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Abstract

Large Language Models (LLMs) have shown
exciting performance in listwise passage rank-
ing. Due to the limited input length, exist-
ing methods often adopt the sliding window
strategy. Such a strategy, though effective, is
inefficient as it involves repetitive and serial-
ized processing, which usually re-evaluates rel-
evant passages multiple times. As a result, it
incurs redundant API costs, which are propor-
tional to the number of inference tokens. The
development of long-context LLMs enables
the full ranking of all passages within a sin-
gle inference, avoiding redundant API costs.
In this paper, we conduct a comprehensive
study of long-context LLMs for ranking tasks
in terms of efficiency and effectiveness. Sur-
prisingly, our experiments reveal that full rank-
ing with long-context LLMs can deliver supe-
rior performance in the supervised fine-tuning
setting with a huge efficiency improvement.
Furthermore, we identify two limitations of
fine-tuning the full ranking model based on ex-
isting methods: (1) the sliding window strategy
fails to produce a full ranking list as a train-
ing label, and (2) the language modeling loss
cannot emphasize top-ranked passage IDs in
the label. To alleviate these issues, we pro-
pose a complete listwise label construction ap-
proach and a novel importance-aware learning
objective for full ranking. Experiments show
the superior performance of our method over
baselines. Our codes are available at https:
//github.com/RUC-NLPIR/fullrank.

1 Introduction

In recent years, large language models (LLMs)
have demonstrated impressive zero-shot capabil-
ities in passage ranking tasks (Sun et al., 2023;
Zhu et al., 2023). The listwise ranking approach,
which processes multiple passages simultaneously
and directly outputs a reranked list of passage IDs,
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Figure 1: The sliding window strategy and full ranking
strategy are shown in part (a) and part (b), respectively.
The bar chart shows the comparison between our fine-
tuned sliding window model and full ranking model
in terms of NDCG@10 and latency (per query) on the
TREC DL19 dataset.

has been widely adopted and shown to outperform
other methods. For instance, Sun et al. (2023)
achieved state-of-the-art performance using the pro-
prietary GPT-4 model on both the TREC (Craswell
et al., 2020b) and BEIR (Thakur et al., 2021) bench-
marks. Furthermore, several studies (Pradeep et al.,
2023a,b) also attempt to distill the listwise ranking
capabilities of proprietary models into more mod-
erately sized LLMs to enhance ranking efficiency
and improve the reproducibility of results.

Due to the limited context length of many LLMs,
existing listwise ranking methods can only process
a subset of passages at a time, ultimately relying
on a sliding window strategy (Sun et al., 2023) to
rank the entire passage list (see part (a) in Figure 1).
Based on fixed window size and step size, this strat-
egy promotes relevant passages that are initially
lowly ranked to the top. However, in this strategy,
many passages are evaluated multiple times due to
the overlapping parts of adjacent windows, lead-
ing to significant redundancy and increased API
costs, which grow proportionally with the number
of inference tokens. Additionally, the sequential
dependency between windows also limits inference
parallelization, resulting in efficiency bottlenecks.
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Recently, with the development of long-context
techniques (Chen et al., 2023; Ding et al., 2023),
some LLMs, such as Mistral-7B-Instruct-v0.3
(32k) and LLaMA 3.1-8B-Instruct (128k), have
supported longer input lengths. This enables the
input of all retrieved passages and the output of the
full ranked list in a single step, which we refer to as
full ranking in this paper (see part (b) in Figure 1).
Full ranking not only eliminates the repetitive and
time-consuming sliding window process but also
reduces redundant passage inference, thereby sig-
nificantly lowering API costs. Even though, the
effectiveness and efficiency of the full ranking strat-
egy remain unclear. As for effectiveness, although
full ranking allows for more global interactions
among passages, which may lead to higher rank-
ing accuracy, the increased input length also brings
higher difficulty for LLMs. As for efficiency, while
the full ranking eliminates the sliding window’s
serial processing, the dramatically increased input
length also increases the time cost of LLM encod-
ing. We believe that a thorough investigation of
these questions will facilitate the application of
long-context LLMs to ranking tasks.

In this paper, we conduct a comprehensive study
of long-context LLMs for ranking. Specifically,
we compare the full ranking and sliding window
strategies in terms of efficiency and effectiveness,
and draw the following conclusions: (1) In the zero-
shot setting, the full ranking model demonstrates
higher efficiency but lower effectiveness compared
to the sliding window model. (2) In the supervised
fine-tuning setting, the full ranking model outper-
forms the sliding window model, demonstrating the
advantage of full ranking with proper fine-tuning.

