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Abstract
Large language models (LLMs) have demonstrated significant po-
tential in listwise document reranking. Due to their limited con-
text length, LLM-based listwise reranking methods often rely on a
sliding window strategy that only processes a small subset of docu-
ments at a time. While effective, this approach lacks interactions
between documents, increases computational overhead, and results
in significant API costs. It is crucial to develop long-context LLMs
for enabling the full ranking of all documents in one pass.

We propose a long-context listwise document reranker, Long-
Ranker, and make two major contributions to enable long-context
LLMs for listwise reranking: (i) To improve length extrapolation
for listwise inputs, we introduce an intra-inter hierarchical posi-
tional encoding approach that combines intra-document encoding to
identify token locations within a document with inter-document en-
coding to specify the document index. (ii) To efficiently model long
contexts with reduced computational costs, we introduce a top-𝑘
attention pruning mechanism; it ensures that the model attends to
the query and the most important documents while disregarding
less relevant ones. Extensive empirical results demonstrate that
LongRanker achieves performance comparable to state-of-the-art
rerankers while significantly improving efficiency through reduced
LLM calls.

CCS Concepts
• Information systems→ Retrieval models and ranking.
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1 Introduction
Large language models (LLMs) have transformed various fields with
their zero-shot and few-shot capabilities in language understanding
and reasoning. Recent research has explored the application of
LLMs to listwise document reranking in the field of information
retrieval (IR) [30, 33, 36, 43, 48, 49]. The key idea is to instruct LLMs
to generate a ranked permutation of document identifiers based on
the relevance to a given query of its associated candidate document
list. By exploiting their ability to use semantic context for inter-
document comparisons and interactions, listwise rerankers have
achieved state-of-the-art performance across multiple IR datasets
[7, 26, 36, 49].
Context length limitations. Due to the limited context length of
many LLMs, existing listwise rerankingmethods, e.g., RankGPT [36]
and RankVicuna [25], often employ a heuristic sliding window strat-
egy to process the entire document list. This strategy processes
only a subset of documents at a time and iteratively reranks these
subsets in a back-to-first order. By using fixed window and step
sizes, the strategy allows relevant documents initially ranked low to
be promoted to higher positions. The sliding window strategy has
demonstrated empirical effectiveness, but it also has several key lim-
itations: (i) LLMs can only assess the local inter-document context
within the sliding window at a given time. This prevents the model
from using the global context across all candidate documents, po-
tentially hindering reranking performance. (ii) The sliding window
strategy increases the number of LLM calls, leading to higher com-
putational complexity, longer response time latency, and greater
economic costs. (iii) Due to overlapping regions between adjacent
windows, many documents are evaluated multiple times, resulting
in significant redundancy and possible inconsistencies.

One promising solution is to extend the context window size
of the LLM. Recent proposed long-context techniques [2, 22, 46]
usually optimize positional encoding at the token level to support
longer input lengths. However, for listwise reranking, where the
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goal is to generate a ranked permutation of documents, it is es-
sential to extend the context window from the token level to the
document level to ensure the effectiveness of the resulting permuta-
tion. Designing context window extensions specifically tailored for
listwise reranking remains a challenging and unresolved task.
A long-context listwise document reranker. Our goal is to de-
velop an effective and efficient listwise document reranker using
LLMs, named LongRanker, capable of accommodating all candidate
documents for reranking while maintaining relatively low compu-
tational overhead. To achieve this, we address two key challenges.

First, how to improve length extrapolation for listwise document
input? Long listwise document inputs may result in an out-of-
distribution (OOD) issue related to positional encoding as LLMs are
typically not exposed to such lengthy inputs during pre-training.
To address this, we propose a hierarchical positional encoding for
listwise reranking, which incorporates two encodings for each po-
sition: an intra-document encoding to identify the token’s location
within its document and an inter-document encoding to indicate the
document it belongs to. (i) For intra-document encoding, we use the
original absolute positional encoding in the transformer [42] since
the number of tokens within a document is limited. (ii) For inter-doc-
ument positional encoding, we use a rotary position encoding [35]
to specify the document and capture contextual relationships be-
tween documents. This hierarchical approach introduces inductive
biases at two levels, each targeting distinct aspects of positional
information. By effectively integrating these biases into model ar-
chitectures, the learning process is improved, mitigating the OOD
problem caused by long listwise document inputs.

Second, how to efficiently handle long-context inputs with low
computation costs? Building upon the aforementioned hierarchi-
cal positional encoding, all candidate documents along with the
user query can effectively be fed to the LLMs simultaneously. How-
ever, long-context inputs introduce the challenge of computational
explosion in attention mechanisms, leading to an increase in the
overall LLM computational complexity [1, 6]. Therefore, we in-
troduce the top-𝑘 attention pruning, aiming to attend to the most
relevant documents whilemasking the remaining under the premise
of attending to the beginning query. The core idea is inspired by
the natural assumption in top-𝑘 ranking, where users tend to pri-
oritize top-ranked objectives in real-world ranking applications
[12]. Drawing inspiration from the hierarchical generative process
of top-𝑘 ranking [18], our method has three key steps for con-
structing the attention mask: (i) Identify the top-𝑘 most relevant
documents for fine-grained attention. (ii) Ensure tokens within each
document attend to the user query at every step. (iii) Preserve in-
ter-document attention within top-𝑘 documents while suppressing
it for non-top-𝑘 documents. The top-𝑘 attention pruning module is
highly flexible and can be seamlessly integrated with hierarchical
positional encoding through chunk-aware attention masks during
fine-tuning and inference stems.

