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1 Introduction

Traditional search and retrieval systems often rely on static
user profiles or past interactions, which may fail to capture
rapidly changing user intents—particularly in multi-turn or
session-based search scenarios. With the recent advance-
ments in Large Language Models (LLMs), there is an op-
portunity to better understand user preferences and session
context dynamically, without costly manual intervention. In
this project, we leverage the capabilities of LLMs to perform
query rewriting using user behavior information, with the
goal of generating more personalized queries that reflect the
user’s intent more accurately. Additionally, we explore the
impact of incorporating negative document examples dur-
ing the training of the retrieval model, aiming to improve
its overall performance.
Our objectives are:
(1) Investigate the effectiveness of LLM-generated query
rewrites in enhancing personalized search
(2) Examine whether hard negatives can further boost the
relevance and accuracy of the retrieved results.

2 Related Work

With the growing advancements in Large Language Mod-
els (LLMs), many recent studies have focused on leveraging
LLMs to generate training data.
Liu et al.[4] introduces natural language rewrite rules

to enhance complex query reformulation, aiming to make
rewritten queries more interpretable and effective. Sun et
al.[8] applies a rule-based and step-by-step prompt strategy
to guide LLMs in generating high-quality rewritten queries,
achieving significant improvements. Sinha et al.[7] explores
query and negative sample generation for retrieval model
training and demonstrates competitive performance. These
approaches highlight the utility of LLM-generated data in
improving retrieval models while reducing the need for man-
ual annotations.
In addition to query rewriting, several works have ex-

plored the effectiveness of incorporating negative samples
during training. Zhan et al.[12] provide a comprehensive
analysis of negative sampling strategies and their impact
on retrieval performance. Nguyen et al.[5] propose selecting
negatives based on their similarity to positive documents

rather than queries, using a Vietnamese dataset. Yang et
al.[11] suggest sampling more informative negatives from a
constrained region in the embedding space to boost model.

3 Methodology

3.1 Data Construction

In this project, we use the TREC 2014 Session Track[2]
dataset for both training and evaluation. This dataset con-
sists of multiple search sessions from different users. Each
session contains a topic description and a sequence of user
interactions. Each interaction includes a query, the corre-
sponding retrieved search results, and optionally, a set of
user-clicked documents. To construct training samples, we
extract (query, clicked document) pairs by mapping each
query to the first user-clicked document within the same in-
teraction. There are total 1041 pairs, 936 samples for train-
ing and 105 samples for testing. For the query rewriting
process, we further extract and provide the session topic,
previously issued queries, and previously clicked documents
as additional context for the LLMs. This contextual infor-
mation helps the model better understand user intent and
generate more personalized rewritten queries.

3.2 Query Rewrite

We applied a query rewriting strategy using two open-source
LLMs: LLaMA[9] and Mistral[3]. In our initial approach, we
directly provided the contextual information—including the
session topic, previous queries, and clicked documents—and
prompted the LLM to rewrite the current query. The sys-
tem prompt and an example of the output are illustrated in
Fig. A. Upon examining the rewritten queries, we observed
that they often contained redundant information or irrele-
vant details. To address this issue, we refined our strategy
in two ways: (1) constraining the length of the generated
query and (2) instructing the LLM to generate only rele-
vant keywords. The updated system prompts and example
outputs for these two approaches are shown in Fig. A and
Fig. A, respectively. As shown in the figures, these refine-
ments led to more concise and focused queries that better
aligned with the user’s current intent.
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3.3 Retrieval Model

After data preprocessing, we implemented our re-
trieval system using a traditional BiEncoder architec-
ture. We experimented with two pretrained encoders:
sentence-transformers/msmarco-MiniLM-L-6-v3 [6],
and BAAI/bge-base-en-v1.5 [10].
In this setup, both queries and documents are indepen-

dently encoded into dense vector representations. We then
compute the cosine similarity between the query embedding
and all document embeddings in the corpus to retrieve the
top-ranked documents. For training, we employed two types
of loss functions. When only positive query-document pairs
were available, we used cross-entropy loss. When both pos-
itive and negative samples were present, we applied the In-
foNCE loss to encourage the model to distinguish relevant
documents from hard negatives more effectively.

3.4 Negative Data

To improve the retrieval performance, we incorporated neg-
ative training samples using two mining strategies: static
BM25-based negatives and dynamically mined negatives
from the training BiEncoder.
For the static approach, we used the BM25 [1] algo-

rithm to retrieve top-ranked documents for each query. The
highest-ranked document that is not the ground-truth pos-
itive was selected as the hard negative example for that
query.
In the dynamic approach, we began training with the

BM25-based negatives during the initial warm-up epochs.
Afterward, we switched to using the current state of the
BiEncoder model to retrieve hard negatives. This dynamic
mining strategy ensures that the negative samples better
reflect the model’s evolving understanding, allowing it to
learn to distinguish more challenging and semantically sim-
ilar documents.

