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Abstract

Dense retrieval methods, which encode queries and documents into a shared seman-
tic embedding space, have achieved strong performance in information retrieval tasks.
However, their effectiveness diminishes in scenarios with limited or no domain-specific
training data. To mitigate this limitation, recent approaches have leveraged large lan-
guage models (LLMs) for query refinement in unsupervised dense retriever systems. A
promising direction within this line of research involves using LLMs to assess the rel-
evance of initially retrieved documents, and then incorporating the resulting relevance
feedback to update the query embedding. Despite promising early results, a systematic
investigation of how different prompting strategies and query update mechanisms influ-
ence retrieval performance remains absent. In this study, we explore four prompting
strategies—Zero-Shot, Few-Shot, Role-Playing, and Chain-of-Thought—to guide LLMs
in performing relevance judgments. Furthermore, we evaluate various query update
formulas that utilize embeddings of LLM-identified relevant documents to refine query
representations. Our experiments, conducted on two datasets and using two open-source
LLMs, demonstrate that carefully crafted prompting combined with effective query up-
dates can substantially enhance retrieval performance. These findings provide valuable
insights for optimizing LLM-guided relevance feedback in unsupervised dense retrieval.
All code and datasets are available at https://github.com/ftmkm97/ReFeed-IR.git.

Keywords: Dense Retrieval, Relevance Feedback, Large Language Models

1. Introduction

Recent progress in transformer-based language models has led to notable improvements
in dense retrieval methods [1, 2|, which represent queries and documents within a shared
semantic embedding space [3]. While dense retrieval models have demonstrated significant
advantages over traditional exact term matching methods such as BM25 [4], their deploy-
ment remains challenging in low-resource settings where substantial training data is lacking
[5, 6].

To address the limitations posed by the lack of domain-specific training data, recent
research has explored unsupervised dense retrieval methods that leverage Large Language
Models (LLMs) to generate hypothetical documents. These generated documents serve as
proxies to retrieve the most semantically similar real documents. For instance, HyDE [7]
prompts an LLM to generate hypothetical passages based on the query, which are then used
to retrieve relevant documents. However, such approaches heavily depend on the paramet-
ric knowledge stored within the LLM, which may limit their applicability in out-of-domain
or proprietary corpora [8]. To overcome this, recent studies have proposed alternative ap-
proaches that leverage LLMs for relevance estimation rather than hypothetical document
generation. For example, the ReDE-RF framework [8] begins by retrieving an initial set of
candidate documents through a fully unsupervised dense retrieval. These documents are
then presented to an LLM, which is prompted to classify them as either relevant or non-
relevant to the query. Based on the documents identified as relevant, their embeddings are
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extracted and used to construct an updated query representation. Notably, this approach
does not require the LLM to generate any new textual content. As a result, the revised
query vector benefits from LLM-guided semantic refinement while remaining grounded in
the actual data, making it more robust for out-of-domain applications.

Despite promising early results from recent work on unsupervised dense retrieval methods
that leverage LLMs for relevance feedback, a systematic investigation into the impact of dif-
ferent prompting strategies and query update mechanisms on retrieval performance remains
lacking. In this paper, we explore the effectiveness of four prompting strategies—Zero-Shot,
Few-Shot, Role-Playing, and Chain-of-Thought—to guide LLMs in making relevance judg-
ments. Furthermore, we investigate the impact of various query vector update formulations,
wherein the updated query is computed using the embeddings of documents identified as
relevant through LLM-based feedback.

To summarize, our contributions are threefold: (1) we conduct a comprehensive study
of prompting strategies for LLM-guided relevance estimation in unsupervised dense re-
trieval; (2) we propose and compare multiple formulations for query refinement based on
LLM-generated feedbacks; and (3) we perform extensive experiments on two benchmark
datasets—TREC DL19 [9] and TREC DL20 [10]—as well as on several low-resource retrieval
datasets from BEIR [6]—evaluating performance across two LLMs, Mistral and Llama.

