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Abstract

Neural retrieval models excel in Web search, but their training re-
quires substantial amounts of labeled query-document pairs, which
are costly to obtain. With the widespread availability of Web docu-
ment collections like ClueWeb22, synthetic queries generated by
large language models offer a scalable alternative. Still, synthetic
training queries often vary in quality, which leads to suboptimal
downstream retrieval performance. Existing methods typically filter
out noisy query-document pairs based on signals from an external
re-ranker. In contrast, we propose a framework that leverages Direct
Preference Optimization (DPO) to integrate ranking signals into the
query generation process, aiming to directly optimize the model to-
wards generating high-quality queries that maximize downstream
retrieval effectiveness. Experiments show higher ranker-assessed
relevance between query-document pairs after DPO, leading to
stronger downstream performance on the MS MARCO benchmark
when compared to baseline models trained with synthetic data.
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1 Introduction

The effective training of neural retrieval models benefits from
large-scale query-document relevance annotations [8]. However,
acquiring such data remains a bottleneck due to its high costs.

This work is licensed under a Creative Commons Attribution 4.0 International License.
SIGIR °25, Padua, Italy

© 2025 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-1592-1/2025/07

https://doi.org/10.1145/3726302.3730162

Bruno Martins
Instituto Superior Técnico and INESC-ID
Lisbon, Portugal
bruno.g.martins@tecnico.ulisboa.pt

Chenyan Xiong
Carnegie Mellon University
Pittsburgh, Pennsylvania, United States
cx@cs.cmu.edu

To address this limitation, recent work has explored using Large
Language Models (LLMs) to generate synthetic queries from docu-
ments [6, 18, 35], enabling retrieval models to be trained without
full reliance on human annotations. Combined with the availabil-
ity of large Web corpora such as ClueWeb22 [27], this establishes
LLM query generators as a scalable approach for training data cre-
ation. Despite this potential, the quality of synthetic queries varies
significantly, with studies showing that it still lags behind human-
annotated data [8], which degrades downstream effectiveness [10].
To mitigate this problem, approaches for query generation con-
sider post hoc filtering, e.g., using an external ranking signal [15] or
through consistency checking during negative sampling [6]. While
this improves query quality, it does not guide the query generator
toward producing queries that maximize retrieval performance.
In this work, instead of post hoc query filtering, we propose
a framework that directly integrates ranking feedback into the
query generation process using Direct Preference Optimization
(DPO) [28]. To this end, we generate multiple queries per docu-
ment, score them using a ranking model, and build a preference
dataset to optimize the query generator toward producing high-
quality queries. This approach enables the model to learn directly
from ranking signals, aiming to improve the overall quality of
queries used for dense retrieval training. More specifically, we in-
dependently consider ranking rewards from point-wise re-rankers
and list-wise LLM prompting techniques, demonstrating the frame-
work’s flexibility and opening future directions for reward selection.
We conduct experiments on the MS MARCO dataset [23], i.e. a
standard benchmark for passage and document retrieval, to evalu-
ate the impact of DPO-optimized queries on retrieval performance.
Our framework demonstrates three key contributions: (1) a training
paradigm that directly aligns query generation with ranking objec-
tives, diminishing the need for post hoc filtering inefficiencies due
to increased ranker-assessed relevance; (2) flexibility in integrat-
ing diverse ranking signals, including both point-wise re-rankers
and LLM-based list-wise prompting; and (3) empirical validation,
showing that retrievers trained with synthetic data from our gen-
eration pipeline outperform other open-source alternatives in the
Web domain. Our models and code are available in a public GitHub
repository: https://github.com/cxcsecmu/dpo-query-generation.
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2 Related Work

Transformer-based bi-encoders are the standard architecture for
dense retrieval [16, 38], typically trained with contrastive objectives
and hard negative mining strategies such as ANCE [38]. Retrieval-
aligned pre-training on in-domain corpora is also commonly adopted
to improve retrieval effectiveness [9, 19-22, 36].

The community has explored generating synthetic queries from
documents for model training. Approaches such as Doc2Query [25]
and DocT5Query [24] train a lightweight Transformer [33] on la-
beled query—document pairs to expand document representations.
Subsequent work [10] demonstrates that filtering out hallucinated
queries can further enhance downstream performance. More recent
methods leverage LLMs. For instance, InPars [2] employs few-shot
prompting with filtering based on generation probability, while
InPars-v2 [15] leverages a supervised ranker for query filtering.
Similarly, Promptagator [6] uses task-specific prompts to perform
few-shot query generation. Building on these approaches, the Gecko
model [18] iteratively refines synthetic queries through a process in-
volving retrieval, re-ranking, positive relabeling, and hard negative
sampling, thereby improving the quality of the training data.

