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Abstract. Conversational search enables complex information retrieval
by accurately understanding the user’s actual search intent through mul-
tiple interactions between the user and the system. Existing conversa-
tional query rewriting methods are difficult to optimize directly for down-
stream tasks. Traditional conversational dense retrieval methods directly
utilize the entire session as input, which introduces redundant noise
from irrelevant conversation turns. To address these limitations, we pro-
pose the Generative Query Augmentation with Dual-View Contrastive
Learning for Conversational Dense Retrieval (GQADCR). Initially, we
leverage the fact that the response for each conversation turn is available
during training and use large language models to generate multiple stan-
dalone search queries. Subsequently, using the Best-of-N sampling strat-
egy, we select the optimal rewritten query based on the actual retrieval
performance. Finally, we propose a novel dual-view contrastive learning
strategy that aligns the representation of the conversational session with
those of self-contained rewritten queries and target retrieval passages,
thereby facilitating the training of dense retrievers. Extensive experi-
ments on two public datasets demonstrate the effectiveness, efficiency,
and generalizability of our approach (Our source code is available at
https://github.com/ywy5516/GQADCR).

Keywords: Conversational search - Large language model -
Contrastive learning

1 Introduction

Conversational search enables users to engage in multi-turn interactions to
satisfy their information needs by retrieving relevant passages from a collec-
tion of passages, based on the current query and its conversation context that
includes previous queries and responses [6,12]. Unlike traditional single-turn ad-
hoc retrieval, which relies primarily on keyword and phrase matching, conver-
sational search requires modeling the whole conversation context to accurately

© The Author(s), under exclusive license to Springer Nature Singapore Pte Ltd. 2026
H. Jung et al. (Eds.): DASFAA 2026, LNCS 16540, pp. 170-185, 2026.
https://doi.org/10.1007/978-981-92-0378-9_11


http://crossmark.crossref.org/dialog/?doi=10.1007/978-981-92-0378-9_11&domain=pdf
https://github.com/ywy5516/GQADCR
https://github.com/ywy5516/GQADCR
https://github.com/ywy5516/GQADCR
https://github.com/ywy5516/GQADCR
https://github.com/ywy5516/GQADCR
https://doi.org/10.1007/978-981-92-0378-9_11

Generative Query Augmentation with Dual-view Contrastive Learning 171

capture the underlying search intent, as this intent may be distributed across
the entire conversation context [23,28]. Therefore, conversational search is much
more challenging than ad-hoc retrieval. Existing methods can be roughly cate-
gorized into two groups: Conversational Query Rewriting (CQR) and Conversa-
tional Dense Retrieval (CDR), as illustrated in Fig. 1.

Conversation Context:
qp: When was the last time a hurricane hit tampa bay area?

r;: 1921,
qp: Which areas did it effected?
rp: Cuba, Pasco County, Manatee County and Sarasota County.

Current Query:
q3: Who ruled the first place?
v v

| Rewriter | | Session Encoder |

¢ Session
[ Rewritten Query: J Embedding Elj’:lzl

Who was the leader of Cuba in Y

19219 Passage Dot Product

¢ Embeddings

| Ad-hoc Retriever |
Passage
Collection

Conversational Query Rewriting Conversational Dense Retrieval

Passage Encoder

Fig. 1. A conceptual illustration for the CQR and CDR.

To capture real information needs in multi-turn conversation, CQR aims
to reformulate conversational queries into stand-alone queries that can be sub-
mitted to any off-the-shelf retrievers [5,24]. Previous studies often fine-tune a
pre-trained language model, such as T5. However, these methods rely on man-
ually rewritten queries as supervision signals to train the rewrite model, yet
obtaining large-scale manually annotated data for training remains challenging
in practice. Furthermore, this rewrite-then-retrieve pipeline prevents CQR mod-
els from being directly optimized for downstream retrieval tasks [21,25], as the
two-stage process hinders end-to-end training.