4 Experiments

Based on the preprocessing strategies, LLM-based query
rewriting, and training settings described above, we con-
ducted retrieval experiments using both the original queries
and three variants of rewritten queries generated by two dif-
ferent LLMs. The retrieval evaluation was performed using
the baseline BM25 and two trained BiEncoder models, with
and without the use of negative data mining strategies.

4.1 Evaluation Metrics

To evaluate the performance of our retrieval system, we use
the following standard information retrieval metrics, com-
puted based on the ranking of the single positive document
among the retrieved results:

• Hit@k: Measures whether the positive document ap-
pears within the top-k retrieved results. It is a binary

indicator of success.

• MRR@k : Evaluates how early the positive document
appears in the ranking by computing the reciprocal of
its rank, averaged over all queries.

• NDCG@k : Assesses the ranking quality by assigning
a relevance score of 1 to the positive document and 0 to
all others, then computing the DCG and normalizing it
by the ideal DCG.

4.2 Rewrite Prompt Template

We evaluated the effectiveness of different query rewriting
strategies using BM25 as a baseline retrieval model. As
shown in Table1, appending keywords generated by LLaMA
to the user’s original query consistently improves retrieval
performance across all three metrics.

In contrast, rewriting the entire query with LLMs results
in a slight performance drop compared to using the origi-
nal query. We attribute this to the fact that the generated
queries often include redundant words, such as adjectives or
conjunctions, which may introduce noise and distract the
retrieval model, ultimately affecting the similarity compu-
tation between the query and the document corpus.

4.3 LLMs

Building on the effectiveness of the rewritten keyword strat-
egy, we further analyzed the performance of two different
Large Language Models: LLaMA and Mistral. Both models
were used to generate keyword-based query rewrites, which
were then used to train and evaluate the retrieval systems.

As shown in Table2, the keywords generated by LLaMA
consistently outperform or match the performance of those
generated by Mistral across most scenarios. The only ex-
ception occurs at k = 10 with BM25, where Mistral slightly
outperforms LLaMA. This suggests that, overall, LLaMA is
more effective in producing concise and relevant keywords
that enhance retrieval performance.

4.4 BiEncoder Models

As shown in Table3 and Table4, we present the retrieval
performance across all experimental settings for both the
BGE and MiniLM encoders. The ”Improvement” column in
each table represents the average difference in performance
metrics compared to the baseline BM25 model.

We observe that all configurations using the BGE encoder
show consistent performance improvements across various
query versions. Notably, the rewritten keyword strategy us-
ing LLaMA achieves the best results, even outperforming
the original query. This suggests that BGE effectively lever-
ages the semantic richness of the query rewrites.

For the MiniLM encoder, the performance is slightly lower
than BGE overall but still competitive. In most cases,
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Query Version Hit@1 Hit@5 Hit@10 MRR@1 MRR@5 MRR@10 NDCG@1 NDCG@5 NDCG@10

Original Query 0.1238 0.3524 0.4476 0.1238 0.2098 0.2224 0.1238 0.2455 0.2761
Rewrite Long Query

(LLaMA)
0.1048 0.2476 0.2952 0.1048 0.1538 0.1594 0.1048 0.1770 0.1916

Rewrite Long Query
(Mistral)

0.1048 0.2667 0.3238 0.1048 0.1678 0.1754 0.1048 0.1926 0.2111

Rewrite Short Query
(LLaMA)

0.1143 0.2000 0.3143 0.1143 0.1479 0.1642 0.1143 0.1610 0.1990

Rewrite Short Query
(Mistral)

0.1143 0.2667 0.3810 0.1143 0.1621 0.1778 0.1143 0.1877 0.2251

Rewrite Keyword
(LLaMA)

0.1524 0.3143 0.4095 0.1524 0.2184 0.2302 0.1524 0.2425 0.2724

Rewrite Keyword
(Mistral)

0.1429 0.3048 0.4476 0.1429 0.2041 0.2233 0.1429 0.2292 0.2756

Table 1: BM25 Performance on Different Query Versions

Model
Query
Version

Hit@1 Hit@5 Hit@10 MRR@1 MRR@5 MRR@10 NDCG@1 NDCG@5 NDCG@10

BM25
Rewrite Keyword

(LLaMA)
0.1524 0.3143 0.4095 0.1524 0.2184 0.2302 0.1524 0.2425 0.2724

Rewrite Keyword
(Mistral)

