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Abstract

Scientific retrieval is essential for advancing scientific knowledge
discovery. Within this process, document reranking plays a crit-
ical role in refining first-stage retrieval results. Recently, LLMs
have become popular reranking backbones for their strong do-
main knowledge. However, standard LLM listwise reranking faces
challenges in the scientific domain. First-stage retrieval is often
suboptimal in the scientific domain, so relevant documents are
ranked lower. Meanwhile, conventional listwise reranking places
the full text of candidates into the context window, limiting the
number of candidates that can be considered. As a result, many
relevant documents are excluded before reranking, constraining
overall retrieval performance. To address these challenges, we ex-
plore semantic-feature-based compact document representations
(e.g., categories, sections, and keywords) and propose CORANK, a
training-free, model-agnostic reranking framework for scientific
retrieval. It presents a three-stage solution: (i) offline extraction of
document features, (ii) coarse-grained reranking using these com-
pact representations, and (iii) fine-grained reranking on full texts of
the top candidates from (ii). This integrated process addresses sub-
optimal first-stage retrieval: Compact representations allow more
documents to fit within the context window, improving candidate
set coverage, while the final fine-grained ranking ensures a more
accurate ordering. Experiments on 5 academic retrieval datasets
show that CoRANK significantly improves reranking performance
across different LLM backbones (average nDCG@10 from 50.6 to
55.5). Overall, these results underscore the interaction between in-
formation extraction and information retrieval, demonstrating how
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1 Introduction

Scientific retrieval [27, 81] is the foundational infrastructure for sci-
entific activities. While current retrievers are effective at retrieving
broadly relevant scientific papers, they often struggle to differen-
tiate among documents covering similar topics [37, 65], failing to
make fine-grained relevance estimation. Therefore, the reranking
stage [8, 26] is particularly important [13], as it refines the first-stage
retrieval to better distinguish between closely ranked documents.

Recently, Large Language Models (LLMs) [15, 47] have signif-
icantly advanced the field of document reranking, particularly
through their application in listwise reranking [39, 70]. In this
setting, LLMs jointly assess a set of retrieved candidates within
their context window and generate a reordered ranking based on
their relevance. Previous works [11, 36, 52, 58] show that LLM-
based listwise rerankers outperform prior embedding-based ap-
proaches [44, 46] on multiple evaluation datasets [73].

The standard practice in LLM listwise reranking [11, 36, 52, 53,
70] is to input the full text of each candidate document into the
context window. In scientific retrieval, however, this approach faces
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Figure 1: We extract semantic features, rerank a larger candi-
date pool with them, and finally refine the shortlist with full
text instead of directly reranking with full text.

key limitations. In the scientific domain, first-stage retrievers often
show limited performance [21, 23, 25], so truly relevant documents
may not rank high enough in the first-stage retrieval. Moreover,
due to the substantial token overhead of full text representation and
finite context length, rerankers can only operate on a limited num-
ber (typically 20 per prompt) [39, 70] of candidates. Consequently,
when the first-stage retrieval is suboptimal, many relevant docu-
ments are excluded from reranking consideration, which inherently
constrains overall performance [55].

A straightforward solution is to expand the context window of
LLM rerankers to handle more candidates. This can be done using
long-context LMs [18, 51] or test-time scaling strategies [69, 83],
such as multi-round reranking [39, 70]. However, these methods
have notable drawbacks: long-context LMs require additional train-
ing [36], suffer from “loss in the middle” problem [17, 33], and incur
high computational costs [38]; sliding windows similarly increase
inference latency and overhead [39, 70]. To better address the limi-
tations, we explore compressing each document’s representation by
abstracting high-level features (e.g., categories, keywords), enabling
more documents to fit within a fixed context window. This achieves
a similar effect to window expansion but with greater efficiency.

We propose CORANK, a zero-shot, model-agnostic reranking frame-
work for scientific retrieval as exhibited in Figure 1. CORANK con-
sists of three stages: (i) Offline Preprocessing: extract high-level
semantic features like categories and keywords from unstructured
scientific documents; (ii) Coarse-grained Reranking: use these
compact representations for an initial ranking and select a subset
of top candidates; (iii) Fine-grained Reranking: rerank the top
candidates using full scientific documents to recover the poten-
tially missing details during information extraction. This integrated
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reranking framework aims to address the suboptimal first-stage
retrieval. Compact representations allow more documents to fit
within the context window, improving candidate set coverage, while
the final fine-grained ranking ensures a more accurate ordering.

We comprehensively evaluate CORANK on five diverse scientific
retrieval datasets spanning computer science [1, 41], biomedical [6],
and clinical [78, 79] domains. Our experiments cover a diversity
of LLM backbones, including both proprietary [14, 47] and open-
source [15, 20, 54] models. Results show that CORANK consistently
outperforms existing LLM-based zero-shot reranking baselines,
achieving an average absolute improvement of +4.9 nDCG@10. No-
tably, our method delivers strong gains even in challenging settings
with suboptimal first-stage retrieval, while also maintaining high
efficiency by reducing token consumption compared to the widely
adopted sliding window strategy [70]. Extensive ablation studies
and further analyses validate the contribution of each component
and demonstrate the robustness of our method.