Experimental findings. We adopt Qwen2.5-1.5B-Instruct [39,
47] with 1.5B parameters as the backbone architecture of Long-
Ranker. We insert hierarchical positional encoding following the im-
plementation of BiPE_RoPE [9] and implement the top-k attention
pruning through chunk-aware attention masks. We conduct exper-
iments on three widely used benchmark datasets, i.e., TREC-DL-19,

TREC-DL-20 and BEIR [4, 40, 44]. Extensive evaluation shows that
LongRanker can achieve impressive advantages in terms of effec-
tiveness and efficiency. Compared to the state-of-the-art LLM-based
supervised reranker RankMistral100, LongRanker demonstrates en-
hancements of 1.08%, 0.89%, and 0.13% in nDCG@10 on the TREC-
DL-19, TREC-DL-20, and BEIR datasets, respectively. Furthermore,
LongRanker exhibits a substantial efficiency advantage, achieving
significantly lower time latency.

2 Preliminaries
We first formalize the task of listwise document reranking and
subsequently review rotary position embedding, a widely employed
method of relative positional encoding.

2.1 Listwise document reranking with LLMs
The core idea of listwise rerankers is to prompt LLMs to generate
permutations of document identifiers based on their relevance to
the user query. A typical input prompt to LLMs is as follows:
I will provide you with {num} passages, each indicated
by a numerical identifier []. Rank the passages based
on their relevance to the search query: {query}.
[1] {document 1}
[2] {document 2}
· · ·
[num] {document num}
Search query: {query}. Rank the {num} passages above
based on their relevance to the search query. All
the passages should be included and listed using
identifiers, in descending order of relevance. The
output format should be [] > [], e.g., [4] > [2].
Only respond with the ranking results, do not say any
word or explain.

By feeding the prompt into LLMs, they can be directed to generate
a permutation of document identifiers, thereby yielding a ranked
list that reflects the relevance of each document to the user query,
with a standard output 𝑂 adhering to the following format:
[4] > [2] > [1] > [3] > [· · · ]

To this end, the input prompt sequence 𝑆 can be formally defined
as 𝑆 = [𝑝, 𝑞, 𝑑1, 𝑑2, . . . , 𝑑𝑖 , . . . , 𝑑𝑛], where 𝑛 denotes the number of
candidate documents. Herein, 𝑝 represents the instruction prompt
that guides LLMs to generate permutations of document identifiers,
𝑞 denotes the user query, and each 𝑑𝑖 refers to an individual docu-
ment with a leading numeric identifier [𝑖], and we further denote
𝑑𝑖 as [𝑤1

𝑖
,𝑤2

𝑖
, . . . ,𝑤

𝑗
𝑖
, . . . ,𝑤

|𝑑𝑖 |
𝑖
], where each 𝑤

𝑗
𝑖
denotes the 𝑗-th

token within 𝑑𝑖 . Upon formalizing the listwise document input, it
becomes evident that each token within a document possesses a
bilevel hierarchical index, i.e., the document index 𝑖 and the intra-
document token index 𝑗 . This observation inspires us to devise a
unique model architecture tailored for listwise document reranking.

2.2 Rotary position embedding
Rotary position embedding (RoPE) [35] is a typical relative posi-
tional encoding employed within Transformer-based [42] LLMs
such as LLaMA [41] and Mistral [10]. RoPE can introduce rela-
tive positional information through the implementation of abso-
lute positional encoding. Given a 𝑑-dimension embedding vector
𝑥 = (𝑥0, 𝑥1, . . . , 𝑥𝑑−1)⊺ and a position index𝑚, the vector-valued
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complex function 𝑓 (𝑥,𝑚) defined by RoPE is as follows:

𝑓 (𝑥,𝑚) =
©­­­­­«
(𝑥0 + 𝑖𝑥1)𝑒𝑖𝑚𝜃1

(𝑥2 + 𝑖𝑥3)𝑒𝑖𝑚𝜃2

.

.

.

(𝑥𝑑−2 + 𝑖𝑥𝑑−1)𝑒𝑖𝑚𝜃𝑑/2

ª®®®®®¬
, (1)

where 𝑖 =
√
−1 is the imaginary unit, 𝜃 𝑗 = 𝑏−

2𝑗
𝑑 denotes the rotation

angle corresponding to the dimension 𝑗 , herein 𝑏 denotes the base
frequency of RoPE and is typically set to 10,000 for current LLMs.
The 𝑓 function is applied to both 𝑞 and 𝑘 . Theoretically, applying
the 𝑓 function to the vector 𝑥 is equivalent to applying the rotation
matrix 𝑅𝑚,𝜃 to the vector 𝑥 , which can be formulated as follows:

𝑓 (𝑥,𝑚) = 𝑅𝑚,𝜃𝑥 . (2)
The original attention mechanism in Transformer-based models
can be defined as follows:

𝐴𝑖 𝑗 = 𝑞⊤𝑖 𝑘 𝑗 , (3)

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑞, 𝑘, 𝑣) = softmax
(
𝐴
√
𝑑

)
𝑣, (4)

where 𝐴 ∈ R𝐿×𝐿 denotes the attention score matrix, 𝑞, 𝑘, 𝑣 ∈ R𝑑
denotes the query, key and value embedding respectively. RoPE
introduces positional information into each token by employing the
𝑓 function to modify the original attention mechanism. Specifically,
by means of applying the 𝑓 function, the RoPE can leverage rotation
matrices when calculating the attention scores via Equation 3 as:

𝐴𝑖 𝑗 = 𝑓 (𝑞𝑖 , 𝑖)⊤ 𝑓 (𝑘 𝑗 , 𝑗) = (𝑅𝑖,𝜃𝑞𝑖 )⊤ (𝑅 𝑗,𝜃𝑘 𝑗 ) (5)

= 𝑞⊤𝑖 𝑅
⊤
𝑖,𝜃
𝑅 𝑗,𝜃𝑘 𝑗 = 𝑞⊤𝑖 𝑅 𝑗−𝑖,𝜃𝑘 𝑗 . (6)

The RoPE method enables models to comprehend relative positions
between tokens by incorporating positional information into the
attention mechanism, thereby demonstrating the capacity to handle
longer sequences that are unseen during training in some degree.
Nevertheless, RoPE is still unable to effectively generalize to se-
quences that significantly exceed the length encountered during the
pre-training phase. This limitation hinders its direct applicability
in handling long-context inputs for listwise document reranking.

