecting
substantially stronger agreement among workers.

F Ranked list Fusion

The comparison between the proposed ranked list
fusion method (Fuse) and other ranked list fusion
models is provided in Tables 12 and 13.
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Table 9: Performance of sparse retrieval (BM25) with re-ranking and dense retrieval. The best results are shown bold
and the the best result outperforming human is shown with underline. We use ϕ = 3 for MQ4CS and MQ4CSans
models.

Type Method LLM CAsT 20 CAsT 22 CAsT 19

nDCG@3 R@100 MRR nDCG@3 R@100 MRR nDCG@3 R@100 MRR

Sp
ar

se
+

re
ra

nk
in

g T5QR - 38.7 45.6 53.1 30.2 23.9 45.5 56.5 59.8 74.6
ConvGQR - 35.7 47.7 49.4 25.0 22.1 41.0 50.2 53.6 67.5
LLM4CS GPT4 38.7 51.1 54.5 27.5 30.0 45.3 52.2 55.8 72.7
LlamaQR Llama 3.1 36.3 49.3 51.4 30.8 27.3 49.0 - - -
GPT4QR GPT4 46.8 55.2 61.5 34.8 30.1 52.2 56.5 62.0 73.8

HumanQR - 50.5 61.8 66.8 41.3 37.6 60.4 - - -

MQ4CSans GPT4 43.6 59.5 75.3 36.1 31.3 69.2 45.3 59.9 71.4
MQ4CS GPT4 44.8 64.8 64.3 35.9 36.3 59.8 52.6 64.1 75.8
MQ4CS [FT] Llama 3.1 42.6 62.0 61.9 34.1 32.3 55.5 52.1 59.5 70.9

D
en

se
(A

N
C

E
)

T5QR - 34.3 40.1 49.5 27.2 25.2 40.6 45.1 42.0 64.9
ConvGQR - 32.4 40.2 46.3 23.7 21.3 36.2 43.2 41.0 60.6
LLM4CS GPT4 44.5 50.4 61.8 27.3 28.3 42.5 48.9 50.6 67.4
GPT4QR GPT4 41.5 49.2 57.6 35.4 33.1 56.3 42.7 45.0 61.8

HumanQR - 44.7 51.5 61.1 40.9 36.0 58.8 - - -

MQ4CSans GPT4 36.2 51.7 56.3 29.9 32.8 49.7 38.2 44.9 55.4
MQ4CS GPT4 35.9 49.7 55.9 31.2 32.4 53.0 38.4 45.7 58.9
MQ4CS [FT] Llama 3.1 34.4 49.0 51.4 30.1 28.7 48.9 39.8 42.6 58.8

Table 10: Performance of sparse retrieval (BM25) with re-ranking and dense retrieval. The best results are shown
bold and the the best result outperforming human is shown with underline. We use ϕ = 3 for MQ4CS and
MQ4CSans models.

Type Method LLM iKAT 23 iKAT 24 TopiOCQA

nDCG@3 R@100 MRR nDCG@3 R@100 MRR MAP R@10 R@100 MRR

Sp
ar

se
+

re
ra

nk
in

g

T5QR - 14.1 13.8 23.9 23.5 19.8 34.9 33.5 50.2 62.5 33.5
ConvGQR - 14.7 13.9 21.9 24.1 19.3 35.6 31.1 49.0 63.2 31.1
LLM4CS GPT4 10.5 14.5 16.5 14.9 17.8 25.8 36.8 57.1 75.9 36.8
LlamaQR Llama 3.1 9.6 14.2 16.0 - - - - - - -
GPT4QR GPT4 21.9 22.1 34.6 45.4 34.3 66.2 45.4 66.9 80.9 45.4

HumanQR 30.7 35.8 43.3 43.7 32.7 62.3 - - - -

MQ4CSans GPT4 24.8 29.1 41.2 44.8 35.9 65.5 46.7 70.6 87.0 46.7
MQ4CS GPT4 22.0 27.2 39.1 46.6 35.0 69.2 47.5 72.6 87.8 47.5
MQ4CS [FT] Llama 3.1 14.6 14.8 24.1 30.0 31.1 52.5 41.4 67.2 79.6 41.4

D
en

se
(A

N
C

E
)