# 1 We reveal the limitations of LLM listwise reranking in scientific
retrieval.

# 2 We explore semantic features for document representation in
reranking and propose CORANK, a novel zero-shot reranking
framework.

# 3 We show that CORANK significantly improves reranking perfor-
mance of LLM-based listwise approach in scientific retrieval.

These findings underscore how semantic information extrac-
tion and retrieval interact, with pre-analysis of document features
enabling more effective reranking in scientific search.

2 Related Work

2.1 Classical Document Reranking

Document reranking [24, 57, 59] is a critical component in informa-
tion retrieval (IR) [3, 68], especially when high retrieval precision
is required and the first-stage retriever alone is insufficient. Early
reranking methods were lexical and probabilistic [61, 64]. Like early
sparse retrieval methods [3, 60], they relied on term overlap be-
tween the query and document to adjust relevance scores. However,
unlike initial retrieval, rerankers revisit a smaller set of candidate
documents returned by the first stage and apply more sophisticated
weighting or adjustment techniques to refine the ranking. Never-
theless, these approaches were limited by their reliance on exact
matching and failed to capture in-depth semantics [12, 24].

With advances in deep learning, neural reranking methods [16,
76], particularly those based on learning-to-rank [7, 35] frameworks,
became prevalent. These models overcome previous limitations,
capturing semantic similarity beyond surface-level term matches.
The emergence of pre-trained language models (PLMs) [10, 56, 77]
further transformed document reranking [45, 86]. Cross-encoder-
based rerankers [32], in particular, have demonstrated strong per-
formance by modeling query-document relevance scores and opti-
mizing pointwise, pairwise, or listwise loss [91]. Unlike bi-encoder
architectures used in dense retrieval [24], cross-encoders jointly
encode both the query and each candidate document, allowing the
model to directly capture rich dependencies between queries and
documents from first-stage retrieval.
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Figure 2: Overview of our feature extraction pipeline: from unstructured documents, we apply zero-shot LLM information
extraction to obtain document features including categories, sections, pseudo queries, and keywords, which are then combined

into compact representations.

2.2 LLM-Based Listwise Document Reranking

Recently, large language models (LLMs) [49, 75] have revolutionized
the field of NLP. With strong general knowledge and instruction-
following [50] capabilities, LLMs offer a new paradigm for listwise
document reranking. A classic proposal [70] involves placing the
query and a list of candidate documents into the context window
and prompting the LLM to generate a reordered ranking. This
zero-shot strategy has been shown to outperform the traditional
reranking baselines [39, 70].

After the introduction of LLM-based listwise reranking, research
has rapidly extended in several directions. For model development,
works such as RankVicuna [52] and RankZephyr [53] pioneered
open-source reranking LLMs, while RankMistral [36] leveraged
long-context training to adapt LLMs for larger document lists in a
single input. For context-length adaptation, Sliding window strate-
gies [39, 70] partition candidate lists into overlapping chunks for
broader coverage, addressing the limited context windows of LLMs.
For inference efficiency, FIRST [11] improves the speed of listwise
reranking by restricting the process to first-token decoding. Liu
et al. [34] and Li et al. [31] use passage embeddings and chunked
text blocks to represent documents reducing the token cost per
document. From the perspective of self-consistency, ScaLR [58] in-
troduces self-calibration to improve consistency across windows.
Meanwhile, Tang et al. [72] enhance reranking quality through
permutation consistency.

Since our method operates on document representations in a
plug-and-play fashion, it is orthogonal to most previous baselines
and can be applied jointly with them (we illustrate this with the
sliding window strategy in Section 5). Notably, two prior studies [31,
34] have also identified limitations of full-document representations,
but their approaches are fundamentally different from ours: one [34]
adopts non-natural language embeddings, while the other [31]
merely relies on document chunking. Furthermore, their analyses
focus on the general domain, whereas ours is conducted in the
scientific domain.

Overall, our work highlights the limitations of full-document
representations for listwise reranking in scientific retrieval. And
we leverage IE-based features as document representations for

reranking. This makes our contribution novel and significant within
the reranking literature.

3 Preliminary Analysis

In this section, we first define the task of listwise reranking, then
show the limitations of current full-document-based methods and
explore compact and informative document representation options
for reranking in the scientific domain.

3.1 Problem Definition

Reranking Input. Given a query g and a large corpus $, of n
scientific papers, a first-stage retriever selects a ranked list of m
candidate documents C = {p1,p2,....pm} C Pn. Typically we
have m < n due to the scale of the corpus and the finite capacity of
rerankers. This candidate list C is then passed to a reranking model,
which aims to reorder the documents such that more relevant ones
are ranked higher.