3 Our Method
Similar to previous LLMs [51], LongRanker employs a transformer-
based model architecture while including two specialized compo-
nents for long-context listwise document reranking: (i) Hierarchical
positional encoding is designed to improve length extrapolation
for listwise inputs. (ii) Top-𝑘 attention pruning is devised to handle
long-context listwise inputs with low computation overhead.

3.1 Hierarchical positional encoding
As formulated in Section 2.1, each token within a document pos-
sesses a bilevel hierarchical index, i.e., the document index 𝑖 and
the intra-document token index 𝑗 . The structural characteristic
inspires us to propose a hierarchical positional encoding to im-
prove length extrapolation for listwise document input. The key
idea is to decompose the rapidly expanding original position index
into the intra-document token index and the document index, and
then model them with two components: intra-document positional
encoding and inter-document positional encoding. Given that the
number of intra-document tokens remains relatively consistent,

Multi-head 

Attention

Feed-Forward 

Network

l×

Input 

Embedding

1 2 3 4

1 2 3 4

1 2 3 4

1      2      3       4
intra-document token index

document 

index

1

2

3

𝑑1 𝑑2 𝑑3

Intra-document positional encoding

(absolute positional encoding)

Inter-document positional encoding

(rotary position embedding)

listwise input

listwise input

Figure 1: Hierarchical positional encoding. For simplicity,
the instruction prompt and user query are omitted from the
diagram. We assume there are three input documents and
each document contains four tokens.
and the number of documents increases relatively slowly in the
reranking task (typically not exceeding 1,000), this novel hierarchi-
cal positional encoding can mitigate the position OOD problem,
thereby enhancing length extrapolation for listwise document input.
Figure 1 visualizes the hierarchical positional encoding.
Intra-document positional encoding. As formulated in Sec-
tion 2.1, each document 𝑑𝑖 = [𝑤1

𝑖
,𝑤2

𝑖
, . . . ,𝑤

𝑗
𝑖
, . . . ,𝑤

|𝑑𝑖 |
𝑖
] forms an

independent module in the listwise document input. The intra-
document positional encoding is strategically designed to pinpoint
the location of each token within its respective document, thereby
augmenting the model’s comprehension of the semantics inher-
ent in each individual document. Given that the number of tokens
within each document is constrained in listwise reranking, with
the prevailing convention in existing studies typically truncating
the length of each document |𝑑𝑖 | to not exceed 100 [25, 26, 36],
it is posited that the original absolute positional encoding [42] is
sufficient to model the intra-document token index. Formally, for
each token𝑤 𝑗

𝑖
, a real-valued position embedding 𝑝𝑒 𝑗 is assigned:

𝑝𝑒
𝑗

2𝑚 = sin( 𝑗/100002𝑚/𝑑ℎ𝑖𝑑𝑑𝑒𝑛 ), (7)

𝑝𝑒
𝑗

2𝑚+1 = cos( 𝑗/100002𝑚/𝑑ℎ𝑖𝑑𝑑𝑒𝑛 ), (8)
where 𝑗 is the position, 𝑚 is the dimension pointer, and 𝑑ℎ𝑖𝑑𝑑𝑒𝑛
denotes the dimension of hidden states. 𝑝𝑒 𝑗 will be subsequently
added to the token embedding of𝑤 𝑗

𝑖
, retaining the structural and

contextual integrity within the document 𝑑𝑖 . Notably, the intra-
document positional encoding of 𝑤 𝑗

𝑖
is independent of the docu-

ment index 𝑖 . This implies that the same intra-document positional
encoding is consistently shared across different documents.
Inter-document positional encoding. We utilize RoPE men-
tioned in Section 2.2 to specify the document to which each token
belongs. Formally, suppose the query and key embedding of the
token𝑤 𝑗

𝑖
in the original multi-head attention module is 𝑞 𝑗

𝑖
and 𝑘 𝑗

𝑖
respectively, RoPE can be integrated by applying the 𝑓 function
mentioned in Equation 1:

𝑞
𝑗
𝑖
← 𝑓 (𝑞 𝑗

𝑖
, 𝑖), 𝑘

𝑗
𝑖
← 𝑓 (𝑘 𝑗

𝑖
, 𝑖) . (9)

Notably, each token 𝑤
𝑗
𝑖
within the document 𝑑𝑖 shares the same

document index 𝑖 .
By modeling the intrinsic structure of listwise document input

using hierarchical positional encoding, LLMs are empowered to
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handle long-context listwise input while capturing inter-document
boundaries. It’s worth noting that the instruction prompt 𝑝 and the
user query 𝑞 are modeled as a special type of document for the sake
of simplicity and uniformity.
Discussion. He et al. [9] also devised a bilevel positional encoding
dubbed BiPE. However, their approach diverges from ours in two
primary respects: (i) Our method is inspired by the intrinsic struc-
ture of listwise document inputs, which inherently segment inputs
into intra- and inter-document levels. In contrast, their strategy
relies on symbol detection for segmentation (e.g., newline and full
stop). (ii) Their approach focuses on lowering language modeling
perplexity during the pre-training phase, whereas our method is
specifically tailored for listwise document reranking and is imple-
mented during the fine-tuning phase.