Furthermore, we identify the limitations of ap-
plying existing listwise training methods (Pradeep
et al., 2023a,b) to fine-tune a full ranking model: (1)
Existing methods for ranking a passage list are pri-
marily based on sliding windows, passing through
the list from the back to the front. Theoretically,
this approach can only guarantee the order of the
top-ranked passages, rather than generating a full
ranking list. (2) In terms of optimization objectives,
existing methods use a standard language modeling
loss that applies an equal penalty to all passage IDs
in the training label. However, the training label
for a full ranking model contains hundreds of pas-
sage IDs, with only a few of the top-ranked passage
IDs being relevant. This leads to a significant im-
balance between relevant and irrelevant passages.
As a result, the penalty on relevant passage IDs

is overshadowed by that on irrelevant ones, which
conflicts with the evaluation of the ranking task
that prioritizes top-ranked passages.

To address these limitations, we first design a
multi-pass sliding window approach, which iter-
atively generates a full ranking list as a training
label, overcoming the limitation of producing only
the top-ranked passages in a single pass. Then, we
propose an importance-aware loss that reweights
the passage IDs in the label based on their rank
position, ensuring that higher-ranked passage IDs
receive more attention. Extensive experiments on
TREC and BEIR benchmarks demonstrate that our
fine-tuned full ranking model outperforms previous
state-of-the-art models, as well as our fine-tuned
sliding window model. Figure 1 shows the advan-
tage of our fine-tuned full ranking model compared
to the sliding window model: an absolute improve-
ment of 2.2 in terms of NDCG@10 and a reduction
in latency by 29.3% on the TREC DL19 dataset.

Our contributions are summarized as follows:
• We conduct a comprehensive study of long-
context LLMs for ranking. To the best of our knowl-
edge, we are the first to investigate the application
of long-context LLMs in ranking tasks.
• We reveal that, in a zero-shot setting, full ranking
with long-context models is more efficient but less
effective compared to the sliding window strategy.
• To enhance the effectiveness of full ranking, we
propose a complete listwise label construction ap-
proach and a novel importance-aware learning ob-
jective for fine-tuning the full ranking model.

2 Listwise Ranking with LLMs

In this section, we discuss the fundamentals of
listwise ranking in zero-shot and supervised fine-
tuning settings, respectively.

2.1 Zero-shot Ranking

Given a user query q and a list of passages P =
[p1, . . . , pN ], the listwise ranking task takes q and
P as the input, and outputs a ranked sequence of
IDs indicating the relevance of each passage (i.e.,
[3] > [1] > . . . ). The prompt we use is shown in
Appendix A. In this paper, we use two different
ranking strategies based on long-context LLMs:
(1) the full ranking strategy and (2) the sliding win-
dow strategy. The full ranking involves inputting
the entire passage list P into the LLM, enabling it
to rank all passages simultaneously in a single step.
The sliding window strategy uses a window of size

163



1 … … … …+

Long-context LLM

Input

Importance-aware Loss

Weight

ID

[99]

[100]

[51]

[2]

…
…

Label
[99] > [100] > … [51] … > [2]

2 51 52 99 100

Sliding Window

99 100 1 …2 51 52…

Sliding Window

51 52 1 2…

Multi-pass Sliding Window

1 51 100

Top1-10

Top10-20

…

Figure 2: The training method of the full ranking model. We first use a multi-pass sliding window approach to
iteratively obtain the full ranking list of passages. Then, we design an importance-aware loss that assigns different
weights to the IDs in the label for model optimization.

w, sliding from the end of the passage list to the be-
ginning with a step size s. In this paper, following
previous studies (Sun et al., 2023; Pradeep et al.,
2023a), we set passage number N , window size w,
and step size s to 100, 20, and 10, respectively.

2.2 Supervised Fine-tuning
Existing studies (Pradeep et al., 2023a,b) on fine-
tuning listwise rerankers are primarily based on dis-
tillation techniques: the teacher model (e.g., GPT-
4) receives a list of passages and outputs a sequence
of passage IDs, which will be used as the super-
vised label for fine-tuning. The training process
then optimizes the listwise reranker by minimizing
the standard language modeling loss L:

L = −
|y|∑

i=1

log(Pθ(yi | x, y<i)), (1)

where x represents the input prompt and y is the
teacher label, which is primarily obtained by re-
ranking the top-20 passages retrieved by BM25.

3 Fine-tuning Full Ranking Model

As we mentioned in Section 1, directly applying
existing listwise training methods to train a full
ranking model has two limitations: (1) One-pass
sliding window process can only guarantee the top
ranking, failing to obtain the full ranking list, sim-
ilar to how a single pass of bubble sort algorithm
can only guarantee the top-1 ranked item. Directly
applying a full ranking to all passages is reasonable,
but it is less effective than the sliding window strat-
egy in a zero-shot setting, which will be discussed
in Section 4.2. (2) Given a full ranking list, which
exhibits a significant imbalance between relevant

and irrelevant passage IDs, the standard language
modeling loss applies equal penalties to each ID,
causing the top-ranked IDs to be overwhelmed. To
address these limitations, we design a multi-pass
sliding window approach to generate high-quality
full ranking lists as training labels and propose
a novel importance-aware learning objective for
model optimization. Next, we will introduce the
details of our methods.