Recent work has explored reinforcement learning to improve
synthetic query generation. Token-level Proximal Policy Optimiza-
tion (TPPO) [26, 30] has been applied to query suggestion tasks,
optimizing generation based on token-level rewards derived from
user interaction histories. While this setting targets interactive sce-
narios rather than offline generation from documents, it highlights
the promise of reinforcement learning for enhancing query quality.

3 Methodology

This section describes our query generation process, then details the
training of retrieval models using the resulting synthetic queries.

3.1 Query Generation

We start from a baseline query generator Mg (e.g., an LLM of choice
or an existing model fine-tuned for query generation). To synthe-
size queries, we follow a contrastive prompting strategy [37] where
given a document d, a negative example d~ is sampled from a cor-
pus. Then, the model is prompted to generate a query q that is
specific to d, while being less relevant to d~, i.e. g ~ Mg(d, d7).
For simplicity, we represent this generation process as Mgy(d), as-
suming implicit contrastive prompting.

By aiming to increase (g, d) similarity, this strategy mitigates
retrieval training scenarios where poorly generated queries allow
other corpus documents to dominate over the original positive
during negative sampling, which is a source of noise.

3.2 Aligning the Query Generator

Instead of filtering queries generated by My, we hypothesize that
the query generator can be guided towards better downstream re-
trieval performance. To this end, we propose leveraging a reward
model to obtain a preference dataset for DPO alignment. Given the
baseline generator My and a corpus C, we start by sampling a ran-
dom pool of documents from C, denoted as D. For each document
in D, we use Mg to generate a set of n synthetic queries:

Qd ={4d1>--»9dn} ~ My(d), Vd € D. 1
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Obtaining Rewards: As a first reward mechanism, we consider
the usage of a ranking model R to score each individual pair, since
previous work has established this as a strong filtering method [15].
More specifically, we used bge-reranker-v2-m31, i.e. a small cross-
encoder model available on HuggingFace, which offers a good trade-
off between retrieval performance and computation resources.

By applying R on the synthetic pairs, we obtain triplets in the
form {(q,d,R(q.d)) | d € D,q € Qu}. We can then extract a
preference dataset Dy, where, for each document, a random pair of
queries is sampled such that one has a higher score than the other:

D ={(d.q".q7) 1deD, (¢".97) € Q4 R(¢",d) > R(q",d)}.
@)
Alternatively, we can consider list-wise reward models, for in-
stance through GPT3.5 prompting, which previous work has estab-
lished as a competitive ranking method [31]. In this setup, given d
and Qy, the model G is prompted to explicitly select the best and
worst queries from Qy, producing a preference dataset Dgy;:

Dgpt ={(d.q",q7) |d€D, (¢".q7) ~G(d.Qa)}. (3
Fine-tuning the Generator: Both Dy and Dgpt allow training
Mg following the Direct Preference Optimization (DPO) loss [28]:

My (q* | d) Mg~ 1)
l°g°(ﬁl°g Mo 1d) P8 My |d>)

L= Blagt ) ~Dppes L@

where Dyt is the preference dataset (e.g., Drr or Dgpt), and f is an
hyper-parameter for tuning. This aims to ensure that the likelihood
of generating ranker-preferred queries is higher, thereby directly
including the ranking signals into the generation process rather
than as a filtering stage, which we argue contributes to more robust
large-scale generation.

3.3 Dense Retriever Training

In order to obtain positive pairs for dense retriever training, we
can use the aligned query generator M*y, to conduct inference
on a target Web document corpus. Given a random sample of k
documents, Dy, we use M*, to sample one query per document,
obtaining a set of synthetic positive pairs:

Dhirain = {(q.d) | d € Dy, q ~ M*g(d)} . &)

For the embedding model (M), we leverage Qwen2.5-0.5B [39]
as the language model backbone. Following previous work on
decoder-only dense retrievers, we apply a bi-directional attention
mask and conduct masked next token prediction as continual pre-
training. This has been shown to better align the model to the task
of generating dense representations, with continual pre-training
being necessary for the model to adapt to the new mask [1]. We
leverage 100k random documents from MS MARCO [23] for pre-
training, as a form of domain adaptation [9].

Given Dyp,in, we follow a standard setup, where an external
model is used to sample hard negatives for each query. More specif-
ically, given the top-100 documents for a query, 5 negatives are
sampled from the documents that are ranked below the original
positive [17]. We also consider the relabeling mechanism proposed
by Gecko [18], where if the original positive document is not in
the top-100, the top-1 is considered as the new positive document
instead of discarding the query.