3.2 Top-𝑘 attention pruning
Based on the aforementioned hierarchical positional encoding, it
becomes feasible to incorporate long-context inputs into LLMs.
However, the incorporation of long-context inputs gives rise to a
computational explosion in attention mechanisms, thereby present-
ing a non-trivial efficiency challenge. To this end, we propose the
strategy of top-𝑘 attention pruning to eliminate redundant compu-
tation. The key idea is to guide the model’s attention toward the
top-𝑘 relevant documents while masking the remaining ones under
the premise of attending to the beginning query. Figure 2 provides
a brief explanation of top-𝑘 attention pruning.
Inspiration from top-𝑘 ranking.We take inspiration from the
hierarchical generative process of top-𝑘 ranking in learning-to-
rank [18]: (i) All top-𝑘 objects are selected and ranked before the
other 𝑛 − 𝑘 objects with query-object interactions. (ii) The full
ordering on all the top-𝑘 objects is generated with listwise learn-
ing-to-rank algorithms [45]. When applying this process to listwise
document reranking, we aremotivated to retain both coarse-grained
query-document interaction and fine-grained inter-document in-
teraction, while simultaneously excluding redundant interaction
during attention computation to improve efficiency.
Formulation of top-𝑘 attention pruning. Inspired by the hi-
erarchical generative process, we formulate the process of top-𝑘
attention pruning as follows: (i) The leading 𝑘 documents returned
by the retriever, i.e., the first 𝑘 documents in the listwise input,
are identified as top-𝑘 relevant documents demanding fine-grained
interaction. (ii) Tokens within each document are guaranteed to
attend to the user query 𝑞 at each time step. (iii) Inter-document
attention interactions are retrained within top-𝑘 documents while
eliminated within non-top-𝑘 documents. The above procedures can
be succinctly summarized as follows: each token𝑤 𝑗

𝑖
within the doc-

ument 𝑑𝑖 can only attend to tokens within 𝑞⊕𝑑1 ⊕𝑑2 ⊕ · · · ⊕𝑑𝑘 ⊕𝑑𝑖
(before the current token), where ⊕ is the concatenation operation.
Implementation with attention masks. The top-𝑘 attention
pruning mechanism can be efficiently implemented using chunk-
aware attention masks. As mentioned previously, the listwise input
comprises three categories of chunks: instruction chunks, query
chunks, and document chunks. We set each chunk to a fixed length
via padding and truncating, and chunks are delimited by a spe-
cial token [SEP] to impose a structured input format. The listwise
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Figure 2: Top-𝑘 attention pruning. We assume that the length
of both the query and each document is 2 for simplicity. We
input 5 documents and perform top-2 attention pruning.

input can be decomposed into three spans. (i) The starting span al-
lows each token to attend to the beginning query, thereby enabling
coarse-grained query-document interaction across all documents.
(ii) The middle span allows each token to attend to the top-𝑘 doc-
uments, hence allowing for fine-grained interaction within top-𝑘
relevant documents. (iii) The ending one allows each token to attend
to recent tokens within the same document. The remaining tokens
are masked to reduce computation costs. The attention mask can
be seamlessly integrated into the attention function of each Trans-
former layer [42] during both fine-tuning and inference. In our
implementation, we treat the instruction prompt as a special form
of user query to ensure that the model accurately comprehends the
instructions at each computational step.
Discussion. Han et al. [8] proposed a Λ-shaped attention mask to
achieve zero-shot length generalization for LLMs. However, their
approach diverges from ours in two primary respects: (i) They
focus on natural language processing (NLP) tasks by modeling
the attention mask at the token level, while we focus on listwise
document reranking modeling the attention mask at the document
level. (ii) In contrast to their implementation, which directly applies
the attention mask only during inference, our approach integrates
the attention mask throughout both the fine-tuning and inference
phases. Our proposed top-𝑘 attention pruning distinguishes itself
from other techniques by concentrating on the intrinsic attributes
of document reranking.

3.3 Training and inference
To obtain high-quality listwise training labels, we utilize commer-
cial LLMs such as DeepSeek [15] as the teacher models to produce
the full rankings for given queries and related documents. Following
[16], we employ a multi-pass sliding window approach to construct
training data with listwise labels. The multi-pass sliding window
approach iteratively applies the sliding window strategy to rerank
the remaining 𝐴 − 𝑘 (𝑊 − 𝑆) documents, with the round index 𝑘
incremented from 0 until a complete ranking of all documents is
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obtained. Here, 𝐴 represents the total number of input documents,
𝑊 denotes the window size, and 𝑆 indicates the step size.

Based on the constructed training data, we leverage the standard
language modeling loss to optimize LongRanker:

L = −
|𝑂 |∑︁
𝑖=1

log(𝑃𝜃 (𝑂𝑖 |𝑆,𝑂<𝑖 )), (10)

where 𝑆 = [𝑝, 𝑞, 𝑑1, 𝑑2, . . . , 𝑑𝑖 , . . . , 𝑑𝑛] denotes the input prompt
sequence and 𝑂 denotes the output permutation. During inference,
we directly generate a permutation of documents for the given
query and documents in a single pass.