Reranking Objective. The goal of document reranking is to find
a permutation o : {1,...,m} —{1,..., m} whose application

C" = [Po(1)s Po(2)s--+sPo(m) ]
orders documents in more accurate descending relevance to q. The
quality is often [11, 36, 70] evaluated using top-k metrics such as
nDCG, with small k values that stress accuracy at the top of the
ranked list.

LLM Listwise Reranking. Large language models can inspect
m candidate documents in their context window and generate a
permutation that reflects their relevance ordering. Formally, the
model acts as follows:

OLLM = LLM(q, C)
Applying this permutation to the candidate list yields

C¢' = [pULLM(l)’ Poyinv(2)> -+ -s pCfLLM(m)]'

3.2 Current Limitations

The standard approach in LLM-based listwise reranking [11, 36, 52,
53, 70] feeds the full text of each candidate into the model’s context
window. While this allows LLMs to capture the complete content
of each document, it faces some challenges in the scientific domain.
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Figure 3: Token efficiency and performance comparison across different document representations. (a) Per-document token
length distribution. (b) nDCG@ 10 scores for different numbers of documents in the context window of single LLM input (c)
Context token overhead to reach equal reranking performance.

Suboptimal First-Stage Retrieval. Unlike in general-domain sce-
narios, first-stage retrievers—whether sparse [45, 60] or dense [19,
80]—struggle to generalize to the scientific domain [5, 73]. This is
due to the complexity of long-tail concepts [22, 23] and the lack
of large-scale supervised training data [5, 29]. Consequently, their
retrieval performance is limited, and truly relevant documents are
often ranked much lower [1].

Token Consumption. Full text representation also introduces
significant token overhead, with individual scientific papers often
consuming hundreds or even thousands of tokens [1, 41, 73]. At
the same time, LLMs have a limited effective context length [9, 84]
and are known to suffer from issues such as positional bias for long
inputs [33, 74]. As a result, full text rerankers are constrained to
operate on a small number of candidates, typically 20 documents
per input prompt [39, 52, 53, 70].

When first-stage retrieval is suboptimal and reranking operates
over a narrow candidate set, the overall reranking performance is
significantly constrained.

3.3 Semantic Features as Alternatives

3.3.1 Semantic Feature Construction. Given the limitations of full
text representations in scientific-domain reranking, we explore an
alternative approach, which is based on document-level semantic
features such as categories and keywords. The intuition is that these
features are both significantly more concise and capable of preserv-
ing the core semantics. Therefore, more candidate documents can
be effectively considered during reranking. Specifically, we examine
the following four types of document semantic features:

Category. Categories [71, 89] offer a high-level topical overview of
scientific documents. Each document is assigned a three-level hier-
archical category path in the format {Category} — {Subcategory} —
{Subsubcategory}, which provides a broad-to-specific classification
on its topic.

Section. Sections [90] consist of multiple subtitle-style strings,
each summarizing a major part of the scientific document. They

capture the internal structure of the document and serve as mid-
level semantic signals that enhance category-level summaries.

Keyword. Keywords [28, 62] are terms or entities that represent
fine-grained lexical concepts within a document. They provide the
most specific information among different granularities.

Pseudo Query. Pseudo queries [22, 63] are synthetic user questions
based on the content. This feature offers a unique query-aligned
perspective of the document, simulating how the document might
be retrieved in real-world scenarios.

These four features represent the most common types of document-
level information extraction (IE) [43, 82], varying in both granu-
larity and style. All semantic features are extracted using LLM-
based information extraction methods [87, 88]. We adopt zero-shot
prompting with instruction-tuned models such as GPT-4.1 [48] and
the Qwen model family [54]. This approach leverages the inher-
ent knowledge of pretrained language models [30, 40] to extract
information without requiring task-specific training [87], while
demonstrating strong generalization across domains and schema
variations [85].

Among these features, sections, keywords, and pseudo queries have
multiple elements for each document. To reduce noise and focus on
the most relevant content, we apply an adaptive selection strategy
during inference time. We compute dense embedding similarities
between the query and each extracted element and retain only
the most relevant: 5 keywords (from 30), 1 pseudo query (from
20), and 1 section (from 3). This improves content relevance while
minimizing token overhead.

However, relying on a single feature often lacks representational
power. For example, using only the category tends to be too coarse-
grained and offers limited discriminative ability, while keywords
alone may lack sufficient context or background information. To
address this, we represent each document using combinations of
features. Specifically, we explore the following four configurations
of different overall granularities.

Form 1. Pseudo Query
Form 2. Category
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Form 3. Category + Section
Form 4. Category + Section + Keywords

Ablation studies on the effect of each specific component can
further be found in Section 5.2.2. The overview of representation
construction is presented in Figure 2.