3.1 Multi-pass Sliding Window Approach

To generate the full ranking list for model fine-
tuning, we first employ BM25 to retrieve the top-
100 candidate passages, which are then reranked
using a teacher model. In theory, a single pass of
the sliding window process (ranking from back to
front with a window size of 20 and a stride of 10)
can only ensure the retrieval of the top 10 most
relevant passages. To overcome this limitation, we
propose a multi-pass sliding window approach to
obtain the full ranking list, as illustrated in Figure 2.
In the first pass, the sliding window strategy is
applied to rerank all 100 passages, yielding the
top 10 most relevant passages. In the second pass,
the same strategy is used to rerank the remaining
90 passages, producing the next 10 most relevant
passages. This iterative process continues until the
entire reranked list is constructed.

3.2 Importance-Aware Learning Objective

The full ranking label contains up to 100 passage
IDs, with a very small proportion of relevant pas-
sage IDs. Using the standard language modeling
loss leads to the loss contributions of top-ranked
relevant passage IDs being overshadowed by others.
This misaligns with the evaluation of the ranking

164



task, where more relevant passages are of greater
importance and have a larger impact on ranking
metrics. For example, “[99]” should be assigned
the highest importance than other ids in the label
“[99] > [100] > · · · ” while calculating the loss. To
address this issue, we propose an importance-aware
loss function Lia which includes a position-based
weight wp to reweight the importance of each pas-
sage ID in the label. The Lia is defined as:

Lia = −
|y|∑

i=1

wi log(Pθ(yi | x, y<i)), (2)

wi =

{
1 + 1

log2(pi+1) , i ∈ passage IDs,

α, i /∈ passage IDs.
(3)

Here, pi represents the passage rank correspond-
ing to the i-th token. Note that each passage ID
will be split into multiple tokens (e.g., [99] will be
split into “[”, “9”, “9”, and “]”), and these tokens
have the same weight.1 Besides, we believe that
the importance of passage IDs is higher than that of
relational operator “>”, so we set the weight of “>”
as α (α <= 1). By incorporating the importance-
aware loss Lia, we ensure that higher-ranked pas-
sage IDs receive greater weight during loss calcu-
lation, which better aligns with the training of the
full-ranking model.

4 Experiments

4.1 Setting
Evaluation Datasets For evaluation, we em-
ployed datasets from TREC DL 2019 (Craswell
et al., 2020b) and TREC DL 2020 (Craswell et al.,
2020a), as well as BEIR (Thakur et al., 2021)
benchmark. BEIR includes 18 datasets from vari-
ous domains, designed to assess the zero-shot abil-
ity of ranking models. Following previous stud-
ies (Sun et al., 2023), we choose 8 BEIR datasets
for model evaluation. We rerank the top-100 pas-
sages retrieved by BM25 and use NDCG@10 as
the evaluation metric.

Baselines In addition to comparing the perfor-
mance of sliding window model and full ranking
model, we also include several finetuned rerankers
for comparison: monoBERT (340M) (Nogueira
and Cho, 2019), monoT5 (220M) (Nogueira
et al., 2020), RankT5 (3B) (Zhuang et al.,

1We also explore adding the passage IDs as new tokens
into the LLM’s vocabulary. Unfortunately, this strategy does
not bring performance improvements.

2023b), RankVicuna (Pradeep et al., 2023a) and
RankZephyr (Pradeep et al., 2023b). MonoBERT,
monoT5, and RankT5 are trained on annotated
query-passage pairs from the MS MARCO training
set, while RankVicuna and RankZephyr are dis-
tilled from ranking lists generated by proprietary
models, namely ChatGPT and GPT-4. The detailed
descriptions of the baselines are presented in Ap-
pendix E.

Implementation Details In our experiments, we
evaluate the performance of the full ranking strat-
egy based on long-context LLMs under two differ-
ent settings: zero-shot and supervised fine-tuning,
and compare with the sliding window strategy.

For the zero-shot setting, we select both
open-source and proprietary models to provide
a comprehensive evaluation. The open-source
models include Mistral-7B-Instruct-v0.3 (32k),
LLaMA3.1-8B-Instruct (128k), and Qwen2.5-7B-
Instruct (128k). These models have been chosen
for their ability to handle long contexts and strong
performance on a wide range of tasks. We also
compare models of different sizes, and the results
can be found in the appendix F. We also include
two proprietary models, GPT-4o-mini and GPT-4o
(both have 128k context)2.

For the supervised fine-tuning setting, we fine-
tune a sliding window model for comparison with
the full ranking model. Following previous stud-
ies (Pradeep et al., 2023a,b), we use BM25 to re-
trieve top-20 passages and rerank them using a
teacher model to obtain the training label. We also
experiment with sampling 20 passages from the
top-100 retrieved ones as training passages, but
find the performance is inferior to directly using
the top-20 passages. Detailed experimental results
are presented in Table 8. We choose Mistral-7B-
Instruct-v0.3 as our backbone model and use two
different teacher models: GPT-4o-mini and GPT-
4o. The finetuned full ranking model and sliding
window model are denoted as RankMistral100 and
RankMistral20, respectively. Both models are op-
timized with our proposed importance-aware loss
for fair comparison. The detailed training configu-
ration and API Cost for generating training labels
can be found in appendix B and D, respectively.