4 Experimental Setup
Datasets and evaluation metrics. We assess distinct models on
passage reranking datasets of TREC 2019 and 2020 Deep Learning
Tracks [4, 5], denoted as TREC-DL-19 and TREC-DL-20 for con-
venience. Both datasets are rooted in the MS MARCO v1 passage
corpus, which consists of 8.8 million passages. We also employ the
the BEIR benchmark, which comprises 18 datasets across different
domains to assess the zero-shot capability of reranking models. Fol-
lowing [16, 36], we utilize 8 datasets from the BEIR benchmark for
evaluation. We rerank the top-100 passages retrieved by the first-
stage retriever BM25 [31] for all methods. We employ nDCG@10
as the evaluation metric to assess the reranking effectiveness. Fol-
lowing [55], we use two metrics to assess the efficiency of distinct
models: (i) Latency: The average response latency for each query,
measured in seconds. (ii) Prompt token number: The average num-
ber of tokens in the input prompt to the language models per query.
Implementation details. LongRanker is fine-tuned using training
data distilled from DeepSeek-V3.2-Exp1. Specifically, we randomly
sample 10k queries from the MS MARCO training set [17] and em-
ploy DeepSeek-V3.2-Exp to generate teacher labels for knowledge
distillation. In the stage of training data construction, we utilize
the sliding window strategy with the window size of 20 and the
step size of 10. The backbone model architecture of LongRanker
is Qwen2.5-1.5B-Instruct2, which supports a context window of
up to 128K tokens. We insert hierarchical positional encoding fol-
lowing the implementation of BiPE_RoPE [9]. The input prompt
to LongRanker follows the format illustrated in Section 2.1. In the
listwise input, each chunk (including instruction, query, and docu-
ment chunks) is truncated or padded to the fixed length 150, and
consecutive chunks are delimited by the special token [SEP]. Long-
Ranker is finetuned for 3 epochs with a learning rate of 1e-5 and
batch size of 1. All models are trained on 8 NVIDIA A100 GPUs and
evaluated on 1 NVIDIA A100 GPU. For model inference, we set 𝑘
in the top-𝑘 attention pruning component to 20. Each query only
needs a single round of inference since the sliding window strategy
is eliminated. All methods rerank top-100 documents retrieved by
BM25. We employ Pyserini [14] to implement BM25. To assess the
efficiency of LLM-based rerankers, we reimplement them in our
working environment following the prompts recommended by the
original literature.
Baselines. Detailed descriptions of the baseline models are pro-
vided in Appendix A.
1https://chat.deepseek.com
2https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct

5 Experimental Results
5.1 Main results
Table 1 compares different models in terms of effectiveness on
TREC-DL-19, TREC-DL-20 and BEIR.
Comparison to unsupervised models. In terms of document
reranking effectiveness, the nDCG@10 scores presented in Table 1
lead to the following findings: (i) LongRanker exhibits significant
effectiveness gains against pointwise methods. The underlying
reason might be that LongRanker can capture global inter-docu-
ment interactions for all retrieved documents, whereas the point-
wise method only captures query-document interactions. (ii) Long-
Ranker achieves effectiveness on par with pairwise and setwise
methods while containing substantially fewer parameters. The un-
derlying reason might be that LongRanker contains the process of
supervised fine-tuning while their methods are evaluated under ze-
ro-shot settings. (iii) Despite surpassing RankGPT3.5 that is based
on ChatGPT, LongRanker is inferior to RankGPT4 across most
benchmark datasets. We attribute this phenomenon to the fact that
RankGPT4 is a proprietary LLM comprising massive parameters,
which empower it with powerful semantic understanding and lan-
guage modeling capabilities. However, the high economic expenses
of LLM API calls restricts the realistic utilization of RankGPT3.5
and RankGPT4.
Comparison to supervised models. When it comes to the super-
vised models, the nDCG@10 scores presented in Table 1 lead to the
following findings: (i) Compared to pointwise methods monoBERT
and monoT5, LongRanker can achieve better reranking perfor-
mance by a large margin on all benchmarks although all models
utilize labeled training data. We attribute the sucess of LongRanker
to the capture of global inter-document context. (ii) LongRanker,
RankVicuna, RankZephyr and RankMistral20 are all supervised list-
wise methods fine-tuned on listwise labels generated by proprietary
LLMs. We can observe that LongRanker outperforms the remaining
three models on most benchmark datasets with only 1.5B parame-
ters. We attribute the effectiveness advantage to the elimination of
sliding window strategy. LongRanker can capture global inter-docu-
ment interactions by accommodating all 100 documents in one pass,
whereas the remaining models are limited to interactions within
a sliding window of size 20. (iii) Compared to RankMistral100 that
enables one-pass reranking as well, LongRanker still show effective-
ness advantage on TREC-DL-19, TREC-DL-20 and 6 out of 8 BEIR
datasets. The underlying reason might be that both the hierarchical
positional encoding and top-k attention pruning in LongRanker
are tailored for document reranking while RankMistral100 is built
on the Mistral backbone that has not been adapted to reranking at
the model architecture level.

5.2 Effectiveness-efficiency trade-off
In this section, we assess the effectiveness-efficiency trade-off of the
baseline models. As mentioned in Section 4, efficiency is evaluated
using two metrics: response latency and prompt token number. For
clarity of presentation, we report the relative prompt token num-
ber normalized with respect to LongRanker. For the pairwise PRP
reranker, we only showcase the most efficient aggregation strategy,
i.e., PRP-Sorting. Similarly, we only showcase the most efficient
aggregation strategy for the setwise methods, i.e., Setwise.heapsort.

https://chat.deepseek.com
https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
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Table 1: Performance comparison on the benchmark datasets in terms of nDCG@10. All methods rerank top-100 documents
retrieved by BM25. Sliding represents listwise methods with the sliding window strategy. One-pass represents listwise methods
that reranks all candidate documents in a single pass. The best results within each part are highlighted in bold.

Models Strategy DL19 DL20 Covid DBPedia SciFact NFCorpus Signal Robust04 Touche News Avg.