T5QR - 10.8 12.4 17.3 13.6 15.5 22.6 15.9 28.4 43.3 15.9
ConvGQR - 11.7 12.6 19.1 12.7 16.8 21.7 19.9 34.5 50.5 19.9
LLM4CS GPT4 10.0 13.4 15.5 14.4 16.8 23.0 30.4 47.3 64.4 30.4
GPT4QR GPT4 18.2 22.4 29.8 31.5 29.6 47.9 27.1 47.6 66.1 27.1

HumanQR 20.0 24.8 30.5 28.2 25.7 44.4 - - - -

MQ4CSans GPT4 16.9 24.9 27.9 27.8 31.1 46.4 28.0 51.4 71.7 28.0
MQ4CS GPT4 16.6 22.4 28.7 29.1 30.1 49.5 26.9 48.8 69.2 26.9
MQ4CS [FT] Llama 3.1 8.1 14.5 17.3 23.3 24.4 42.3 25.2 46.0 66.5 25.2

Table 11: Human evaluation. Pairwise comparison be-
tween the queries generated by MQ4CS and LLM4CS
on iKAT 23.

# turns % turns

MQ4CS wins 59 44.3%
LLM4CS wins 37 27.8%
Ties 37 27.8%

G Latency Analysis

We evaluate latency for both query generation and
retrieval using our proposed models across differ-
ent LLM backbones and report the results in Ta-
ble 14. All experiments are conducted on the iKAT
24 dataset, using a server equipped with 32 Intel
Xeon Gold 5118 CPUs (2.30 GHz) and a single
NVIDIA RTX A6000 GPU with 32 GB of memory.
Query generation is performed either with locally

Approach Fusion R@10 R@100

MQ4CS
our 69.0 80.2
MMR 67.3 80.2
RRF 57.5 79.8

Table 12: Performance comparison of rank fusion meth-
ods on the TopiOCQA dataset.

hosted models (Llama-3.1, 8B parameters) or via
OpenAI API (GPT4 and GPT4o). Retrieval experi-
ments are performed using sparse retrieval (BM25)
with re-ranking. When using open source mod-
els (e.g., GPT4 and GPT4o), we report end-to-end
latency measured from the client side. However,
we do not have access to internal model or system
latency, and thus these measurements are not di-
rectly comparable to locally deployed models (i.e.,
MQ4CS [FT] using Llama).

Based on Table 14 we observe that our pro-
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Dataset Fusion nDCG@3 R@100 MRR

iKAT 24
Our 38.3 28.9 62.1
MMR 37.0 29.9 57.8
RRF 35.8 28.2 54.5

iKAT 23
Our 22.1 21.8 38.2
MMR 21.9 22.0 34.5
RRF 21.1 22.4 33.5

CAsT 20
Our 44.3 54.8 62.1
MMR 44.9 54.5 62.2
RRF 41.6 53.6 58.8

CAsT 19
Our 50.1 57.5 75.7
MMR 54.7 58.2 74.2
RRF 51.9 57.4 72.4

Table 13: Performance comparison of rank fusion meth-
ods on the iKAT and CAsT datasets.

posed MQ4CS model achieves substantially higher
retrieval quality (nDCG@3 = 46.6) compared to
LLM4CS (14.9), while maintaining a similar gen-
eration latency (6.74 s vs. 6.89 s) and a lower

retrieval cost (0.632 s vs. 1.033 s). This shows
that our approach is both more effective and more
efficient in terms of retrieval latency. The GPT4QR
baseline model exhibits slightly lower retrieval la-
tency (0.289 s) than MQ4CS; however, its gener-
ation latency and cost are comparable (6.66 s and
$ 0.0034), indicating that MQ4CS provides better
overall quality without additional overhead. More-
over, our fine-tuned model, MQ4CS [FT], does not
incur additional API cost and achieves a higher
retrieval quality (30.0 nDCG@3) with a lower re-
trieval latency (0.626 s) compared to LLM4CS,
further confirming the efficiency and effectiveness
of our approach when using a locally hosted model
Llama.
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Table 14: Latency of query generation, latency of retrieval, cost, and quality (nDCG@3) of different models using
GPT4. All latencies are in seconds.

Model Latency (Generation) Latency (Retrieval) Cost nDCG@3 Model size

MQ4CS 11.44 0.632 $0.0367 46.6 unknown
MQ4CSans 24.46 0.632 $0.0782 44.8 unknown
GPT4QR 11.31 0.289 $0.0363 45.4 unknown
LLM4CS 11.71 1.033 $0.0375 14.9 unknown
MQ4CS [FT] 7.581 0.626 0 30.0 8B parameters
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