2The version of GPT-4o-mini and GPT-4o we used is gpt-
4o-mini-2024-07-18 and gpt-4o-2024-08-06, respectively.
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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
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
RankT5 (3B) Pointwise 72.29 69.14 79.03 44.85 74.60 38.19 31.73 50.52 34.66 49.11 50.34
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
RankZepyer (7B) Sliding 73.39 70.02 82.92 44.42 75.42 38.26 31.41 53.73 30.22 52.80 51.15

Zero-shot

Mistral-v0.3 (7B) Sliding 62.55 58.48 74.79 40.66 56.61 34.68 30.09 45.61 34.41 44.40 45.16
Full 45.33 47.86 62.63 33.85 51.58 32.71 27.63 37.38 37.54 37.76 40.14

Llama-3.1 (8B) Sliding 65.18 59.49 74.68 39.23 56.41 35.33 28.07 45.86 36.78 44.98 45.17
Full 53.50 52.17 60.90 34.78 61.01 33.20 31.37 39.42 41.83 41.61 43.02

Qwen-2.5 (7B) Sliding 68.34 64.89 79.76 40.87 71.32 37.97 30.66 52.87 32.02 49.49 49.37
Full 57.44 54.42 65.06 35.57 61.49 33.75 27.35 37.60 26.91 37.55 40.66

GPT-4o-mini Sliding 72.36 67.30 80.03 44.54 73.14 38.73 33.64 57.41 30.91 50.91 51.16
Full 68.80 63.02 77.70 41.97 71.42 37.35 32.35 52.32 31.37 47.33 48.98

GPT-4o Sliding 74.78 69.52 83.41 45.56 77.41 39.67 34.20 60.25 32.26 51.92 53.09
Full 73.94 70.03 82.10 43.31 74.85 39.00 32.63 55.95 30.42 47.96 50.78

SFT from GPT-4o-mini

RankMistral20 Sliding 69.08 66.31 80.37 43.46 72.08 37.46 32.97 54.70 33.74 48.84 50.45
RankMistral100 Full 73.17 70.16 82.57 44.54 75.47 38.73 33.49 56.36 38.77 51.08 52.63

SFT from GPT-4o

RankMistral20 Sliding 70.34 69.58 80.86 42.52 75.82 38.38 33.90 54.69 37.18 51.42 51.85
RankMistral100 Full 72.55 71.29 82.24 43.54 77.04 39.14 33.99 57.91 34.63 50.59 52.40

w/o Lia (SFT from GPT-4o)

RankMistral20 Sliding 71.14 68.49 80.80 42.53 76.15 38.54 33.12 55.63 31.62 50.86 51.16
RankMistral100 Full 73.19 71.19 81.24 42.71 75.82 38.85 34.0 57.40 33.21 50.27 51.69

Table 1: Results (NDCG@10) on TREC and BEIR. The best results among each part are marked in bold respectively.
Avg. represents the averaged result of the 8 BEIR datasets.

4.2 Effectiveness Analysis

In this section, we evaluate the performance of the
full ranking strategy and the sliding window strat-
egy based on several long-context LLMs in zero-
shot and fine-tuning settings. The results are shown
in Table 1. For the three open-source long-context
LLMs, we use abbreviations: Mistral-v0.3 (Mistral-
7B-Instruct-v0.3), LLaMA-3.1 (LLaMA-3.1-8B-
Instruct), and Qwen-2.5 (Qwen2.5-7B-Instruct).
“Sliding” and “Full” refer to the sliding window
and full ranking strategies, respectively. Next, we
will provide a detailed analysis of both settings.

Zero-shot In the zero-shot setting, the full rank-
ing strategy underperforms the sliding window
strategy on nearly all datasets across all long-
context LLMs. This demonstrates that full rank-
ing significantly increases the ranking difficulty
of LLM, resulting in a performance drop. How-
ever, there are some cases where the full ranking
strategy outperforms the sliding window strategy.
For instance, on the Touche dataset, the full rank-
ing strategy yields better results for Mistral-v0.3,
LLaMA-3.1, and GPT-4o-mini. This may be due

to the dataset characteristics, where global interac-
tions among passages play a larger role in assessing
the relevance.

Besides, among the evaluated models, GPT-4o
stands out by achieving the best full ranking perfor-
mance. Notably, it achieves an average NDCG@10
of 71.99 on TREC and 50.78 on BEIR, proving its
strong capability for processing long-context input
in ranking tasks.