In contrast, CDR leverages a pre-trained ad-hoc retriever to encode the entire
conversation context and candidate passages into a unified embedding space, fol-
lowed by end-to-end fine-tuning on conversational data [14,19,29]. End-to-end
CDR models can be directly optimized for better retrieval performance [4]. Pre-
vious studies have demonstrated the effectiveness of CDR. However, previous
studies often treat the entire conversation context as input, while prior queries
and responses in the conversation may be ambiguous or irrelevant to the current



172 W. Yan et al.

query. These approaches inevitably introduce noise into the training process of
CDR models [27]. Moreover, fine-tuning the retriever typically requires a large
volume of labeled context-passage pairs. However, in practice, obtaining accu-
rate annotations for such pairs is significantly more challenging than collecting
conversational data itself.

To tackle these challenges, in this paper, we propose Generative Query
Augmentation with Dual-View Contrastive Learning for Conversational Dense
Retrieval (GQADCR), a novel framework that integrates the strengths of both
CQR and CDR, while eliminating reliance on manual query rewriting. Firstly,
GQADCR fully leverages prior knowledge from the training data and the few-
shot reasoning capabilities of large language models (LLMs) to resolve ambigui-
ties in conversational context, thereby improving the informativeness of context
and the quality of generated search queries. Based on the current turn’s dialogue
question-answer pairs and the conversation context, it uses LLMs to generate
multiple candidate rewrites. Subsequently, by incorporating retrieval ranking sig-
nals, we distill high-quality rewritten queries using the Best-of-N sampling strat-
egy. Finally, GQADCR further aligns the representations of rewritten queries
and relevant passages with the retriever through a carefully designed dual-view
contrastive learning module.

Our contributions are summarized as follows:

— We propose GQADCR, an end-to-end architecture of conversational search.
To solve key challenges, a novel contrasting module is designed to fuse seman-
tic data from diverse perspectives into conversational context.

— We highlight the key contribution of integrating self-contained search queries
into the CDR framework. Our approach bridges the gap between CQR and
CDR by leveraging their complementary strengths, enabling more coherent
and context-aware retrieval.

— Quantitative and qualitative experimental results on two CS-based datasets
and three different base retrievers demonstrate that GQADCR exhibits supe-
rior performance, along with strong efficiency and generalizability.

2 Related Work

2.1 Conversational Dense Retrieval

Conversational Dense Retrieval (CDR) [6,8,22,23,29] leverages conversational
search sessions to fine-tune an end-to-end, ad-hoc retriever that enables the
encoding of conversation sessions into a shared embedding space for dense
retrieval. Considering that the context of the entire conversation may be lengthy
and contain a significant amount of noise, some studies [14,19] design sophisti-
cated context-denoising approaches for better CDR models.

Our approach belongs to the family of CDR methods. To address this key
challenge, this paper incorporates a query rewriting module into the architecture
of our GQADCR framework. After obtaining high-quality training data, a novel
contrastive learning module is employed to align the session input with the
representations of semantically complete rewritten queries and target passages.
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2.2 Conversational Query Rewriting

Conversational Query Rewriting (CQR) aims to enhance conversational search
performance by transforming context-dependent queries into standalone ad-hoc
queries [3,16,24,25,28]. To optimize query rewriting, some studies have leveraged
reinforcement learning or incorporated ranking signals during model training [21,
23]. However, these approaches rely on manually annotated rewritten queries for
training CQR models, which are difficult to obtain in practice. Recently, LLMs
have been demonstrated to be capable of rewriting conversational queries, and
some studies [7,18,27] employ LLMs to perform query rewriting via a training-
free, purely prompt-based method.

In this work, we design a prompt template that leverages prior knowledge
from training data to effectively resolve ambiguities in conversation context by
prompting LLMs, thereby reducing the need for manually rewritten queries. We
then utilize the generated rewritten queries as training data to assist in training
CDR models. By leveraging the strengths of CDR models in implicit context
modeling, we aim to enhance the semantic correlation between the retrieval
system and downstream tasks.

2.3 Contrastive Learning

Contrastive Learning (CL) [30-35] has long been recognized as an effective app-
roach for learning meaningful representations by comparing different samples.
Typically, CL operates on pairs of examples that are semantically related, treat-
ing them as positive (similar) instances, while other samples serve as negatives
(dissimilar). The objective of training is thus to pull the representations of posi-
tive pairs closer together in the embedding space while pushing those of negative
pairs apart.