3.3.2  Empirical Validation. To evaluate the effectiveness of our
feature-based representations, we conduct a series of experiments
on the LitSearch [1], using GPT-4.1-mini [48] as the reranking
backbone. Semantic features are extracted using Qwen3-8B [54].
Following Gangi Reddy et al. [11], we use Contriever [19] as the first-
stage retriever and the similarity encoder for adaptive selection.

Token Length Per Document. We first evaluate the token cost of
different representations. As shown in Figure 3 (a), full text inputs
consume around 200 tokens per document on average, with some
exceeding 5,000 tokens, limiting the number of documents that can
fit into the context window. In contrast, semantic-feature-based
representations (Forms 1-4) are much more compact, each averaging
between 10 and 50 tokens.

Number of Documents in a Single Input. We then evaluate
how different representations perform as the number of candidate
documents increases (up to 200) within a 32k-token context win-
dow. As shown in Figure 3 (b), all representations improve as more
documents are included. In the range of 0 to 80 candidates, full
text representations perform better than feature-based ones. This
is expected, since full text retains complete document information,
though at a much higher token cost. However, beyond 80 candi-
dates, full text inputs frequently exceed the context length limit. In
contrast, feature-based methods, especially Form 4, remain compact
and can handle more candidates without issue, while still achieving
comparable performance.

Token Cost for Equal Reranking Performance. Finally, we
examine how many context tokens are needed to achieve the same
reranking performance across different representations. Using re-
sults from the previous two experiments, we estimate the total
token cost by combining the number of documents required with
the average token count per document. We take full text reranking
with 20 documents as the 100% performance baseline, and compare
how many tokens each method needs to reach 70%, 85%, 100%,
115%, and 130% of that level. As shown in Figure 3 (c), compact
feature-based representations can match full text performance with
significantly fewer tokens. For instance, reaching 100% performance
requires around 3,500 tokens for full text, but only 1,000 or even a
few hundred tokens for feature-based inputs.

3.3.3 Discussion. The results above demonstrate that feature-based
document representations offer clear advantages over full text in-
puts in reranking. They can express the core content of a document
using far fewer tokens, allowing significantly more retrieved can-
didates to be included within the same token overhead. This is
especially valuable for recovering relevant documents that were
assigned lower scores by the first-stage retriever. Considering both
token efficiency and reranking performance, we finally select Form
4 as our feature-based representation.

However, in the second set of experiments where the number
of documents is held constant, we also observe that feature-based
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representations may underperform full text. After all, offline infor-
mation extraction is not perfect. The process may omit subtle but
important cues present in the full text.

Therefore, these results motivate a balanced reranking strategy:
using semantic features in the early stage to cover a broader range
of candidates, followed by a refinement stage that reranks the top
candidates using full text inputs for more in-depth comparison.

4 Methodology

Based on the preliminary analysis, we propose a new three-stage
reranking framework in the scientific domain: (i) offline extraction
of structured semantic features; (ii) coarse-grained reranking using
the features to select a subset of top candidates; and (iii) fine-grained
reranking over the subset with full text inputs.

4.1 Compact and Informative Representation

To construct compact, feature-based representations for each sci-
entific document, we first perform document-level information ex-
traction offline. As described in Section 3.3, we use LLMs to obtain
target semantic features: category, section, and keyword. Formally,
for a given document p;, we obtain:

LLM(p;) = Category;, [Section{ 1, [Keyword{ ]

These features are designed to capture the core semantics of
scientific documents in a token-efficient manner. The extraction
is performed offline, and the results are cached and reused during
inference time to avoid any additional runtime delay.

4.2 Coarse-grained Reranking w. Compact
Features

Given a query g, we obtain a document relevance ranking C =
[p1, P2, - - -, pm] from a first-stage retriever. We then replace each
document with a compact semantic representation and apply LLM-
based listwise reranking to identify a high-quality subset.

For sections and keywords, we apply adaptive selection to select
only those most relevant to the query. Specifically, for each unit
(single section or keyword) u, we compute the cosine similarity
with text embedding and select the top-5 keywords and the most
relevant section. Analysis on the number of keywords used can be
found in Section 5.4. The final feature-based representation r; is
formed as:

r; = Concat [Category;, Section], Keywords] |

where * indicates adaptively selected elements.

With the feature-based representations R = [ry, ra, ..., 'm],
we then use the LLM to perform listwise reranking, producing a
permutation ogesr = LLM(g, R) € Sp,. Applying this permutation to
the original candidate list C = [p1, p2, ..., pm] yields the reranked
output for the coarse-grained reranking:

Creat = [Pofeat(l), Pogent (2)> -+ -5 Po-feat(m)]

We then keep the top-k documents from this list to form the seed
set for full text reranking:

Coced = [Pop (10> -+ > Pop ()], K <m
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Coarse-grained reranking with compact document representa-
tions greatly expands the number of candidates that can be consid-
ered in the same LLM input. This broader coverage helps recover
scientific documents that were assigned low scores by the first-stage
retriever.