Supervised Fine-tuning In supervised fine-
tuning setting, we find that our full ranking
model RankMistral100 outperforms sliding win-
dow model RankMistral20 on nearly all datasets.
Notably, RankMistral100 achieves an average im-
provement of about 4 and 2 points on TREC and
BEIR, respectively, compared to RankMistral20
when fine-tuned from GPT-4o-mini. These results
indicate that task-specific fine-tuning can help the
full ranking model better model the global inter-
action between all the passages, thus yielding bet-
ter ranking performance than the sliding window
model. Additionally, we also experiment with us-
ing Qwen2.5-7B-Instruct as the backbone model
and observe the same conclusion. Detailed results
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Figure 3: Latency of ranking top-100 passages based on full ranking and sliding window strategy. “Output Top-10
ID” indicates that the LLM only generates the top-10 ranked passage IDs.

are shown in Table 9.
Furthermore, we conduct an ablation study on

RankMistral20 and RankMistral100 to prove the ef-
fectiveness of our importance-aware loss Lia. Both
models are fine-tuned from GPT-4o and trained
with standard language modeling loss. The re-
sults are shown in part “w/o Lia (SFT from GPT-
4o)”. After removing Lia, both RankMistral20 and
RankMistral100 drop about 0.7 points on BEIR
Avg, proving that Lia makes the model focus more
on top-ranked passage IDs, thereby enhancing its
ranking effectiveness. Besides, even trained with
standard language modeling loss, RankMistral100
still outperforms RankMistral20 on dl19, dl20, and
BEIR Avg, which further demonstrates the effec-
tiveness advantage of RankMistral100 in supervised
fine-tuning setting.

Lastly, we also investigate the performance of
RankMistral100 under different ranking settings
(i.e., different initial passage order and ranking
numbers). Due to limited space, we present the
detailed analysis in Appendix C.

4.3 Efficiency Analysis

As discussed in Section 1, the full ranking strategy
eliminates the redundant and time-consuming slid-
ing window operations. However, the significantly
increased input length also introduces additional
computational latency. In this part, we conduct ex-
periments to measure the latency of two strategies.

Specifically, we rerank the top-100 passages
retrieved by BM25 based on the sliding win-
dow strategy and full ranking strategy on three
datasets—Signal, DL19, and Covid—which cover
different passage lengths. In addition, as current
search engines primarily display the top-10 search
results, it is unnecessary to generate the whole list

of passage IDs for a real-time application. Thus,
we also evaluate the latency of outputting only the
top-10 passage IDs based on both strategies, which
can be implemented by setting the model’s max-
imum number of output tokens. Note that in the
sliding window process (with a window size of 20
and a step size of 10), only outputting 10 passage
IDs at each step still ensures the final top-10 ranked
IDs.

We measure the latency on a 40GB Nvidia A100
GPU and average across all queries within each
dataset. For GPT-4o-mini and GPT-4o, the latency
is measured through API calls. Note that, since
both RankMistral100 and RankMistral20 are fine-
tuned on Mistral-7B-Instruct-v0.3, we do not com-
pare their efficiency separately.

The results are presented in Figure 3. The fol-
lowing observations can be drawn from the figure:

(1) Ranking latency of full ranking strategy (light
orange bar) is much smaller than sliding window
strategy (light green bar) across all long-context
LLMs. For example, on the Signal dataset, the full
ranking strategy achieves an efficiency improve-
ment of approximately 42% on Qwen-2.5 and 65%
on GPT-4o compared to the sliding window strat-
egy. This demonstrates that the full ranking strategy
is more efficient than the sliding window strategy.

(2) When the models are restricted to output
only the top-10 passage IDs, both strategies (dark
green bar and dark orange bar) demonstrate signifi-
cant latency reduction, indicating that the number
of decoded tokens greatly impacts the overall la-
tency. Furthermore, the latency gap between the
two strategies becomes even more pronounced. For
example, on the Signal dataset, the sliding window
strategy takes 29.9 seconds, while the full rank-
ing strategy only takes 3.8 seconds, resulting in
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an approximate 8x speed-up. This highlights the
efficiency advantage of the full ranking strategy in
real-world search engines, where only the top 10
results need to be displayed after a user submits a
query. Besides, the lower latency of GPT-4o and
GPT-4o-mini compared to the other open-source
models may be due to differences in inference re-
sources, such as hardware acceleration and model
optimization.

4.4 Impact of Passage Number N

Efficiency and Effectiveness Analysis In this
part, we further compare the efficiency and ef-
fectiveness of the full ranking strategy and the
sliding window strategy across different numbers
of passages N . We choose different values of
N ∈ {20, 40, 60, 80, 100} and conduct the exper-
iments on the DL19 dataset based on the open-
source model Mistral-7B-instruct-v0.3 and the pro-
prietary model GPT-4o, respectively. The results
are shown in Figure 4. From the results, we have
the following observations: (1) For different N ,
the latency of the full ranking strategy consistently
remains lower than that of the sliding window strat-
egy, with the gap becoming more noticeable as N
increases. (2) As N increases, the latency of full
ranking exhibits an almost linear growth, which
benefits from the optimization within LLMs for
handling long contexts. (3) Across various values
of N , the sliding window strategy demonstrates
better effectiveness compared to the full ranking
strategy, similar to the phenomenon observed in
Table 1. Additionally, due to GPT-4o’s strong abil-
ity to model long contexts, the effectiveness gap
between the two strategies is relatively smaller com-
pared to Mistral-7B-Instruct-v0.3.