In our method, we first leverage LLMs to generate standalone search queries.
We then align the corresponding semantic units derived from heterogeneous data
signals through a dual-view contrastive learning framework.

3 Methodology

This section presents a novel CDR framework GQADCR, as depicted in Fig. 2.

3.1 Task Formulation

Given a new query ¢; and the conversation context C;—1 = {(qg;, ri)}’é;i, where

q¢; and r; denote the query and the system response to each previous turn,
respectively. The i-th historical turn is denoted as (g;,r;, p;), where p; is the
ground-truth passage corresponding to g;. For given the current query ¢; and
the conversation context Cy_1, our task is to retrieve the gold passage p; from a
passage collection D. The challenge of conversational search lies in the context-
dependent nature of queries, which demands natural language understanding
techniques to accurately infer the user’s real search intent and thus find the gold

passage pj .
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Fig. 2. Illustration of the proposed GQADCR. From left to right, the modules are
LLM-based Generative Augmentation of Training Data and Dual-view Contrastive
Learning.

3.2 Generative Augmentation for Training Queries

Recent studies [7,18] have demonstrated that open-source LLMs with strong lan-
guage understanding and text generation capabilities can be effectively applied
to real-world scenarios for query rewriting, without requiring fine-tuning. In this
work, we leverage the known dialog responses in the training data to gener-
ate multiple candidate queries by invoking LLMs. The optimal rewritten query
is then selected from these candidates based on retrieval performance.

Multi-candidate Query Generation from Responses. In this section, we
propose the Rewrite-with-Response (RWR) instruction to address the challenges
of omission, ambiguity and co-reference in multi-turn dialogues. During the train-
ing phase, the current ¢-th turn query ¢;, the conversation context Cy_; from the
first ¢ — 1 turns and the response for the current turn r; are known. As shown
in Eq. 1, for any turn ¢, we concatenate ¢, 7, and Cy_; into a prompt, which
is then fed into an LLM to generate the collection of de-contextualized search
queries Q;:

¢ = LLM(TEVE. C,_q,qi, 1) (1)
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where LLM(-) denotes invoking LLMs, Z®W £ is the prompt template we pro-
pose to generate self-contained search queries as shown in Fig. 3, and N is the
parameter! that controls how many completions to generate for each prompt.

Prompt Template
<SYSTEM> \
- Role: Expert in i ing and retricval,

- Background: When users retrieve information, they often omit or use pronouns in the conversation, which may lead to incomplete or vague query sentences. In order to improve the
accuracy and efficiency of retrieval, it is necessary to complete the user's query statement, make it independent of the session context, and correctly handle the topic conversion.

- Profile: You are an expert proficient in natural language processing and information retrieval. You can deeply analyze the dialog context, understand the user's real intention, and
convert fuzzy query sentences into accurate and context independent queries.

- Skills: You have the key abilities of conversation analysis, semantic understanding, anaphora resolution, topic tracking and information retrieval. You can accurately complete the
omitted parts, handle the pronouns, and maintain the consistency and accuracy of the query during topic conversion.

- Goals: According to the historical dialog context, the current user question and the system reply, complete the omitted and referred parts of the user query sentence, correctly handle
the topic conversion phenomenon, and finally output an independent query with complete information and unrelated to the session context for information retrieval.

- Constrains: The complete query sentence must be clear and accurate to avoid ambiguity; When dealing with topic conversion, it is necessary to ensure that the query statement is
consistent with the user's real intention; The output query statement shall be concise and clear, which is convenient for the information retrieval system to understand and execute.

- OutputFormat: Note that you should always try to rewrite it. Output a complete and standalone query statement, in the format of 'Rewrite: SRewrite".

<USER>

#### Context Begin ###
{{ context } }

### Context End ###

Current Question: {{ cur_query }}
Current Response: {{ cur_response }}

always be "Rewrite: $Rewrite".

Q. you should give me the rewriter of the **Current Question** under the **Context** and the **Current Response**. Do not add any explanation, the output format shouy

Fig. 3. The prompt template through LLMs.