BM25 - 50.58 47.96 59.47 31.80 67.89 33.75 33.04 40.70 44.22 39.52 43.80

Unsupervised

UPR (11B) Pointwise 53.85 56.02 68.11 30.91 72.69 43.11 31.91 42.43 19.69 35.04 42.99
PRP-Allpair (11B) Pairwise 69.87 69.85 - - - - - - - - -
PRP-Sorting (11B) Pairwise 67.81 67.77 - - - - - - - - -
PRP-Sliding-10 (11B) Pairwise 67.00 67.35 - - - - - - - - -
Setwise.heapsort (11B) Setwise 70.60 68.80 75.20 40.2 72.60 34.60 32.10 51.30 29.70 47.30 47.90
Setwise.bubblesort (11B) Setwise 71.10 68.60 76.80 42.40 75.40 34.60 34.30 53.40 38.80 47.90 50.50
RankGPT3.5 (API) Sliding 65.80 62.91 76.67 44.47 70.43 48.85 32.12 50.62 36.18 48.85 49.37
RankGPT4 (API) Sliding 75.59 70.56 85.51 47.12 74.95 52.89 34.40 57.55 38.57 52.89 53.68

Supervised

monoBERT (340M) Pointwise 70.72 67.28 73.45 41.69 62.22 34.92 30.63 44.21 30.26 47.03 45.55
monoT5 (220M) Pointwise 70.58 67.33 75.94 42.43 65.07 35.42 31.20 44.15 30.35 46.98 46.44
RankVicuna (7B) Sliding 67.72 65.98 79.19 44.51 70.67 34.51 34.24 48.33 33.00 47.15 48.95
RankZephyr (7B) Sliding 73.39 70.02 82.92 44.42 75.42 38.26 31.41 53.73 30.22 52.80 51.15
RankMistral20 (7B) Sliding 70.34 69.58 80.86 42.52 75.82 38.38 33.90 54.69 37.18 51.42 51.85
RankMistral100 (7B) One-pass 72.55 71.29 82.24 43.54 77.04 39.14 33.99 57.91 34.63 50.59 52.40
LongRanker (1.5B) One-pass 73.63 72.18 81.94 44.09 77.26 39.28 33.03 58.09 35.46 51.08 52.53
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Figure 3: Effectiveness vs. response latency trade-off and effectiveness vs. prompt token number trade-off. Up and left is better.
The relative prompt token number is with respect to LongRanker.

Moreover, we omit monoT5 since it exhibits similar effectiveness
and efficiency distribution to monoBERT. Since all models exhibit
consistent effectiveness and efficiency on the TREC-DL-19, TREC-
DL-20 and BEIR datasets, we only report the effectiveness-efficiency
trade-off on the TREC-DL-19 dataset, as shown in Figure 3.
Effectiveness vs. response latency. According to Figure 3(a),
we can find that: (i) Despite the efficiency, pointwise methods in-
cluding UPR and monoBERT demonstrate moderated effectiveness,
hindering their potential in realistic search scenarios. (ii) The pair-
wise reranker PRP-sorting exhibits relatively poor effectiveness-ef-
ficiency balance with moderated nDCG@10 score and the longest

response latency. The setwise method Setwise.heasort mitigates the
efficiency problem of pariwise rerankers, while still maintaining
longer response latency and weaker reranking effectiveness com-
pared to LongRanker. (iii) All listwise methods using the sliding
window strategy, including RankGPT3.5, RankGPT4, RankZephyr,
RankVicuna and RankMistral20, are trapped in long time latency,
which highlights the efficiency advantage of LongRanker. Despite
the high effectiveness, the response latency of RankGPT4 is high
due to the sliding window strategy, limiting its realistic applications.
(iv) The one-pass methods, namely LongRanker and RankMistral100,
exhibit shorter response latency while maintaining considerable
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Table 2: Ablation study on TREC-DL-19 and TREC-DL-20.

Model TREC-DL-19
nDCG@10

TREC-DL-20
nDCG@10

LongRanker 73.63 72.18

w/o HPE 69.48 67.40
w/o TAP 67.97 66.35
w/o Both 63.60 61.80

reranking effectiveness. LongRanker achieves an even better bal-
ance between efficiency and performance due to its fewer parame-
ters and the attention pruning component.
Effectiveness vs. prompt token number. As depicted in Fig-
ure 3(b), we can find that: (i) Similarly, LongRanker comprehen-
sively achieves best balance between effectiveness and the prompt
token numbers. (ii) Despite the effectiveness, RankGPT4 demands
far more input prompt tokens since each document is fed into LLMs
twice except those within the beginning and the ending sliding win-
dow. This will incorporate expensive economic costs since GPT-4 is
charged $0.0300 per 1k tokens. (iii) Compared to listwise rerankers
with sliding windows, LongRanker and RankMistral100 significantly
decreases the prompt token numbers while maintaining consider-
able effectiveness due to the elimination of sliding windows.

5.3 Ablation study
Table 2 illustrates the results of the ablation study for LongRanker.
All ablation variants are fine-tuned using the same training data
as LongRanker. Notably, the w/o Both variant corresponds to the
baseline of directly fine-tuning the Qwen2.5-1.5B backbone model
on the training data without any additional components.
Impact of hierarchical positional encoding.We ablate the hi-
erarchical positional encoding module from LongRanker and de-
note this variant as w/o HPE. As shown in Table 2, the ranking
performance of LongRanker degrades significantly without hierar-
chical positional encoding, which validates the effectiveness of our
proposed method in enhancing length extrapolation for listwise
document input.
Impact of top-k attention pruning. To validate the effectiveness
of top-k attention pruning, we eliminate the attention mask and
denote this full attention variant as w/o TAP. Surprisingly, the
full attention model involving both query-document and all inter-
document interactions substantially underperforms LongRanker.
The underlying reasonmight be that top-k attention pruning is built
on the nature of document reranking, providing positive guidance
for LLMs to model relevance relationships.
Table 3: Effect on the effectiveness and latency by varying 𝑘 .