Generalization of RankMistral100 As we men-
tioned in Section 3, our full ranking model is
trained to rank 100 passages at a time. How-
ever, it remains unclear whether it can general-
ize to other numbers of passages (N ). In this
section, we selected different values of N ∈
{20, 40, 60, 80, 100} and tested the performance
of RankMistral100 based on full ranking strategy,
comparing it with RankMistral20 using sliding win-
dow strategy. Both models are fine-tuned using our
importance-aware loss Lia with labels generated
by GPT-4o. We conducted experiments on DL19,
DL20, and BEIR, and show the results in Table 2.
From the results, it can be seen that RankMistral100
performs better than RankMistral20 across differ-
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Figure 4: Comparison of sliding window strategy and
full ranking strategy on DL19 dataset based on Mistral-
7B-instruct-v0.3 and GPT-4o, respectively.
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Figure 5: The comparison of API cost per query of the
sliding windows strategy and the full ranking strategy
when ranking top-100 retrieved passages.

ent N values. This indicates that even though
RankMistral100 is trained on passage lists of length
100, it can still generalize to variable-length rank-
ing tasks. The comprehensive results are presented
in Table 5.

4.5 API Cost Comparison
As we mentioned in Section 1, full ranking avoids
the inference of redundant passages between ad-
jacent windows in the sliding window strategy,
thereby reducing the API cost for LLMs. In this
section, we investigate the API cost savings of the
full ranking strategy compared to the sliding win-
dow strategy. We selected the Signal, DL19, and
Covid datasets, and used GPT-4o-mini and GPT-4o
as the inference models. We rerank the BM25-
retrieved top-100 passages, and the API costs are
calculated based on the number of input and output
tokens, using OpenAI’s official price. As shown
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N Model DL19 DL20 BEIR Avg

20 RankMistral20 63.47 59.56 48.45
RankMistral100 65.82 62.03 49.87

40 RankMistral20 65.89 63.88 50.07
RankMistral100 67.77 66.01 51.88

60 RankMistral20 70.34 64.82 50.66
RankMistral100 70.97 68.74 52.00

80 RankMistral20 70.28 68.29 51.13
RankMistral100 71.36 70.22 52.14

100 RankMistral20 70.34 69.58 51.85
RankMistral100 72.55 71.29 52.40

Table 2: Results (NDCG@10) of RankMistral100 and
RankMistral20 under different passage number N .

in Figure 5, the full ranking strategy reduces API
costs by about 50% compared to the sliding win-
dow strategy, which proves its cost-efficiency. The
differences in API costs across datasets are mainly
due to varying passage lengths (longer passages
leading to higher costs).

5 Related Work

5.1 LLMs for Passage Ranking

The application of LLMs into information re-
trieval (Zhu et al., 2023, 2024) has sparked sig-
nificant interest, leading to numerous studies on
utilizing LLMs for passage ranking tasks. Existing
approaches leveraging LLMs for passage ranking
can be classified into three categories based on
their ranking strategies: pointwise, pairwise, and
listwise methods. Pointwise methods (Liang et al.,
2022; Sachan et al., 2022; Zhuang et al., 2023a;
Liu et al., 2024b) assess the relevance between a
query and each passage independently. Pairwise
methods (Qin et al., 2023; Luo et al., 2024) involve
comparing two passages at a time to determine
which one is more relevant to the query. Listwise
methods (Sun et al., 2023; Pradeep et al., 2023a;
Reddy et al., 2024; Liu et al., 2024a) directly rank
a list of passages. By taking multiple passages
as input, listwise methods perform multi-passage
comparisons and show promising ranking perfor-
mance. Given the promising performance of list-
wise ranking, there has been a growing interest in
exploring this approach. For example, Sun et al.
(2023) introduce a prompt-based framework that
utilizes ChatGPT to rank passages in a zero-shot
manner. Pradeep et al. (2023a) and Pradeep et al.
(2023b) further propose to distill the strong ranking
ability of ChatGPT or GPT-4 into moderate-size

LLMs. Liu et al. (2025) propose a novel collabora-
tive ranking framework CoRanking, which strategi-
cally combines a small listwise reranker and a large
listwise reranker for efficient and effective ranking.