Filtering Through Retrieval Ranking Signals. After obtaining the refor-
mulated query set Q¢, we apply it to an off-the-shelf retrieval system to obtain
retrieval ranking feedback. BM25 is a widely used sparse retrieval algorithm that
scores and ranks documents based on term matches between queries and docu-
ments, where “terms” typically refer to keywords extracted through tokenization.
Given its effectiveness in assessing query self-containment via keyword matching,
BM25 is selected as the off-the-shelf retriever in our work.

Based on the retrieval ranking signals, we select the optimal rewritten query
q; from @ for the current ¢-th turn of dialogue:

i = argmax{(R(g)).p})} 3

where R(-) is the retriever that returns passages given a query, and 4(-,-) is an
evaluation function that calculates the relevance between the retrieved passages
and the ground-truth passage.

3.3 Dual-view Contrastive Learning

Compared to ad-hoc search, the queries in conversational search are context-
dependent, thus requiring the retriever to reformulate the current search query
based on its conversational history. Following prior work [29], we construct a

! https://platform.openai.com/docs/api-reference/completions/create.
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session-specific query by concatenating the current query with its preceding con-
text, which serves as input for training the conversational dense retriever:

st = [CLS] o gt o [SEP]or;—1 0 [SEP]o g1 0 [SEP]o---0qy o [SEP] (4)

Additionally, we adopt the architecture of the Dense Passage Retriever [11,12],
which consists of two encoders: Eg and Ep. The passage encoder Ep maps each
passage to a d-dimensional real-valued vector and builds an index over all pas-
sages in the collection D. These passage embeddings can be computed offline and
indexed for efficiency. At inference time, the query encoder Eg encodes the con-
versational input into a d-dimensional vector and retrieves the k£ most similar
passages, those whose vectors are closest to the input vector. The similarity
between a query and a passage is measured by the dot product of their embed-
dings:

sim(q, p) = Eq(q)" - Ep(p) (5)

Session-Passage Contrastive Learning. Contrastive learning has become a
prevalent approach for training dense passage retrievers in recent studies [12,
29]. From the perspective of the target passage, we train the query encoder
Eq session-passage contrastive learning to minimize the distance between the
representation of the session input and that of the relevant passage in the shared
embedding space. The following positive and negative samples are used during
training:

— p;: The ground-truth passage corresponding to the current query g, used as
the positive sample.

— P, : In-batch negative passages sampled from other instances within the same
training batch.

— P : These are retrieved passages that serve as hard negatives. They can be
obtained by using the top-ranked passages retrieved for s; by an off-the-shelf
retriever after excluding pj if it is present [11,19,20]. In this work, we employ
a sparse retriever (BM25) to obtain these hard negatives.

Formally, the complete set of negative samples is defined as P~ = P,” UP,". The
session-passage contrastive loss for the dense passage retriever is defined in Eq. 6,
where ¢(-,-) = exp(sim(-,-)/7) and 7 denotes the temperature parameter used
to scale the whole distribution.

¢(St7p2k)
D(se,07) + > p-ep- O(56:07)

Lsp = —log

(6)

Session-Query Contrastive Learning. CDR typically treats the entire con-
versation context as input to encode contextual dependencies across dialogue
turns, aiming to retrieve relevant passages for the current user query. How-
ever, this approach often incorporates redundant or irrelevant information from
earlier turns, which can introduce noise and distract the model during train-
ing and inference. Such historical noise may lead to suboptimal representations,
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particularly when prior utterances address topics only loosely related or entirely
unrelated to the current information need.

To mitigate this issue, we propose aligning the semantic representation of
the full conversation session with that of a semantically complete, context-
independent reformulated query. Such a query explicitly resolves co-references,
incorporates implicit user intents, and encapsulates the standalone meaning of
the current turn, thereby serving as a denoised and focused target for repre-
sentation learning. Instead of directly fusing these representations, we design
a session-query contrastive learning objective, encouraging the semantic spaces
of sessions and queries to gradually converge before fusion. This objective is
formalized as follows:

¢(3t7 QZ)
¢(stv qzk) + Zq*egb_ ¢(8t7 qi)

Lsg = —log (7)

We adopt in-batch negatives to construct the negative set Q, .