2. Methodology

In this section, we describe our approach to enhancing unsupervised dense retrieval with
LLM-guided relevance feedback. Following [8], we first retrieve top-k candidate documents
Dinit for a query ¢ using a standard dense retriever (e.g., Contriever [11]). An LLM then
evaluates the relevance of each document, and the subset of relevant documents Drel C Djy;4
is used to refine the query representation. The prompting strategies and query update
mechanisms are detailed in Subsections 2.1 and 2.2, respectively.

2.1. Prompting Strategies

Given a query ¢ and its initially retrieved candidate documents D;y;, we aim to leverage a
LLM to estimate the relevance of each document d; € D;y,;; with respect to ¢. Unlike ReDE-
RF [8], which uses binary relevance labels, we adopt a four-point scale: 0 (Irrelevant), 1
(Related), 2 (Highly relevant), and 3 (Perfectly relevant), enabling finer-grained feedback
for query refinement. We evaluate four main prompting strategies: Zero-Shot [12], Few-
Shot [13], Role-Playing [14], and Chain-of-Thought [12]. Additionally, we introduce a hybrid
prompting strategy that combines Few-Shot, CoT, and Role-Playing elements to guide LLM
relevance judgments more effectively. Prompt templates are provided in Appendix A.

2.2. Query Refinement.

After identifying relevant documents D, via LLM-based judgments, we refine the original
query ¢ to incorporate their semantic signal. Denoting the original query embedding as
vg, the updated embedding vy, is computed using one of the strategies described below to
enhance downstream retrieval performance.

(1) ReDE-RF Formula. Following [8], the updated query embedding is obtained by
averaging the original query embedding with embeddings of the relevant documents, serving
as our baseline for comparison with the proposed query refinement methods.

kT
1
vy = m(vq + Z vd,) (2.1)
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In this equation, k' indicates the total number of documents marked as relevant by the
LLM and vg, represents the embedding of the i-th relevant document.

(2) Contrastive Query Update (CQU). Inspired by the Rocchio algorithm [15], CQU
refines the query by moving it toward relevant documents and away from non-relevant ones,
using the difference between their average embeddings.
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The variable k£~ indicates the number of non-relevant documents (i.e., documents assigned a
label of 0 by the LLM). Finally, « is scalar hyperparameters that determine the contribution
of the original query vector and the contrastive feedback signal in the updated embedding.
(3) Weighted Relevance Query Update (WRQU). WRQU computes a weighted av-
erage of relevant document embeddings, where each weight w; corresponds to the LLM-
assigned relevance score (1-3), giving more influence to highly relevant documents in query
refinement.

List i V) (2.)

The weight w; € {1, 2,3} reflects the relevance score assigned to document d; by the LLM.

vy =a-vg+ (1 —a)-(

3. Experiments and Results

3.1. Experimental Settings

Dataset. We conduct our evaluations on two datasets: TREC DL19 [9] and TREC
DL20 [10]. In addition, we evaluate our methods on four low-resource retrieval datasets
from BEIR [6], including TREC Covid, Touche 2020, nfCorpus, and SciFact.

LLMs. We use two open-source models—Mistral-7B-Instruct [16] and Llama3.2 [17]—as
LLM judges for document relevance. All models are executed locally using Ollama'. Fol-
lowing the setup in [8], we set k = 20 to retrieve the top candidate documents, which are
subsequently provided to the LLM for relevance judgment.

Baseline. We use ReDE-RF [8] as our primary baseline, which first proposed a zero-shot
dense retrieval approach leveraging LLM-guided relevance feedback. ReDE-RF shows that
estimating the relevance of initially retrieved documents—without domain-specific train-
ing—can substantially improve retrieval. We adopt their original setup to evaluate the
effectiveness of our prompting strategies and query reformulation methods, using the unsu-
pervised Contriever [11] for dense retrieval.

3.2. Results

This section presents the findings based on the below research questions:
RQ1. What is the effect of different LLM prompting strategies for relevance feedback on
dense retrieval performance?
RQ2. How do different query update strategies based on relevant documents affect dense
retrieval performance?
RQ3. How does document length affect the effectiveness of different LLM prompting strate-
gies for relevance feedback?
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3.2.1. Effect of Prompting Strategies on Retrieval Performance (RQ1).