Due to the limited input length of LLMs, existing
listwise methods mainly take a subset of passages
as input and apply a sliding window strategy to
rank passages from back to front. While this ap-
proach yields promising performance, it still suffers
from efficiency and cost problems as mentioned in
Section 1. Long-context LLMs, with the ability
to process significantly longer inputs, present new
opportunities for listwise passage ranking. How-
ever, the academic community has yet to explore
the application of long-context LLMs in passage
ranking. In this paper, we make the first attempt to
investigate this direction.

5.2 Long Context Large Language Models

Recently, there has been significant progress in
developing LLMs that can process longer input
sequences. The context window sizes of LLMs
have grown from 1024 tokens in GPT-2 (Radford
et al., 2019) to 4096 in LLaMA 2 (Touvron et al.,
2023). To address the computational challenges
of longer contexts, methods like efficient attention
mechanisms (Ding et al., 2023; Zhang et al., 2024;
Mohtashami and Jaggi, 2023) and positional inter-
polation (Chen et al., 2023) have been proposed.
For example, Landmark attention (Mohtashami and
Jaggi, 2023) extends LLaMA 7B’s context length
from 4K to 32K by using "landmark tokens" to
represent context blocks and fine-tuning attention
to select relevant tokens. Building upon these tech-
niques, many long-context LLMs have been devel-
oped and released, such as Mistral-7B-instruct-v0.3
(32k) (Jiang et al., 2023), Qwen2.5-7B-Instruct
(128k) (Yang et al., 2024) and GPT-4o (128k). Al-
though some previous studies (Xu et al., 2024; Bai
et al., 2024) have discussed the impact of long-
context LLMs on retrieval, less attention has been
paid to ranking tasks. In this work, we intend to
provide a comprehensive discussion on the poten-
tial benefits and challenges of long-context LLMs
for ranking tasks.

6 Conclusion

In this paper, we conduct a comprehensive study on
passage ranking with long-context LLMs. Our ex-
periments demonstrate that the full ranking strategy
is more efficient than the sliding window strategy.
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After fine-tuning, the full ranking model also out-
performs the sliding window model in ranking ef-
fectiveness. For fine-tuning the full ranking model,
we propose a multi-pass sliding window approach
and an importance-aware learning objective for la-
bel generation and model optimization. Experi-
ments demonstrate the effectiveness of our method.

Limitations

We acknowledge some limitations in our work.
Firstly, due to our limited resources, we cannot
experiment with larger open-source long-context
LLMs, such as those with 30B or even 70B param-
eters. Investigating the impact of model size on
the effectiveness and efficiency of the full ranking
strategy would be an interesting direction for fu-
ture research. Secondly, the efficiency advantage
of the full ranking strategy is attributed to the ex-
isting long-context LLMs. We did not design a
specialized long-context LLM for the ranking task.
However, we consider this a promising direction
and will treat it as future work.
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A Listwise Ranking Prompt

The listwise ranking prompt used in this work is
shown below:

Prompt: Listwise Ranking Prompt

You are RankLLM, an intelligent assistant
that can rank passages based on their rele-
vancy to the query.
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] {passage 1}
[2] {passage 2}
...
[{num}] {passage {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.

B Training Configuration

Our backbone model Mistral-7B-Instruct-
v0.3 for supervised-fine-tuning is available
at https://huggingface.co/mistralai/
Mistral-7B-Instruct-v0.3. We apply the
prompt shown in Figure A to construct the training
input. We randomly sample 1k queries from
MS MARCO training set to generate the teacher
labels. During our experiments, we find that using
more queries for training does not yield better
results (see Figure 6). Both RankMistral20 and
RankMistral100 are finetuned for 4 epochs with
a learning rate of 5e-6 and batch size of 1. The
hyper-parameter α used in Equation 2 is set as
1. Following RankZephyr Pradeep et al. (2023b),
we apply noisy embeddings (Jain et al., 2024)
and bfloat16 precision during model training. We
conduct all the experiments on 4 A100-40G GPUs.

C The Impact of Passage Order and
Ranking Number

Previous studies have revealed that the initial
passage order and ranking number have an im-

Method NDCG@1 NDCG@5 NDCG@10

BM25 54.26 52.78 50.58
RankMistral100 72.87 74.19 72.55

Initial passage order
Random order 70.54 72.95 69.20
Reverse order 71.32 74.09 68.36

Number of ranking
Rank 2 times 74.42 76.46 73.92
Rank 3 times 74.42 77.53 74.30
Rank 4 times 74.42 77.61 74.50

Table 3: The impact of initial passage order and number
of ranking on RankMistral100 on TREC DL19.
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Figure 6: The results (NDCG@10) of RankMistral100
on BEIR Avg using different numbers training queries.
The figure shows that increasing the number of training
queries from 1000 to 1500 does not improve perfor-
mance on BEIR Avg.

pact on the ranking performance. In this sec-
tion, we explore the ranking performance of
our RankMistral100 distilled from GPT-4o on the
TREC DL19 dataset under different initial order
and ranking number settings to gain further insights
into full ranking.