4.3 Fine-grained Reranking w. Full Text

In the second reranking stage, we refine the ranking over the seed
set of candidates using full text representation. Specifically, we take
the seed set Cseed = [p], P53 - p,’c], (we use ’ to distinguish them
from the first-stage input) obtained from the previous stage, and
replace each compact representation with its original document.

Let 7 = [t1, t2, ..., tx] denote the full text of the selected docu-
ments, where t; corresponds to the full text content of passage p;.
We then once again use LLM to perform listwise reranking:

Otext — LLM(q, T) € Sk

With the permutation orext We get the final ranking:

Chinal = [p:‘rtext(l)’ A p;'text(k)]

Fine-grained reranking with full text inputs recovers details that
may be lost during the information extraction process. Since the
candidate set has already been narrowed down, full text represen-
tation can now be used without exceeding the LLM’s context limit.

Overall, our strategy effectively addresses the challenges of LLM-
based listwise reranking in the scientific domain. The coarse rerank-
ing stage expands the reranking pool, improving robustness to
suboptimal first-stage retrieval in the scientific domain. The fine-
grained reranking stage, in turn, preserves sufficient detail for pre-
cise relevance comparisons.

5 Experiments

In this section, we first outline the experimental setup, then present
the main reranking performance results, followed by ablation stud-
ies and further analysis.

5.1 Experimental Setup

We describe the experimental setup for evaluating CoRaANKand
prior zero-shot LLM reranking baselines on multiple scientific re-
trieval benchmarks. We keep the evaluation protocol and reranking
parameters consistent across methods for fair comparison.

Datasets & Metric. We evaluate different reranking methods on
five high-quality scientific retrieval benchmarks: LitSearch [1], CS-
FCube [41], NFCorpus [6], SciFact [79] and Trec-Covid [78], which
collectively cover diverse scientific domains including computer
science, biomedical and clinical information retrieval. Following
standard practice [11, 36, 39, 70], we report nDCG and Recall as
our evaluation metrics for top-10 document.

Models. For the reranking backbones, we use Qwen3-32B [54]
as the representative open-source model, Gemini 2.0 Flash [14]
and GPT-4.1-mini [48] as proprietary examples. For generative
parameters, we use a temperature of 1.0 and a fixed random seed
of 42 for reproducibility.

For semantic feature extraction, we find that small open-source
models are sufficiently effective; we therefore adopt Qwen3-8B [54]
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for document feature extraction. For both first-stage retrieval and se-
mantic similarity scoring for feature filtering, we use Contriever [19]
following previous works [11, 55]. To ensure the robustness against
different first-stage retrievers, we also evaluate the performance of
our method with diverse retrievers in Section 5.3.2.

Baselines. Our method is a zero-shot, model-agnostic approach.
Therefore, we primarily compare against prior reranking baselines
under the same setting, most notably vanilla listwise reranking [70]
with zero-shot instruction-following. We also consider the sliding
window strategy [39, 70], a test-time scaling technique [83] de-
signed to expand the reranking context. Results are reported both
with and without the sliding window strategy. We conduct a fo-
cused comparison between our method and the sliding window
strategy in Section 5.3.1.

We also include some reranking methods from the literature
that represent the state-of-the-art supervised LLM rerankers like
RankVicuna [52], RankZephyr [53], and RankMistral [36], which
are trained on large-scale general-domain datasets such as MS
MARCO [4]. While these models differ from ours in both model
size and supervision conditions, we report them for reference to
illustrate the overall performance distribution.

For a fairer comparison with supervised baselines, we evaluate
our method using smaller-parameter LLMs (7B-8B) in Section 5.3.3,
allowing us to isolate the effect of model size from supervision.

Reranking Parameters. We follow the standardized setup [11,
39, 52, 53, 70] from prior work to unify reranking parameters. For
vanilla reranking, we include 20 full text documents within the
context. An exception is RankMistral [36], which benefits from
long-context training and is able to process 100 full text documents
in a single input. When using the sliding window strategy, we rank
a total of 100 full text documents by applying a window size of
20 with a step size of 10. For CORANK, we include 200 compact
representations in the coarse reranking stage, followed by 20 full
text documents in the fine-grained reranking stage.

5.2 Main Results

5.2.1 Reranking Performance. We begin by evaluating the perfor-
mance of different reranking methods on the target academic re-
trieval benchmarks, as shown in Table 1.

First, we observe that all reranking methods outperform the
first-stage dense retriever baseline, confirming the critical role of
reranking in scientific document retrieval. However, while super-
vised models such as RankVicuna [52] do yield noticeable improve-
ments, their gains remain limited, partly because these models are
relatively small (7B-8B parameters) and thus less competitive de-
spite having supervision. Meanwhile, current general LLMs already
demonstrate strong instruction following capabilities for zero-shot
reranking. Furthermore, our proposed method, CoRAaNk, which
is model-agnostic, and training-free, delivers even stronger and
consistent gains across different LLM backbones. Without using
sliding windows, CORANK improves the average nDCG@10 from
47.2 to 54.9, and when combined with sliding window inputs, it still
provides an average gain of +2.0 nDCG@10 (from 54.1 to 56.2).