3.4 Overall Objective

In line with previous work, we combine our loss term Lgg with the original
contrastive ranking loss Lgp to form a joint training objective. Both losses are
computed using the cross-entropy loss function. Thus, the overall training objec-
tive for the query encoder Eg is defined as:

L=Lsp+ Asg (8)

where X is a hyperparameter that controls the trade-off of the two terms.

4 Experiments

4.1 Experimental Setup

Datasets. Following prior work [7,29], we evaluate our approach on two widely-
used conversational search datasets. QReCC [2] focuses on the query rewriting
task, with most queries within a session centered on the same topic. In contrast,
TopiOCQA [1] exhibits complex topic-switching phenomena within sessions and
features a large number of conversation turns compared to QReCC, making it
more challenging. The statistics of each dataset are provided in Table 1.

Evaluation Metrics. In this study, to enable a thorough comparison with prior
work, we employ three metrics to evaluate the performance of our GQADCR
framework: Mean Reciprocal Rank (MRR), Normalized Discounted Cumulative
Gain at rank 3 (NDCG@3) and Recall at rank 10 (Recall@10). These metrics

provide a comprehensive assessment of ranking and retrieval effectiveness.



178 W. Yan et al.

Table 1. Statistics of conversational search datasets.

Dataset Split [#Conv.|#Turns(Qry.)|#Collection

TopiOCQA Train 3,509 45,450 256M
Test 205 2,514
QReCC Train/10,823 163,501 54M

Test 2,775 16,451

Implementation Details. Our implementation is based on PyTorch, Hugging-
face’s Transformers and Faiss [10]. We adopt ANCE [26] as the backbone model
for the Dual-View Contrastive Learning. The AdamW [17] optimizer is used with
default parameters, and the learning rate is initialized to 5 x 10~° with a cosine
decay scheduler. Training uses a batch size of 32 and gradient accumulation over
2 steps, resulting in an effective batch size of 64. The input sequence lengths
for the query, concatenated session, and passage are truncated to 64, 512, and
384 tokens, respectively. The temperature parameter 7 in contrastive learning is
set to the default value of 0.07. The hyperparameter X is fixed at 1.0.

For the Generative Augmentation of Training Data, we deploy the instruct-
tuned Llama3.2-3B? model using vLLM [13]. In all experiments, text generation
employs sampling with a temperature of 0.7 for query rewriting. The LLMs
are solely employed for offline training data augmentation, while inference relies
entirely on the dense retriever. In Best-of-N sampling, N = 10 is used through-
out, and the best rewritten query is selected based on its BM25 retrieval score.
Following established practice, BM25 parameters are set to k1 = 0.9,b = 0.4 for
TopiOCQA and k1 = 0.82,b = 0.68 for QReCC, respectively. All experiments
are conducted on two NVIDIA A100 40G GPUs.

Baselines. To validate the effectiveness of our approach, we compare it with
two categories of state-of-the-art approaches in conversational search. The first
category leverages generative language models to perform conversational query
rewriting (CQR), followed by retrieval using pre-trained dense retrievers. This
group includes Human-Rewritten [2], TSQR [15], CONQRR [25], ConvGQR [21],
LLM4CS [18] and IterCQR [7]. The second category focuses on end-to-end con-
versational dense retrieval (CDR), where models are initialized from standard ad-
hoc search retrievers and subsequently fine-tuned on conversational search data.
Representative methods in this category include ConvDR [29], SDRConv [12],
Conv-ANCE [20], InstructoR [9] and ConvSDG [22]. To ensure a fair comparison,
all selected baseline methods are implemented to evaluate on ANCE [26].

4.2 Main Results

The evaluation results on the TopiOCQA and QReCC datasets are presented in
Table 2. We have the following observations:

2 https:/ /huggingface.co/meta-1lama/Llama-3.2-3B-Instruct.
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Table 2. Experiment results (%) on two benchmark datasets. Only the QReCC dataset
has manually rewritten queries. All compared models are initialized from ANCE.
Bold and underline indicate the best and the second-best results, respectively.

