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C2FRanker: Coarse-to-Fine Passages Re-ranking
Using Large Language Models

Renyu Duan
Zhejiang University
Hangzhou, China
dryzju @zju.edu.cn

Abstraci—Large language models (LLMs) have exhibited re-
markable 2ero - shot generalization capabilities across an exten-
sive spectrum ol language - related tasks. Recent investigations
have revealed that LLMs have attained state - of - the -
art performance in passage ranking tasks. Nevertheless, the
utilization of commercial LLM application programming inter-
faces (APIs) for p o king poses a sub ial chall
owing to their exorbitant operational costs, especially in pairwise
ranking methods. This problem severely restricts the practical
applicability and deployment of LLMs. In this research, we delve
inte the exploration of how to achieve performance equivalent to
that of commercial models while capitalizing on open - source,
low - cost alternatives. Eventually, we put forward a novel
ranking method named C2FRanker (Coarse - to - Fine Ranker),
which iner Iy sim I bl h

y plex p This approach
tes the strengths of pointwise and listwise methods, It
retains the cost - effectiveness advantage of pointwise methods,
incorporates the global contextual awareness characteristic of
listwise methods, and attains performance on a par with pairwise
methods. Our experiments valid that C2FRank which
loys a 3B - model, yields competitive outcomes
on the TREC DL and BEIR retrieval test sets, comparable to
thase of the most advanced commercial models.
Index Terms—Passages Re-ranking, Coarse-to-Fine, Large
Language Models

1. INTRODUCTION

The rapid evolution of large language models (LLMs),
such as GPT4 and ChatGPT, has transformed the landscape
of natural language processing (NLP), with these models
demonstrating exceptional zero-shot generalization across a
wide range of language-related tasks. One of the most promis-
ing applications of LLMs is in the field of information
retrieval (IR), particularly in passage ranking, where LLMs
can significantly enhance search results by understanding and
generating human-like text. Recent studies have shown that
LLMs can achieve state-of-the-art performance in passages
ranking tasks, outperforming traditional methods in several
benchmarks. However, despite their potential, the deployment
of commercial LLM APIs for passages ranking is hindered by
the high operational costs, especially when employing pairwise
ranking methods. This limitation severely impacts the practical
applicability and scalability of LLMSs in real-world systems.

To address these challenges, recent research has focused on
ways to reduce the reliance on expensive commercial LLMs
while maintaining competitive performance. For example, Sun
et al. [1] demonstrated that generative LLMs like ChatGPT

Peng Zhang
Zhejinng University
Hangzhou, China
pengz @ zju.edu.cn

and GPT-4 can deliver supetior results to state-of-the-art su-
pervised methods on established IR benchmarks such as TREC
and BEIR. This finding sugpesis that with proper prompting,
LLMs can perform as well as or even better than traditional
ranking systems, thus offering a compelling case for their
application in search engines and other retrieval tasks,

Neverthel the ational cost of using LLMs in
real-world ranking tasks remains a significant barrier. Pair-
wise ranking, in particular, requires multiple calls to LLMs,
which can be computationally expensive. Pairwise Ranking
Prompting (PRF) (2], a method that efficiently otilizes pairwise
comparisons within LLM prompis to reduce compuiational
overhead while maintaining competitive ranking performance.
By simplifying the ranking process and utilizing query-
document pairs, PRP reduces the burden on LLMs, enabling
better resource management without sacrificing performance.
EcoRank (3] addresses the issue of high cost in passages re-
ranking by carcfully sclecting L1M APIs, designing efficient
ranking prompts, and effectively splitting the budget. However,
it has limitations in terms of evaluation metrics, such as
NDCG®@1, NDOG@S5, and NDCG@ 10 [4], which are more
commonly used in IR tasks.

Despite the ad in optimizing the efficiency of
LLM-based ranking methods, most solutions still rely heav-
ily on large, commercial LLMs, which continue to be pro-
hibitively expensive for widespread use. To overcome this
limitation, we introduce C2FRanker (Coarse-to-Fine Ranker),
a novel ranking method that incrementally simplifies complex
ranking tasks. C2FRanker combines the strengths of pointwise,
listwise approaches. It retains the low-cost benefits of point-
wise methods, integrates the global contextual awareness of
listwise methods, and achieves performance on par with pair-
wise methods, all while maintaining significant computational
cfficiency.

Our approach, C2FRanker, utilizes open-source, low-cost
models and demonstrates that it is possible to achieve com-
petitive performance in passage ranking tasks without the high
operational costs associated with commereial LLM APIs. We
evaluate the performance of C2FRanker on the TREC DL and
BEIR retrieval test sets, using gwen2.5-3b-instruct [5], and
show that it achieves results comparable to the most advanced
commercial models, making 1t a viable solution for real-world
applications.
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