We also find that both CoRANK and the sliding window strategy
independently lead to substantial performance gains (ours being

Low because each query in Trec-Covid has far more than 10 relevant documents.
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Table 1: Reranking performance of different methods on LitSearch [1], CSFCube [41], NFCorpus [6], SciFact [79] and Trec-
Covid [78] with nDCG@10 (N@10) and Recall@10 (R@10) as metrics. Higher scores under the same setting are bold. All values

are shown as percentage absolute scores, with improvement ( blue ) and degradation ( red ) relative to first-stage retrieval.

LitSearch CSFCube NFCorpus Trec-Covid!
N@10 R@10 N@10 R@10 N@10 R@10 N@10 R@10 N@10 R@10

Reranking Model Reranking Strategy SciFact

None First-stage retrieval only = 14.2 21.2 23.6 16.4 32.8 15.5 67.7 81.3 59.6 1.6
RankMistral Vanilla Reranking gy 20.1 243 21.9 13.3 229 9.5 16.9 27.3 52.3 1.3
RankVicuna Vanilla Reranking sjiging 26.5 324 28.7 17.5 26.3 11.6 29.4 40.7 64.1 1.7

RankZephyr Vanilla Reranking sjiging ~ 34.1 39.0 34.1 22.7 28.6 15.1 444 80.0 59.5 1.6
Qwen3-32B Vanilla Reranking g, 25.7 27.3 28.4 20.2 36.8 17.2 77.6 85.7 67.0 1.7
CORANK pyjp 39.6 41.9 31.8 23.4 39.8 18.5 80.8 89.1 76.4 2.0
Vanilla Reranking sjiging =~ 39.8 43.5 31.2 22.9 38.8 18.0 80.0 89.8 76.7 2.1
Qwen3-32B
CORANK s/iding 422 462 355 266 398 187 817 903 781 21
.. Vanilla Reranking g, 26.1 27.3 28.5 18.8 35.9 16.8 75.6 85.4 68.9 1.8
Gemini 2.0 Flash
CORANK pyjp 40.7 44.2 35.1 27.8 38.0 17.5 77.6 88.3 76.1 2.0
ill ki idi ; g . 23.2 . 17. . ; 5 )
Gemini 2.0 Flash Vanilla Reranking sjiging =~ 40.8 44.6 32.2 3 38.3 7.9 77.2 88.8 79.7 2.2
CORANK sliding 433 489 381 31.0 390 186 780 911 792 29
GPT-4 1-mini Vanilla Reranking g, 26.1 27.2 28.7 19.7 37.1 16.8 76.7 84.9 68.4 1.8
CORANK pyj1 46.3 49.4 39.0 30.5 414 19.1 79.6 89.8 80.7 2.2
GPT-4 1-mini Vanilla Reranking Sliding 41.9 444 34.9 25.3 40.0 17.9 79.3 90.5 81.0 2
CORANK siding 458 49.1 394 304 414 192 804 91.6 805 2.2
larger and more efficient; see Section 5.3.1). This is likely because
. L . nDCG@10
both methods expand the reranking scope, which is particularly w/o Keywords Recall@10
valuable in the scientific domains considering the suboptimal first-
stage retrieval. These findings also reinforce our earlier analysis of w/o Section - ”Dcif;?l@lo
current limitations presented in Section 3.2.
nDCG@10
w/o Category - Recall@10
5.2.2  Ablation Studies. To evaluate the contribution of each compo- /o Fine. Rank nDCG@10
w/o0 Fine. Rank.|
nent in our design, we conduct ablation studies on the LitSearch [1] Recall@10
dataset using GPT-4.1-mini [48] as the backbone. ) ADCG@10
Specifically, we remove individual semantic features—category, w/o Selection 1 Recall@10
section, and keywords—from the compact representation to assess

. . . s 30.0 325 35.0 375 40.0 425 450 475 50.0
their relative importance. In addition, we ablate two key compo- Score

nents of our pipeline: adaptive selection and fine-grained reranking,
to understand their impact on overall performance.

As shown in Figure 4, removing any single semantic component
(category, section, or keywords) consistently degrades reranking
performance, confirming that each feature contributes complemen-
tary information. Category captures coarse-grained background
context that tends to align more easily with the query but offers

Figure 4: Ablation study results. Foreground bars report per-
formance after removing the labeled component; the translu-
cent background bars indicate the full method score.

less specific detail. In contrast, section and keywords reflect finer-
grained semantics that are harder to match but, when relevant,
provide highly targeted signals. This balance shows the value of
combining semantic features across different levels of abstraction.