Table 1 presents retrieval performance across different prompting strategies on two datasets
(DL19 and DL20) and two LLMs. To isolate the effect of prompting strategies (RQ1), all
results are obtained using a fixed query refinement method, namely ReDE-RF, which
integrates LLM-generated graded relevance feedback into the dense query representation.
Values indicate average NDCG@10 scores, with percentage improvement (A) over the Zero-
Shot baseline from [8]. The * symbol denotes statistical significance on a paired t-test with
p < 0.05.

Results show that Few-shot prompting consistently improves performance relative to
Zero-Shot, with statistically significant gains for Mistral across both datasets. Role-Playing
and CoT strategies also generally outperform the baseline, though in two cases small, statis-
tically insignificant declines occur. Most notably, the Hybrid approach delivers the largest
and most consistent improvements, reaching up to 20% NDCG@10 gains with strong sta-
tistical significance across LLMs and datasets. These findings highlight the importance of
carefully selecting and combining prompting strategies to maximize retrieval effectiveness
with LLM-based relevance feedback.

Dataset LLM | Zero-Shot | Few-Shot ~ A | Role-Playing A | CoT A | Hybrid A

DL19 Mistral 49.2 52.1% +5.81 52.3% +6.26 | 49.5 +0.60 54.4*  410.52
LLaMA 49.7 50.4 +1.48 49.1 -1.18 | 54.7% 410.08 | 58.0%*  416.78
DIL20 Mistral 44.6 48.0%* +7.60 46.1 +3.47 | 44.5 -0.20 51.4*%  415.19
LLaMA 44.4 45.4 +2.28 45.6* +2.65 | 50.6% +13.89 | 53.4*  420.26

Table 1. NDCG@10 results for different prompting strategies across datasets and LLMs.

3.2.2. Effect of Query Update Strategies on Retrieval Performance (RQ2).

This section investigates the impact of different query embedding update methods (see
Section 2.2) on retrieval performance. Specifically, we examine how incorporating informa-
tion from relevant documents—obtained through LLM-generated relevance feedback—affects
query representations and, consequently, retrieval effectiveness. We systematically evaluate
multiple query embedding update strategies, including CQU (Equation 2.2) and WRQU
(Equation 2.3), relative to our baseline formulation, ReDE-RF (Equation 2.1).

Table 2 reports the results for the Mistral model across prompting strategies and datasets,
where the hyperparameter « is fixed to 0.5. Overall, both CQU and WRQU consistently
outperform ReDE-RF, with particularly strong gains under Zero-Shot, Chain-of-Thought,
and Hybrid prompting. For example, WRQU achieves improvements of up to +13.53% on
DL19 and +11.99% on DL20, while CQU also demonstrates notable gains under similar set-
tings. Marginal declines observed in certain Few-Shot cases are not statistically significant.
Results for LLaMA exhibit similar patterns and are provided in in our public repository.

In both update formulas, the hyperparameter a controls the balance between the origi-
nal query vector and LLM-judged relevant document information. Its effect on NDCG@10
across DL19 and DL20 for the Mistral model is illustrated in Appendix B. For CQU, per-
formance generally improves as « increases to approximately 0.5, then gradually declines.
WRQU performs best at lower o (0.1-0.3), suggesting that it is most effective when the
updated embedding relies primarily on relevant document signals.

3.2.3. Effect of Document Length on Retrieval Performance (RQ3).

Table 3 reports the NDCG@10 scores for different prompting strategies—Zero-Shot, Few-
Shot, Role-Playing, Chain-of-Thought (CoT), and Hybrid—across four BEIR datasets using