!https://huggingface.co/BAAI/bge-reranker-v2-m3
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Table 1: Performance of multiple models trained with synthetic data on Web benchmarks, including model size and number of
training pairs. *Synthetic-only checkpoint unavailable for reproduction; MARCO passage result extracted from original paper.

Datasets
MARCO Doc  MARCO Passage TREC-DL 19 Passage TREC-DL 20 Passage

Model Size  Pairs MRR@100 nDCG@10 nDCG@10 nDCG@10
BM25 [29] - - 0.2300 0.2280 0.5058 0.4796
Contriever [13] 0.1B  700M 0.2322 0.2060 0.4794 0.4352
WebDRO [11] 0.2B 13.8M 0.3030 0.2741 0.4981 0.4591
E51arge[34] 03B 270M 0.3039 0.2620 0.5108 0.5024
MiniCPM—Embedding2 2.4B 2M 0.3180 0.2980 0.5730 0.5646
ESpistral[35]F 7B 0.5M - 0.2570 - -

Ranker-DPO 0.5B 1M 0.3727 0.3286 0.6171 0.5337
GPT-DPO 0.5B 1M 0.3795 0.3340 0.6213 0.5496

We fine-tune M, leveraging in-batch and cross-GPU negatives,
aiming to minimize the InfoNCE loss [32]:

| ecos(Me(q),Me(d>)
%8 eosMe (@) Med) 1 3, eeosMe (@) Me(m))

L=- (6)
where N is the set of all negatives. Representations M,(.) are ob-
tained by average pooling and compared using the cosine similarity.

4 Experiments

This section describes our experimental setup, evaluation, and re-
sults. We begin by detailing the configurations for both query gen-
eration and retrieval training, along with an overview of the evalu-
ation benchmarks. Next, we present the experimental results, as-
sessing the impact of our query generation strategy and conducting
scaling experiments in terms of the number of documents.

4.1 Setup and Implementation Details

For our corpus C, we consider ClueWeb22-B [27], which contains
the most popular and frequently visited web pages of ClueWeb22,
making it well-suited for query generation due to its inherent in-
formativeness. We leverage a sample of 35 million documents to
ensure broad coverage while maintaining computational efficiency.

For query generation, we leverage an open-source model as our
baseline M, which was used to obtain the synthetic data to train
the MiniCPM-Embedding model?. This generator was obtained by
fine-tuning LLaMA-3-7B [7] with synthetic query-document pairs
obtained from GPT-4, following the contrastive prompting strategy
described in Section 3.1.

Starting with a pool of 100k random documents from C, we
sample 5 queries per document using My, and use this data to
follow the process described in Section 3.2, in order to obtain the
improved generator M. The document count (100k) was selected
as a practical upper bound that allows model convergence within
reasonable training cost. Due to the size of the model, DPO training
is conducted using LoRA [12], considering 8 NVIDIA L40S GPUs,
a batch size of 8, and a learning rate of 1le-5. This setup induces a
one-time 10-hour overhead compared to just using M.

Zhttps://huggingface.co/openbmb/MiniCPM-Embedding

2984

After obtaining the aligned query generator, we randomly sample
documents from C (excluding the previous 100k documents used
for model training) and generate one query per document. The
obtained query-document positive pairs are then used to train
two retrieval models following the setup introduced in Section 3.3,
independently leveraging synthetic data obtained from aligning
the generator with ranker or GPT rewards. We adopt the same
embedding-based negative sampling strategy used in MiniCPM-
Embedding, by using an external model to obtain negatives from
C. Training is conducted for one epoch with a batch size of 64, a
learning rate of le-4, and distributed across 8 L40S NVIDIA GPUs.

4.2 Evaluation

For evaluation, we leverage MS MARCO [23], i.e. a standard Web
benchmark including both document and passage retrieval, as well
as the queries from the TREC-DL 2019 and 2020 passage tasks.
Regarding metrics, we follow common practice: for MS MARCO
document retrieval we use the Mean Reciprocal Rank (MRR) [3]; for
MS-MARCO passage retrieval and associated TREC-DL tracks [4, 5],
we use the normalized Discounted Cumulative Gain (nDCG) [14].