0.1429 0.3048 0.4476 0.1429 0.2041 0.2233 0.1429 0.2292 0.2756

BGE
Rewrite Keyword

(LLaMA)
0.2476 0.4476 0.5619 0.2476 0.3221 0.3373 0.2476 0.3535 0.3904

Rewrite Keyword
(Mistral)

0.2095 0.3714 0.4571 0.2095 0.2681 0.2796 0.2095 0.2938 0.3216

MiniLM
Rewrite Keyword

(LLaMA)
0.1714 0.3619 0.4762 0.1714 0.2479 0.2621 0.1714 0.2767 0.3126

Rewrite Keyword
(Mistral)

0.1429 0.3619 0.4762 0.1429 0.2251 0.2417 0.1429 0.2592 0.2975

Table 2: LLMs Rewrite Performance on Rewrite Keyword

MiniLM performs evenly or better than BM25. These re-
sults confirm that both encoders, when used within the Bi-
Encoder architecture, provide effective and robust solutions
for document retrieval in a session-based setting.

4.5 Negative Data Strategy

The performance of retrieval models trained with negative
documents per query is displayed in Table3 and Table4.
From the results, we observe consistent performance im-
provements across all configurations that incorporate static
or dynamic negative data mining.

In particular, the dynamic hard negative strategy yields
the most significant gains. The LLaMA keyword rewrite
approach shows the greatest improvement under this setting,
achieving an average performance boost of 0.13 with the
BGE encoder and 0.11 with the MiniLM encoder. This is a
significant enhancement, bringing the rewritten queries to a
performance level comparable to or even surpassing that of
the original queries which is something not achieved when
training solely on query-positive pairs.

Moreover, the comparison between static and dynamic
negative mining demonstrates the superior effectiveness of
dynamically mined negatives, which better align with the
model’s evolving decision boundary during training.

5 Conclusion

In this project, we explored various query rewriting strate-
gies using two Large Language Models (LLMs), LLaMA and
Mistral, and integrated them into a retrieval system based
on BiEncoder architectures. We also investigated the impact
of incorporating hard negative samples—both static and dy-
namically mined—into the training process. Based on the
evaluation results, we summarize the following key findings:
(1) LLMs demonstrate the ability to generate meaningful
queries by leveraging session context and user intent.
(2) The effectiveness of query rewriting heavily depends on
well-designed prompts tailored to the retrieval task.
(3) Expanding queries with relevant keywords is more ef-
fective than fully rewriting queries, as it reduces noise and
preserves the original intent.
(4) Incorporating negative documents during training sig-
nificantly improves model performance across all metrics.
(5) Dynamically mined hard negatives further enhance per-
formance by helping the model adapt progressively, leading
to the best results.
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Query Version Hit@1 Hit@5 Hit@10 MRR@1 MRR@5 MRR@10 NDCG@1 NDCG@5 NDCG@10 Improv.

Original Query 0.2381 0.4571 0.5048 0.2381 0.3192 0.3257 0.2381 0.3536 0.3691 +0.10
Original Query
(static HN)

0.2000 0.3905 0.5143 0.2000 0.2741 0.2923 0.2000 0.3034 0.3451 +0.07

Original Query
(dynamic HN)

0.2571 0.4381 0.5333 0.2571 0.3184 0.3318 0.2571 0.3480 0.3795 +0.11

Rewrite Long Query
(LLaMA)

0.1238 0.2571 0.3810 0.1238 0.1635 0.1798 0.1238 0.1862 0.2260 +0.03

Rewrite Long Query
(Mistral)

0.1619 0.3048 0.3905 0.1619 0.2106 0.2216 0.1619 0.2339 0.2612 +0.05

Rewrite Short Query
(LLaMA)

0.1619 0.3333 0.4381 0.1619 0.2163 0.2299 0.1619 0.2450 0.2784 +0.08

Rewrite Short Query
(LLaMA + static HN)

0.1714 0.3333 0.4095 0.1714 0.2251 0.2351 0.1714 0.2517 0.2762 +0.08

Rewrite Short Query
(LLaMA + dynamic HN)

0.1810 0.3238 0.4190 0.1810 0.2273 0.2409 0.1810 0.2511 0.2827 +0.08

Rewrite Short Query
(Mistral)

0.1714 0.2952 0.4095 0.1714 0.2178 0.2335 0.1714 0.2371 0.2745 +0.05

Rewrite Short Query
(Mistral + static HN)

0.1524 0.3524 0.4571 0.1524 0.2275 0.2415 0.1524 0.2586 0.2925 +0.06

Rewrite Short Query
(Mistral + dynamic HN)