Dataset Method ‘ Zero-Shot A ‘ Few-Shot A ‘ Role-Playing A ‘ CoT A ‘ Hybrid A
ReDE-RF 49.28 - 52.14 - 52.37 - 49.58 - 54.47 -
DL19 CQU 54.90* +11.40 51.53 -1.17 54.95 +4.92 | 55.64*% +12.23 56.73 +4.14
WRQU 55.95% +13.53 55.78* +6.96 57.64* +9.73 | 56.21* +13.37 | 58.48% 47.36
ReDE-RF 44.64 - 48.04 - 46.19 - 44.55 - 51.42 -
DL20 CQU 47.22 +5.77 49.90 +3.87 47.54 +2.92 46.19 +3.67 55.39%  47.71
WRQU 50.00%* +11.99 51.10* +6.37 51.58% +11.66 | 50.00% +12.23 54.81 +6.57
Table 2. NDCGQ10 results for Mistral across different prompting methods and datasets
using CQU and WRQU query update strategies, with « fixed to 0.5.
Dataset Method ‘ Zero-Shot A ‘ Few-Shot A ‘ Role-Playing A ‘ CoT A Hybrid A
ReDE-RF 26.88 - 30.87 - 30.23 - 30.85 - 32.06 -
Covid CQU 41.35%*%*  +53.79 40.86** +32.34 42.86%** +41.73 | 41.27**%*  +33.78 | 42.28%%*  131.86
WRQU 29.89** +11.15 31.32 +1.45 33.43%* +10.57 | 33.91%* +9.92 32.06 -0.01
ReDE-RF 12.25 - 12.94 - 12.39 - 12.41 - 12.91 -
Touche CQU 17.21%* +40.48 16.98** +31.24 16.77%* +35.29 17.03%* +37.25 15.71%* +21.62
WRQU 16.65%  +35.88 | 16.33**  +26.15 15.80%* 42750 | 15.71%% 426,58 | 16.20%*  +26.14
ReDE-RF 29.04 - 30.72 - 29.3 - 29.06 - 31.14 -
nfCorpus  CQU 35.45%%% 192,05 | 33.12%%  +7.82 34.59%FF 11772 | 34.97F%%  120.31 | 34.85%%%  +11.92
WRQU 34.60%**  +19.14 | 33.87***  1+10.26 34.98%** +19.04 | 34.86*** +19.93 | 35.17***  +12.96
ReDE-RF 56.15 - 60.72 - 56.93 - 56.61 - 58.79 -
SciFact CQU 64.07%F*  +14.10 60.60 -0.19 64.94%** +14.06 | 64.51***  +13.95 61.77* +5.05
WRQU 63.30%*F*  +16.29 | 64.75%** +6.63 65.61%** +15.23 | 65.69%**  +16.04 | 64.45%**  19.62

Table 3. NDCGQ10 results for different prompting strategies across BEIR datasets using
Mistral model (o = 0.5). All values are reported as percentages.

the Mistral model, with « fixed to 0.5. The A column represents the percentage improve-
ment over the Zero-Shot baseline with ReDE-RF, and statistical significance is indicated as *
p<0.05, ** p<0.01, and *** p<0.001. The results demonstrate that both CQU and WRQU
query update strategies substantially improve retrieval performance across all datasets. On
the Covid dataset, CQU yields large gains, with +53.79% for Zero-Shot, +32.34% for Few-
Shot, and +41.73% for Role-Playing prompting, whereas WRQU also provides notable im-
provements, such as +11.15% for Zero-Shot and +10.57% for Role-Playing. On Touche,
CQU consistently outperforms ReDE-RF, achieving up to +40.48% under Zero-Shot and
+37.25% with CoT prompting, while WRQU delivers gains between +26.14% and +35.88%.
Similar trends are observed for nfCorpus and SciFact, where CQU frequently achieves im-
provements above +20% with strong statistical significance, and WRQU provides consistent,
significant gains as well. Across all datasets, the Hybrid prompting strategy tends to reach
the highest NDCG@10 scores, highlighting that combining multiple prompting approaches
remains beneficial irrespective of document length. These findings indicate that document
length does not constrain the effectiveness of LLM-based relevance feedback, and that in-
tegrating relevant document information through CQU or WRQU reliably enhances dense
retrieval performance, with statistically significant improvements in the majority of cases.