Additionally, we find that both adaptive selection and fine-grained
reranking contribute to the final performance. Adaptive selection
ensures that the most query-relevant features are retained, while
the fine-grained reranking stage substantially compensates for po-
tential information loss in compact representations by recovering
more nuanced evidence from the full text.

5.3 Further Analysis

5.3.1 Comparison with Sliding Window. Sliding window strategy [70]
is a widely used [11, 39, 52, 53] method for overcoming the context
length limitations of LLMs in listwise reranking. Instead of rank-
ing all candidates in a single prompt, it partitions the candidate
list into overlapping windows and reranks each window indepen-
dently from the bottom up. This method has been shown to notably
improve reranking performance [70].

As noted in Section 5.1, we evaluate both the standalone and com-
bined use of sliding windows with our method. While CoRaNk and
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sliding window are orthogonal and compatible, isolating them in
comparison allows us to clearly demonstrate the superior efficiency
and effectiveness of our approach when used alone.

Table 2: Comparison of performance, token usage, and API
cost between CoRANK and Sliding Window.

Method N@10 R@10 Token Usage Cost

Vanilla 26.0 27.3 1.01IM $0.40
Sliding 40.8 44.2 9.06M $3.62
CoRANK 42.2 45.2 3.60M $1.44
Both 43.8 48.1 11.65M $4.66

We evaluate CoRaNK and the sliding window strategy on Lit-
Search and CSFCube on three tested models, reporting nDCG@10,
total token consumption, and API cost for GPT-4.1-mini. As shown
in Table 2, CoRANK not only achieves better average reranking
quality (nDCG@10 improved by 1.4), but also requires only 40%
of the token budget compared to sliding windows. These results
demonstrate that CORANK provides an efficient yet effective alter-
native for expanding reranking range. Moreover, combining these
two methods can further boost performance, offering an advanced
solution for complex retrieval scenarios.

5.3.2  Impact of First-Stage Retrievers. Following previous works [11,
55], we choose Contriever [19] as our first-stage retriever in our

main experiments. To further evaluate robustness to the choice

of the first-stage retriever, we here additionally evaluate the per-
formance of our method with BM25 [60], Specter2 [66], GTR-T5-
large [42] as first-stage retrievers. Many of the selected retrievers,

such as Contriever and Specter2, are trained on academic corpora.
We therefore examine whether LLM-based reranking remains ben-
eficial even when the first-stage retriever is already specialized

for scholarly data, under both the vanilla reranking baseline and

our method. We run evaluation on LitSearch [1] with Gemini 2.0

Flash [14]. The results are shown in Figure 5.

None Vanilla CoRank
52.8 53.7
50 49.1 473 48.649-5
40.7
40
o 31.4 31.4
230 29.6 282
®
2
20
14.2
10
0 ”
Contriever BM25 Specter2 GTR-T5-large

Figure 5: Comparison of reranking methods (None, Vanilla,
CoRANK) across four first-stage retrievers on LitSearch with
Gemini 2.0 Flash.

The first-stage retrievers exhibited differences in their standalone
retrieval quality. However, our method consistently improved re-
trieval quality over the vanilla reranking baseline, regardless of

Runchu Tian, Xueqiang Xu, Bowen Jin, SeongKu Kang, and Jiawei Han

which initial retriever was used. In other words, our gains are not
confined to weak initial retrieval: CORANK adds value on strong
first-stage retrievers as well, indicating that our method is robust
to the choice of first-stage retriever.

5.3.3 Impact of Reranking Backbones. To further validate the ro-
bustness of our reranking method to different reranking backbones,
we conducted additional experiments on smaller language models.
While our main experiments employed LLMs like Qwen3-32B [54]
and Gemini 2.0 Flash [14], it remains a question whether our method
generalizes effectively to more compact language models in the
7B-8B parameter range. We test two smaller models, Mistral-7B [20]
and Llama-3.1-8B-Instruct [15] as reranking backbones and the re-
sults are shown in Table 3.

Table 3: Reranking Performance with different small lan-
guage models as backbones on LitSearch.

Reranking Method Model Backbone N@10 R@10

None None 14.2 21.2
Vanilla Mistral-7B 20.9 24.6
CoORANK Mistral-7B 24.8 28.4
Vanilla Llama-3.1-8B 22.1 25.3
CORANK Llama-3.1-8B 26.0 31.2
Vanilla RankMistral 20.1 24.3
Vanilla RankVicuna 26.5 32.4
Vanilla RankZephyr 34.1 39.0

Our experiments confirmed two main findings. First, CORANK
remained effective on smaller language models, consistently out-
performing initial retrieval and vanilla reranking baseline. Second,
although it did not surpass the supervised models in absolute per-
formance, this outcome was expected, since the supervised methods
require extensive training resources. For example, RankVicuna [52]
and RankZephyr [53] use GPT-3.5-distilled training data (1,000 K
MS MARCO instances) and significant computational resources
(320 GPU-hours on NVIDIA RTX A6000s). CORANK holds key prac-
tical advantages: it requires no additional training data or compu-
tational resources, works seamlessly as a plug-and-play method
across different models and domains, and ensures data privacy.
These strengths underscore CoORANK’s value despite its lower abso-
lute scores compared to supervised models.