Value of 𝑘 0 20 40 60 80 100

nDCG@10 69.84 73.63 62.83 63.05 65.27 67.97
Latency 9.0 9.9 10.9 12.1 13.5 14.9

Impact of 𝑘 in top-𝑘 attention pruning. We further analyze the
impact of the hyperparameter 𝑘 on the reranking effectiveness and
efficiency by varying the value of 𝑘 . The results are reported in
Table 3, note that the aforementioned full attention variant is the
case when 𝑘 is set to 100. We can find that: (i) The response latency
generally increases with k. (ii) Surprisingly, LongRanker exhibits
relatively strong ranking capability when 𝑘 is set to 0, indicating

the ability of LongRanker to capture query-document interactions.
(iii) LongRanker demonstrates optimal effectiveness when 𝑘 is set to
20, whereas the effectiveness suffers from a significant drop when
𝑘 is set between 20 and 100(i.e., 𝑘 ∈ {40, 60, 80}). The underlying
reason might be that the intermediate values of k can introduce
interference from noisy documents.

5.4 Analysis on ranking inconsistency
To verify the advantages of LongRanker over sliding window strate-
gies in terms of ranking consistency, we compare LongRanker with
methods based on multi-pass sliding windows on TREC-DL-19.
Specifically, we compare LongRanker to RankGPT3.5 that adopts
the sliding window strategy by varying the window and step size.
To quantify ranking inconsistency, we measure the number of in-
consistent document pairs among the shared documents in adjacent
sliding windows. Specifically, if the relative order of a pair of shared
documents differs between two overlapping windows, we count
this as an inconsistent pair. As depicted in Table 4, we can observe
that: (i) As the window size increases, the number of inconsistent
document pairs grows significantly with decreasing ranking effec-
tiveness. (ii) LongRanker completely avoids inconsistent document
pairs since the ranking process only needs one pass to LLMs.

Table 4: Comparison on ranking inconsistency. #IP denotes
the average number of inconsistency pairs per query.

Model Window Step #IP nDCG@10

RankGPT3.5 20 10 67.42 67.05
RankGPT3.5 40 20 105.12 65.51
RankGPT3.5 60 30 158.14 65.03
LongRanker - - 0 73.63

5.5 Comparison with long-context LLMs
As shown in Table 5, we compare LongRanker with long-context
LLMs of varying sizes under both zero-shot and fine-tuning set-
tings. We select Qwen2.5-1.5B3 and Qwen2.5-7B4, both of which
support a context window of 128k tokens. All configurations ex-
clude the sliding window strategy and perform one-pass reranking
over the top-100 retrieved documents. In the zero-shot setting, off-
the-shelf models are directly employed for reranking without any
adaptation. In the fine-tuned setting, models are trained using the
same data as LongRanker. According to Table 5, we can find that:
(i) Both model sizes exhibit modest zero-shot performance, indi-
cating that long-context LLMs require task-specific fine-tuning to
effectively perform listwise reranking. (ii) Fine-tuning yields sub-
stantial improvements over zero-shot baselines for both model sizes.
Notably, Qwen2.5-7B-finetune achieves the best nDCG@10 of 74.01
on TREC-DL-19, demonstrating the effectiveness of knowledge dis-
tillation from proprietary LLMs for learning reranking capabilities.
(iii) LongRanker achieves competitive one-pass reranking perfor-
mance compared to fine-tuned long-context LLMs while main-
taining significantly lower response latency (9.9s vs. 14.9-25.7s),
highlighting its practical potential for real-world deployment.

3https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
4https://huggingface.co/Qwen/Qwen2.5-7B-Instruct

https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
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Table 5: Comparison with long-context LLMs.

Model TREC-DL-19
nDCG@10

TREC-DL-20
nDCG@10 Latency

Qwen2.5-1.5B-zeroshot 50.58 47.96 16.1
Qwen2.5-1.5B-finetune 63.60 61.80 14.9
Qwen2.5-7B-zeroshot 58.32 52.93 25.0
Qwen2.5-7B-finetune 74.01 67.75 25.7

LongRanker 73.63 72.18 9.9

5.6 Impact of document number
To further evaluate the generalization capability of LongRanker
across varying numbers of passages, we adjust the number of doc-
uments retrieved by the first-stage retriever, denoted as 𝑁 , and
analyze its impact on reranking effectiveness. As illustrated in Ta-
ble 6, LongRanker trained on listwise data with 100 documents
demonstrates robust reranking performance across different docu-
ment counts. Notably, the method achieves superior effectiveness
when the document count is increased to 200, compared to smaller
configurations such as 20 or 50. This observation suggests that
LongRanker is adept at leveraging long-context information and is
particularly well-suited for scenarios where extensive contextual
information is available.
Table 6: Impact of document count 𝑁 on reranking effective-
ness.