4. Conclusion

In this study, we systematically examined the impact of different prompting strategies
and query update methods in LLM-assisted dense retrieval systems. The results demon-
strate that the proposed query update methods consistently enhance information retrieval
performance. Additionally, we show that alternative prompting techniques, beyond simple
Zero-shot prompting, can significantly influence retrieval outcomes. These insights empha-
size the importance of combining effective prompting and embedding updates to boost dense
retrieval accuracy.
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Appendix A. Prompt Templates for LLM-based Relevance Estimation

This appendix provides the exact prompt templates used for all prompting strategies
evaluated in this work. Prompts are shown verbatim to ensure full reproducibility.

Read the following query and document. Evaluate the degree to which the document answers or is
relevant to the query. Use the following 4-point scale to assign a relevance label:

-0 = Not relevant: The document does not address the query at all.

- 1= Slightly relevant: The document only mentions a related concept but does not answer the query.
-2 = Relevant: The document addresses the query but not comprehensively.

-3 = Highly relevant: The document directly and clearly answers the query.

Think critically and use your reasoning ability and internal knowledge. Output only the final label on the
last line. Do not provide any explanations or additional text on the last line.

Query: {}
Document: {}
Label:

Read the following query and document. Evaluate the degree to which the document answers or is
relevant to the query. Use the following 4-point scale to assign a relevance label:
-0 = Not relevant: The document does not address the query at all.
- 1= Slightly relevant: The document only mentions a related concept but does not answer the query.
-2 = Relevant: The document addresses the query but not comprehensively.
-3 = Highly relevant: The document directly and clearly answers the query.

Here are some examples:
Example: {}
Query: {}
Document: {}
Label: {}

Think critically and use your reasoning ability and internal knowledge. Output only the final label on the
last line. Do not provide any explanations or additional text on the last line.

Query: {}
Document: {}
Label:

Figure 1. Prompt templates for relevance estimation: (left) Zero-shot prompt; (right)

Few-shot prompt.

You are an expert judge of content. Your job is to evaluate how relevant each document is to a user’s
query. Use the following 4-point scale to assign a relevance label:

-0 = Not relevant: The document does not address the query at all.

-1 =Sslightly relevant: The document only mentions a related concept but does not answer the query.
-2 = Relevant: The document addresses the query but not comprehensively.

- 3 = Highly relevant: The document directly and clearly answers the query.

Think critically and use your reasoning ability and internal knowledge. Output only the final label on the
last line. Do not provide any explanations or additional text on the last line.

Query: {}
Document: {}
Label:

Read the following query and document. Evaluate the degree to which the document answers or is
relevant to the query.

First, identify what the user is trying to find out from the query.

Second, explain what the document is about.

Third, analyze how much the document helps answer or explain the query.
Based on this analysis, use the following 4-point scale to assign a relevance label:

-0 = Not relevant: The document does not address the query at all.
= Slightly relevant: The document only mentions a related concept but does not answer the query.
elevant: The document addresses the query but not comprehensively.

Highly relevant: The document directly and clearly answers the query.

Think critically and use your reasoning ability and internal knowledge. Output only the final label on the
last line. Do not provide any explanations or additional text on the last line.

Query: {}
Document: {}
Label:

Figure 2. Prompt templates for relevance estimation: (left) Role-Playing prompt; (right)

Chain-of-Thought prompt.

Second, explain what the document is about.

Here are some examples:
Example: {}
Query: {}
Document: {}
Label: {}

Query: {}
Document: {}
Label:

You are an expert judge of content. Your job is to evaluate how relevant each document is to a user’s query.
First, identify what the user is trying to find out from the query.

Third, analyze how much the document helps answer or explain the query.
Based on this analysis, use the following 4-point scale to assign a relevance label:

-0 = Not relevant: The document does not address the query at all.

lightly relevant: The document only mentions a related concept but does not answer the query.
elevant: The document addresses the query but not comprehensively.

Highly relevant: The document directly and clearly answers the query.

Think critically and use your reasoning ability and internal knowledge. Output only the final label on the last line.
Do not provide any explanations or additional text on the last line.

Figure 3. Hybrid prompt combining role-playing, few-shot examples, and chain-of-
thought reasoning for fine-grained relevance estimation.

Appendix B. Effect of the Update Coefficient «

This appendix analyzes the sensitivity of retrieval performance to the update coefficient
« used in the query embedding update formulas.
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