5.4 Hyperparameter Study

We investigate the effect of key hyperparameters in CORANK us-
ing the GPT-4.1-mini [48] reranker on the LitSearch [1] dataset,
reporting nDCG@10, Recall@10, token usage, and estimated API
cost. Our analysis focuses on understanding the trade-off between
cost and performance, as well as the robustness of CORANK across
a wide hyperparameter range.

Number of Keywords. By default, CORANK extracts 30 keywords
from each document and selects the top 5 most relevant ones via
cosine similarity in the embedding space, concatenating them into
the document representation for coarse-grained reranking. We vary
the number of concatenated keywords from 0 to 20 and report the
immediate results from coarse-grained reranking (Table 4).
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Table 4: Effect of the number of selected keywords on coarse-
grained reranking: performance, token usage and cost.

Token
# Keyword N@10 R@10 Usage Cost
0 keyword 38.9 44.2 1.80M  $0.72

1 keyword 40.4 46.3 1.95sM  $0.78
3 keywords 40.1 44.9 2.26M  $0.90
5 keywords 41.1 46.7 2.57M  $1.03
10 keywords 424 46.5 3.33M  $1.33
15 keywords 42.6 48.6 4.10M  $1.64
20 keywords ~ 42.4 474  487M  $1.95

Results show a clear cost—performance trade-off : adding more

keywords linearly increases token usage while steadily improving
coarse-grained reranking quality. However, performance gains di-
minish beyond 10 keywords, as later keywords contribute weaker
relevance signals. Importantly, CORANK achieves strong perfor-
mance even with substantially fewer keywords, indicating that it is
robust to this hyperparameter and does not require precise tuning
to remain competitive.
Fine-Grained Pool Size. In the main experiments, the fine-grained
reranker processes the top 20 candidates from the coarse stage to
align with other baselines. Here, we vary the candidate pool from
5 to 100 documents and report the reranking performance of the
final fine-grained stage (Table 5).

Table 5: Effect of the fine-grained candidate pool size: perfor-
mance, token usage and cost.

. Token
Pool Size N@10 R@10 Usage Cost
5 docs 43.0 46.7 0.25M  $0.10
10 docs 443 46.7 0.50M  $0.20
20 docs 46.3 49.4 1.01M  $0.40
40 docs 45.4 48.0 2.01M  $0.81
60 docs 45.0 48.3 3.02M  $1.21
80 docs 45.3 48.0 4.03M  $1.61

100 docs 46.0 49.1 5.03M  $2.01

We again observe a robust cost—performance trade-off : increasing
the pool size up to 20 yields the most significant improvements, after
which performance plateaus while token usage continues to grow.
This plateau suggests that CORANK maintains stable effectiveness
across a broad range of pool sizes, allowing practitioners to adjust
this parameter flexibly according to budget without risking notable
performance loss.

Summary. These studies confirm that CoRaNK offers tunable hy-
perparameters that enable smooth navigation of cost-performance
trade-offs, while maintaining consistently strong results. Its effec-
tiveness is not narrowly dependent on exact hyperparameter values,
alleviating concerns of fragility or heavy manual tuning. For exam-
ple, varying the number of keywords between 5 and 20 results in
only a 3.1% variance in nDCG@10, underscoring the robustness of
the method.
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6 Limitations and Ethical Considerations

Limitations. CORANK relies on LLM-based extraction to build in-
termediate features, so performance may vary with the underlying
model/prompt and extraction errors can propagate to reranking. It
also incurs additional inference cost compared to embedding-only
rerankers. Finally, our evaluation targets intermediate outputs and
IR results, so conclusions about downstream benefits are limited.

Ethical considerations. We use established benchmarks and fol-
low their licenses and usage terms. We do not introduce human sub-
jects. Therefore, IRB approval is not required. When using propri-
etary LLM APIs, inputs may be processed by third-party providers,
which is not suitable for sensitive or regulated settings. As with any
reranker, the system may amplify dataset/model biases; it should
not be used as a sole decision maker in high-stakes settings.

7 Conclusion

In this work, we identify two bottlenecks of standard LLM list-
wise reranking for scientific retrieval: first-stage retrievers often
mis-rank relevant papers due to limited domain-specific supervi-
sion, while full-text listwise reranking is token-heavy and thus con-
strained to few candidates. To address this, we propose CORANK, a
training-free, model-agnostic framework that first reranks a larger
candidate set using compact semantic features, then refines the
top results with full-text reranking. Experiments on five scientific
datasets show consistent improvements over standard reranking
baselines. Overall, our findings suggest that semantic feature extrac-
tion provides an effective compact representation for LLM rerank-
ing, enabling broader candidate coverage and stronger scientific
literature retrieval.
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