Category Method TopiOCQA QReCC
MRR/NDCG@3Recall@10 MRRNDCG@3Recall@10
CQR Human-Rewrite [2]- - - 38.4 |35.6 58.6
T5QR [15] 23.0 22.2 37.6 34.5 |31.8 53.1
CONQRR [25] - - - 418 - 65.1
ConvGQR [21] 25.6 (24.3 41.8 42.0 |39.1 63.5
LLMA4CS [18] 27.7 26.7 43.3 44.8 42.1 66.4
IterCQR [7] 26.3 |25.1 42.6 42.9 140.2 65.5
CDR ConvDR [29] 27.2 264 43.5 38.5 |35.7 58.2
SDRConv [12] 26.1 254 44.4 47.3 143.6 69.8
Conv-ANCE [20] [22.9 120.5 43 47.1 456 71.5
InstructoR [9] 25.3 23.7 45.1 43.5 40.5 66.7
ConvSDG [22] 214 119.9 37.8 - -
CDR GQADCR 29.5 28.2 46.5 48.6 46.5 65.6

We observe that on both datasets, GQADCR outperforms the vast majority
of compared baseline methods across all three evaluation metrics. On the Topi-
OCQA dataset, GQADCR improves MRR by 6.5% and NDCG@3 by 5.6% over
the second-best method. On the QReCC dataset, although GQADCR, achieves
lower Recall@10 than some baselines, it surpasses all baselines in terms of MRR
and NDCG@3.

The performance advantages of GQADCR can be attributed to two key fac-
tors. First, GQADCR integrates the query rewriting capability of CQR with
the passage-level context modeling capability of CDR, enabling effective cap-
ture of intent shifts and incorporation of multi-turn conversational context in
dynamic scenarios. Second, GQADCR enhances its training through an opti-
mized negative sampling strategy that incorporates additional semantic informa-
tion, thereby improving the model’s ability to distinguish contextually relevant
passages. The generalizability and efficiency of GQADCR are further validated
through experiments in Sect. 4.4 and Section 4.5, respectively.

4.3 Ablation Study

Table 3 presents the results of ablation studies conducted on the TopiOCQA
and QReCC datasets, aiming to analyze the contribution of each key component
in the GQADCR framework. The results show that removing any component
leads to performance degradation, confirming the effectiveness of each module.

Specifically, eliminating the session-query contrastive loss Lgg results in
noticeable performance drops on both datasets. This indicates that Lsg plays
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Table 3. Ablation study of different components.

TopiOCQA QReCC
MRRNDCG@3Recall@10 MRRNDCG@3Recall@10
GQADCR|29.5 |28.2 46.5 48.6 46.5 65.6

w/o Lsg27.9 |26.9 43.8 41.8 139.5 59.5
w/o Lsp 20.2 |18.6 37.6 39.1 36.5 57.0

a crucial role in guiding the model to extract contextually consistent query rep-
resentations from the full conversational context. Without this loss, the model
struggles to filter out irrelevant information from the dialogue context.

More significantly, removing the session-passage contrastive loss Lgp causes a
substantial performance decline, particularly on TopiOCQA. This demonstrates
that Lgp is essential for aligning the semantic space of the conversation with
that of the target passages, enabling the retriever to more accurately identify
relevant passages. The larger performance drop further underscores the impor-
tance of establishing a direct semantic link between the conversational context
and external knowledge, which is critical in multi-turn conversation scenario.

Furthermore, while the relative contribution of each component varies across
datasets, the overall trend remains consistent. This suggests that Lsgo and
Lsp are functionally complementary, and their synergistic interaction enhances
the model’s robustness and retrieval capability in complex conversational set-
tings.

4.4 Application to Other Base Retrivers

Table 4. Retrieval performance of various base retrievers trained using our framework.

Method |Backbone TopiOCQA QReCC
MRRN@3 R@10MRRN@3 R@10
GQADCR/ANCE 29.5 [28.2 46.5 |48.6 |46.5/65.6
BGE-base-en 29.2 |27.9 47.3 |45.0 |42.6 64.8
Contriever-msmarco|31.1 (29.7|48.3 (47.2 |44.9 69.5

While we adopt ANCE as the base model for our GQADCR given its popu-
larity and widespread use as a foundation in existing CDR systems, our training
framework is general and readily applicable to other dense retrieval models. To
validate the generalizability of our approach, we further instantiate it with two
additional base models: BGE? and Contriever-msmarco?. As shown in Table 4,

3 https://huggingface.co/BAATI/bge-base-en-v1.5.
4 https:/ /huggingface.co/facebook /contriever-msmarco.
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our method consistently improves retrieval performance across all base models
and surpasses previous baseline approaches. These results confirm the strong
transferability and architectural generality of our approach.