4.3 Retrieval Performance

Table 1 presents a comparative evaluation of our models against
open-source approaches leveraging synthetic data. Specifically, we
benchmark our models against several baselines: lexical retrieval
(BM25), models trained on anchor data (WebDRO), models trained
on heuristically selected pairs from structured documents (E5ge),
and models trained on LLM-generated data (E5pyjstra] and MiniCPM-
Embedding). For MiniCPM-Embedding, we report results obtained
using synthetic data exclusively, noting that this synthetic data was
generated by the same generator employed as a baseline in this
study. Overall, our methods (i.e., either using a ranker or GPT as
reward models) yield superior performance on Web benchmarks,
showcasing the effectiveness of the proposed framework. Both
reward mechanisms demonstrate similar performance, likely due
to the fact that both rely on semantic cues when distinguishing
between queries. The next sections analyze query quality and doc-
ument scale to elucidate the observed improvements.
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Table 2: Comparison between the baseline generator and the
DPO variant, considering a pool of 250K generated queries
and consistency filtering.

MARCO Doc
Initial Pool Kept MRR@100 R@1000
Before DPO 250K 156K (62%) 0.1635 0.5902
After DPO 250K 231K (92%) 0.2625 0.7491

Table 3: Comparison of queries generated before and after
DPO. Each pair was generated for the same document.

Before DPO After DPO

What are the steps to adjust the idle
on a 2003 Toyota Tacoma 2.4 liter?

Adjusting idle on 2003 Toyota
Tacoma

What makes the 2019 Ram 1500’s
frame and hybrid system superior?

2019 Ram 1500 redesign and
features

How do religious beliefs influence
faith and practice during pandemic
crises like COVID-19?

Impact of COVID-19 on religion
and faith perception

4.4 Query Retention

To evaluate the impact of generator alignment via DPO, we analyze
synthetic query quality through query retention rate and ranker-
assessed relevance. We focus on the ranker-DPO variant, as its
alignment reward model R provides relevance scores that enable
comparisons between baseline and optimized queries. We generate
250k queries, before and after DPO, and train two dense retrieval
models. Negative documents are sampled from the previously in-
troduced corpus of 35 million candidates, making the generation
task more demanding: suboptimal queries often fail to distinguish
the original positive from high-relevance negatives introduced by
large-scale sampling, which can contribute to training noise.

Table 2 shows that after DPO, following a standard consistency
parsing mechanism that discards queries if the original positive doc-
ument is not in the top-100 when sampling negatives, queries have
an approximately 50% higher retention rate. This high difference
indicates that integrating ranking feedback via DPO guides the
query generation process toward higher relevance, hence improv-
ing both data efficiency and quality, given the increase in retrieval
performance and query retention.

To further consolidate these findings, we examined the distri-
bution of ranker reward scores R(q, d) for a sample of 10k query-
document pairs. As depicted in the KDE plot in Figure 1, the post-
DPO score distribution exhibits a pronounced rightward shift rela-
tive to the one from the base generator. This reflects an improve-
ment in query—document relevance, thereby validating the efficacy
of our DPO framework in steering the generator toward higher-
quality outputs. As illustrated in Table 3, the DPO-aligned generator
produces more concise and web-like queries, transforming verbose
questions into focused search terms while preserving the core in-
formation intent.
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Figure 1: Reward (R) distri-
butions for 10k (g, d) pairs,
before and after DPO.

Figure 2: Performance on
MARCO Doc as synthetic
training pairs increase.

4.5 Scaling Synthetic Data

We also present an empirical investigation of how model perfor-
mance scales with synthetic training pairs. Figure 2 demonstrates
that both models exhibit progressive improvements in retrieval
effectiveness as the document pools expand. While larger docu-
ment pools consistently enhance model effectiveness, our results
show that resource-constrained implementations remain viable,
as competitive performance levels can be achieved under limited
computational budgets, while maintaining the flexibility to scale.

5 Conclusions and Future Work

This paper introduces a framework that aimed at improving syn-
thetic training data generation for dense retrieval, representing a
shift from post hoc filtering methods. While our implementation
focuses on Web retrieval, the principle of using preference optimiza-
tion to align data generation with task performance can be applied
to other systems that rely on synthetic data. Rather than treating
query generation and filtering as separate steps, our results suggest
that explicitly integrating ranking objectives into the generator
training process leads to more robust and data-efficient systems.
The empirical improvements we observe validate the proposed ap-
proach, pointing toward a promising direction for developing more
effective synthetic data generators for dense retrieval training.
Future work may focus on rewards beyond the use of ranker
and LLM-based ranking signals, e.g. by incorporating task-specific
signals to promote generalization. In addition, while we currently
employ a single model for query generation, using multiple models
could enhance the diversity of synthetic data [7] and improve re-
trieval fine-tuning. Finally, considering the computational cost of
query generation, developing smaller and more efficient generators
without compromising quality is a worthwhile future direction.
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