Value of 𝑁 20 50 100 200

nDCG@10 66.09 69.68 73.63 71.05

6 Related Work
LLMs for reranking. Recent research [23, 34, 37, 52] underscores
the efficacy of LLMs as proficient rerankers. Four distinct categories
of prompting strategies are proposed to activate the reranking
capabilities within LLMs, specifically including pointwise, pair-
wise, setwise and listwise prompting methods. Pointwise meth-
ods [3, 13, 32, 53, 54] utilize LLMs to generate a relevance score for
the given query and each candidate document, typically following
the relevance generation paradigm [13, 53] that prompts models
to determine the query-document relevance and the query genera-
tion paradigm [3, 32, 54] that instructs LLMs to generate a relevant
query for each document. Pair-wise methods [24, 27] prompt LLMs
to compare the relevance of a pair of documents to a given query.
Various comparison strategies, such as all-pair comparisons, sorting-
based, and sliding windows, are used to aggregate these pairwise
preferences into a final ranked list. Setwise methods[55] select the
most relevant document to the query from multiple documents in
one pass, and employ comparison strategies to aggregate the com-
parison results as well. Listwise methods [21, 25, 29, 30, 33, 36, 38]
input a query along with candidate documents into LLMs, which
are then instructed to generate a ranked permutation based on
relevance. However, the limited context window of LLMs restricts
direct reranking of entire document lists, hence a sliding window
strategy is usually adopted. Despite the effectiveness, sliding win-
dows can lead to redundant comparisons, Liu et al. [16] detected the
efficiency dilemma by conducting a comprehensive study on long-
context LLMs for ranking. However, the proposed enhancement
method neglects the inherent characteristics of listwise document

reranking to some degree. Gupta et al. [7] identified the potential
of exploiting the structure inherent in listwise document reranking
and introduced BlockRank, an efficient in-context ranking method.
Long-context LLMs. Extensive efforts have been conducted to
extend the context window of LLMs. When it comes to longer in-
put than encountered during the pre-training phase, LLMs often
struggle to generalize effectively to these extended inputs due to
the OOD problem of relative distances. To address this issue, many
studies [2, 9, 22, 46, 50] have been dedicated to adapting the posi-
tional encoding to improve robustness in generalizing to lengthy
input sequences. Wherein He et al. [9] first proposed BiPE to com-
bine absolute and relative positional encoding, thereby boosting
length extrapolation capabilities. Another challenge LLM faces dur-
ing length extrapolation is the excessive complexity in attention
computation. To address this limitation, Beltagy et al. [1] proposed
three categories of attention patterns to achieve a linear scaling
with sequence length. Guo et al. [6] also introduces a novel transient
global attention mechanism that allows each token to attend to its
neighborhood as well as all global tokens. Similarly, Han et al. [8]
designed a Λ-shaped attention mask along with a distance ceiling
technique to improve the ability of LLMs to process long contexts.
Despite the promising empirical results, directly applying these
methods to the reranking task overlooks the intrinsic nature of doc-
ument reranking. In this paper, we shift our focus toward exploring
how to transform LLMs into efficient long-context rerankers.

7 Conclusion
In this work, we explore how to perform efficient one-pass docu-
ment reranking with long-context LLMs. We devise the hierarchical
positional encoding component to improve length extrapolation for
listwise inputs, and propose the top-𝑘 attention pruning approach
to lower the computation costs. Our main findings are that our
proposed LongRanker method achieves significant advantages in
terms of effectiveness and efficiency when compared with other
LLM-based rerankers.

An important limitation of our work is that the training data
construction for LongRanker depends on proprietary LLMs, which
incurs additional training costs. We plan to explore proprietary
LLM-free training pipelines in future work. Another limitation con-
cerns the evaluation metrics, which focus solely on the reranking
performance of the top-10 documents in the ranked list. This ap-
proach is insufficient to comprehensively assess the full reranking
capability of long-context LLMs across the entire document set.
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Appendix
A Details of baseline models
In this section, we briefly introduce the details of baseline models.
We generally categorize the ranking models into unsupervised and
supervised methods.

For unsupervised models, we compare our method with the
following baselines across distinct strategies: (i) UPR [32] is a

LLM-based pointwise method that judges query-document rele-
vance based on query generation. The backbonemodel is FLAN-T5-XXL
with 10B parameters. (ii) PRP [28] is a LLM-based pairwise method
that judge inter-document relevance and then aggregate the com-
parison results. Following [28], we incorporate three categories
of comparison strategies, i.e., PRP-Allpair, PRP-Sorting, PRP-Slid-
ing-10. The backbone model is FLAN-T5-XXL with 10B parame-
ters. (iii) Setwise rerankers [55] first judge the most related docu-
ment from a document set and then aggregate the comparison re-
sults. Following [28], we incorporate two comparison strategies, i.e.,
Setwise.heapsort and Setwise.bubblesort. The backbone model is
FLAN-T5-XXL with 10B parameters. (iv) Listwise rerankers prompt
LLMs to generate permutations of document identifiers. We com-
pare with RankGPT3.5 and RankGPT4 [36] that utilize the pro-
prietary LLM gpt-3.5-turbo and gpt-4 as the backbone model,
respectively. Both models employ a sliding window strategy with
window size 20 and step 10 to yield the final ranked list.

For supervised models, we compare our method with the fol-
lowing baselines across distinct strategies: (i) monoBERT [19] is a
pointwise cross-encoder reranker that fine-tunes BERT with the
MS MARCO dataset [17]. (ii) monoT5 [20] is a pointwise reranker
that fine-tunes the sequence-to-sequence model T5 to produce the
words “true” or “false” revealing the query-document relevance.
(iii) RankVicuna [25] is a listwise model that uses ranked lists gen-
erated by RankGPT3.5 to fine-tune Vicuna. (iv) RankZephyr [26] is
a listwise model that distills from both RankGPT3.5 and RankGPT4
with Zephyr. Both RankVicuna and RankZephyr employ a sliding
window strategy with window size 20 and step 10 to yield the final
ranked list. (v) RankMistral [16] is a listwise model that fine-tunes
Mistral-7B-Instruct-v0.3 [11] with rank lists distilled from gpt-4o.
RankMistral20 employs a sliding window strategy with window
size 20 and step 10 to yield the final ranked list. RankMistral100
enables one-pass ranking of all candidate documents.
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