4.5 Low-Resource Evaluation
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Fig. 4. Evaluation of GQADCR framework with different backbone retrievers under
low-resource settings.

Based on experimental results using two benchmark datasets for conversa-
tional search, this study systematically evaluates the performance of the pro-
posed GQADCR method under various base retrievers and low-resource train-
ing conditions. As shown in Fig. 4, the performance trends of the GQADCR
method are consistent across both datasets, and it achieves performance compa-
rable to baseline methods even when only 60% of the training data is used.
More importantly, GQADCR consistently improves performance across base
models with diverse architectures and training strategies, demonstrating that
the introduced mechanism is not tied to the structural characteristics of specific
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retrievers, but instead exhibits strong modular compatibility and generalizabil-
ity. These results suggest that the GQADCR method effectively reduces reliance
on large-scale annotated data, particularly in scenarios with limited training
data, thereby highlighting its practical applicability to real-world low-resource
conversational search tasks.

4.6 The Impact of LLMs

Table 5. Dense retrieval results for ANCE trained on data augmented by various
LLMs.

LLM N TopiOCQA QReCC
MRR/NDCG@3Recall@10 MRRNDCG@3Recall@10
LLama-3.2-3B |5 [28.7 |27.5 46.0 47.6 45.3 64.0
10129.5 [28.2 46.5 48.6 46.5 65.6
Qwen-2.5-3B |5 28.2 [26.9 45.7 47.2 145.0 63.7
10/28.3 27.0 46.4 47.8 |45.6 64.3

As shown in Table 5, this study systematically evaluates the impact of LLMs
with different architectures and the sampling size N for query rewriting on
the proposed GQADCR framework across benchmark datasets. The experiment
employs two instruction-fine-tuned models, Llama3.2-3B and Qwen2.5-3B°, with
comparable parameter counts but distinct architectural designs to investigate the
sensitivity of framework performance to model architecture. The results demon-
strate that the choice of LLM significantly affects the overall performance of
GQADCR. Notably, configurations using Llama3.2-3B consistently outperform
those using Qwen2.5-3B, suggesting that Llama3 models may possess stronger
generalization capabilities or superior instruction-following behavior in tasks
involving conversational context understanding and query disambiguation.

Furthermore, the impact of increasing the number of rewrites is examined.
When N increases from 5 to 10, the Llama3.2-3B-based model achieves sus-
tained and significant performance gains on both datasets. In contrast, for
Qwen2.5-3B, the performance improvement from N = 10 relative to N = 5
is marginal, with only a slight increase in Recall@10 and no notable gains in
MRR or NDCG@3. This indicates that different LLMs exhibit varying sensi-
tivity to the number of samples. Consequently, in practical applications, the
sampling size should be carefully selected based on the specific characteristics of
the LLM to balance computational cost and performance.

5 https:/ /huggingface.co/Qwen/Qwen2.5-3B-Instruct.
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5 Conclusion

In this paper, we present GQADCR, an innovative framework for CDR. Firstly,
GQADCR leverages both prior knowledge from training data and the few-shot
reasoning capabilities of LLMs to enhance the informativeness of conversational
context and improve the quality of generated search queries. Subsequently, by
incorporating retrieval ranking signals, we employ a Best-of-N sampling strat-
egy to distill high-quality rewritten queries. Lastly, GQADCR further aligns the
rewritten queries and target retrieval passages with the retriever through a care-
fully designed contrastive learning module. Extensive experiments on two pub-
lic datasets demonstrate the effectiveness of our approach, which outperforms
all baseline models in retrieval performance (Table 2). Furthermore, GQADCR
exhibits robustness and generalizability across various backbone retrievers and
LLMs (Tables4 and 5) and maintains strong performance in low-resource set-
tings (Fig. 4).
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