0.1714 0.2952 0.4762 0.1714 0.2140 0.2390 0.1714 0.2339 0.2933 +0.06

Rewrite Keyword
(LLaMA)

0.2476 0.4476 0.5619 0.2476 0.3221 0.3373 0.2476 0.3535 0.3904 +0.11

Rewrite Keyword
(LLaMA + static HN)

0.2286 0.4476 0.5333 0.2286 0.3089 0.3219 0.2286 0.3434 0.3726 +0.10

Rewrite Keyword
(LLaMA + dynamic HN)

0.2857 0.4190 0.5619 0.2857 0.3352 0.3546 0.2857 0.3562 0.4027 +0.13

Rewrite Keyword
(Mistral)

0.2095 0.3714 0.4571 0.2095 0.2681 0.2796 0.2095 0.2938 0.3216 +0.06

Rewrite Keyword
(Mistral + static HN)

0.1524 0.3810 0.4952 0.1524 0.2249 0.2389 0.1524 0.2631 0.2987 +0.03

Rewrite Keyword
(Mistral + dynamic HN)

0.2190 0.4286 0.5238 0.2190 0.2946 0.3064 0.2190 0.3279 0.3578 +0.09

Table 3: BGE BiEncoder Performance on Different Settings (Improv.: compares to the BM25 baseline)

Query Version Hit@1 Hit@5 Hit@10 MRR@1 MRR@5 MRR@10 NDCG@1 NDCG@5 NDCG@10 Improv.

Original Query 0.1714 0.4762 0.6190 0.1714 0.2710 0.2882 0.1714 0.3214 0.3657 +0.08
Original Query
(static HN)

0.2286 0.4762 0.5524 0.2286 0.3184 0.3284 0.2286 0.3577 0.3821 +0.11

Original Query
(dynamic HN)

0.2762 0.4857 0.6095 0.2762 0.3519 0.3691 0.2762 0.3852 0.4259 +0.15

Rewrite Long Query
(LLaMA)

0.0952 0.2571 0.3048 0.0952 0.1514 0.1576 0.0952 0.1776 0.1927 0.00

Rewrite Long Query
(Mistral)

0.1238 0.2476 0.3048 0.1238 0.1702 0.1776 0.1238 0.1895 0.2078 0.00

Rewrite Short Query
(LLaMA)

0.1429 0.2571 0.3905 0.1429 0.1856 0.2025 0.1429 0.2034 0.2457 +0.04

Rewrite Short Query
(LLaMA + static HN)

0.1524 0.2476 0.3905 0.1524 0.1884 0.2070 0.1524 0.2032 0.2490 +0.05

Rewrite Short Query
(LLaMA + dynamic HN)

0.1810 0.3333 0.4095 0.1810 0.2348 0.2446 0.1810 0.2592 0.2836 +0.09

Rewrite Short Query
(Mistral)

0.1429 0.2571 0.4095 0.1429 0.1814 0.2023 0.1429 0.2000 0.2498 +0.02

Rewrite Short Query
(Mistral + static HN)

0.1429 0.2476 0.3810 0.1429 0.1732 0.1903 0.1429 0.1913 0.2338 +0.01

Rewrite Short Query
(Mistral + dynamic HN)

0.1714 0.2857 0.390 0.1714 0.2122 0.2267 0.1714 0.2304 0.2649 +0.04

Rewrite Keyword
(LLaMA)

0.1714 0.3619 0.4762 0.1714 0.2479 0.2620 0.1714 0.2767 0.3126 +0.03

Rewrite Keyword
(LLaMA + static HN)

0.1714 0.3714 0.4667 0.1714 0.2498 0.2615 0.1714 0.2804 0.3102 +0.03

Rewrite Keyword
(LLaMA + dynamic HN)

0.2667 0.4095 0.5333 0.2667 0.3192 0.3345 0.2667 0.3416 0.3804 +0.11

Rewrite Keyword
(Mistral)

0.1429 0.3619 0.4762 0.1429 0.2251 0.2417 0.1429 0.2592 0.2975 +0.02

Rewrite Keyword
(Mistral + static HN)

0.2000 0.3143 0.4476 0.2000 0.2311 0.2484 0.2000 0.2513 0.2939 +0.03

Rewrite Keyword
(Mistral + dynamic HN)

0.2095 0.4000 0.5810 0.2095 0.2711 0.2968 0.2095 0.3029 0.3629 +0.08

Table 4: MiniLM BiEncoder Performance on Different Settings (Improv.: compares to the BM25 baseline)
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A Rewrite Prompt and Example

Figure 1: Long Query Rewrite Prompt and Example
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Figure 2: Short Query Rewrite Prompt and Example
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Figure 3: Query Keyword Rewrite Prompt and Example
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