Regarding the initial passage order, we experi-
mented with two different configurations: random
order and reverse order. The results in Figure 3
show that the initial order of passages impacts the
ranking performance, suggesting that a good ini-
tial order is important for listwise ranking. This
is consistent with the conclusions from previous
work (Sun et al., 2023; Chen et al., 2024). There
are also some training techniques aimed at enhanc-
ing the robustness of listwise rankers to the initial
order, such as shuffling the order of training pas-
sages during training; however, this is not the focus
of our paper. We also observe that increasing the
ranking number improves the ranking performance.
However, when the ranking number reaches 3 or 4,
the performance gains start to converge.
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Model $USD / 1K Input Tokens $USD / 1K Output Tokens

GPT-4o-mini-2024-07-18 0.00015 0.00060
GPT-4o-2024-08-06 0.0025 0.0100

Table 4: The price of GPT-4o-mini-2024-07-18 and GPT-4o-2024-08-06.

N Model DL19 DL20 Covid DBPedia SciFact NFCorpus Signal Robust04 Touche News Avg.

20 RankMistral20 63.47 59.56 69.98 37.78 74.42 36.46 32.29 48.49 40.55 47.61 48.45
RankMistral100 65.82 62.03 70.86 38.73 75.64 37.11 35.33 50.67 43.43 47.17 49.87

40 RankMistral20 65.89 63.88 75.91 40.75 75.40 36.91 33.35 52.10 39.00 47.06 50.07
RankMistral100 67.77 66.01 77.46 41.79 76.79 38.25 35.13 53.27 43.05 49.31 51.88

60 RankMistral20 70.34 64.82 78.04 41.43 74.79 37.97 33.38 54.31 37.02 48.30 50.66
RankMistral100 70.97 68.74 79.96 41.92 76.70 38.66 34.18 55.93 38.45 50.18 52.00

80 RankMistral20 70.28 68.29 80.15 42.04 75.91 37.86 33.77 54.65 35.09 49.53 51.13
RankMistral100 71.36 70.22 81.25 42.38 76.35 38.95 33.47 56.67 36.96 51.10 52.14

100 RankMistral20 70.34 69.58 80.86 42.52 75.82 38.38 33.90 54.69 37.18 51.42 51.85
RankMistral100 72.55 71.29 82.24 43.54 77.04 39.14 33.99 57.91 34.63 50.59 52.40

Table 5: Results (NDCG@10) on TREC and BEIR under different passage number N . Best performing models are
marked in bold. All the models are finetuned with labels generated by GPT-4o.

D API Cost

In Table 4, we present the price for two different
teacher models we used in this paper. We use 1k
query to generate the teacher label for different
models. For fine-tuning the sliding window model
RankMistral20, we re-rank the top-20 passages re-
trieved by BM25 using the teacher model, costing
about $1.7 for GPT-4o-mini and $29 for GPT-4o.
For the full ranking model, we use the multi-pass
sliding window strategy to obtain the full ranked
list, with costs of around $15.7 for GPT-4o-mini
and $261 for GPT-4o.

E Baselines Details

The baselines we used for comparison are:
• monoBERT (Nogueira and Cho, 2019): A BERT-
large based cross-encoder re-ranker, fine-tuned us-
ing the MS MARCO dataset (Nguyen et al., 2016).
• monoT5 (Nogueira et al., 2020): A re-ranker
using a sequence-to-sequence model with T5 to
determine relevance scores.
• RankT5 (Zhuang et al., 2023b): A T5-based
pointwise re-ranker trained using ranking loss.
• RankVicuna (Pradeep et al., 2023a): A listwise
reranker fine-tuned from GPT-3.5 generated ranked
list.
• RankZephyr (Pradeep et al., 2023b): A listwise
reranker distilled from GPT-3.5 and GPT-4 with a
two-stage training process.

Method Latency (s/query)

Sliding Window 85.37
Full Ranking 61.91
Sliding Window (Output Top-10 ID) 42.93
Full Ranking (Output Top-10 ID) 6.90

Table 6: The efficiency comparison of Qwen-2.5 (14B).

F Experiments with Larger Open-source
LLMs

In this section, we compare the full ranking strat-
egy and sliding window strategy in a zero-shot
setting with larger open-source LLMs. We choose
Qwen2.5-14B-Instruct (denoted as Qwen-2.5 (7B))
as our LLM and show the comparison of ranking
effectiveness in Table 7. We also report the results
of Qwen2.5-7B-Instruct for comparison. From the
table, we can see that full ranking with Qwen-2.5
(14B) underperforms the sliding window strategy,
which is the same as with Qwen-2.5 (7B). Besides,
Qwen-2.5 (14B) outperforms Qwen-2.5 (7B) on all
datasets, indicating that a larger model size results
in higher performance.

We also utilize Qwen-2.5 (14B) to compare the
efficiency of the full ranking and sliding window
strategies on the DL19 dataset. The comparison
results are shown in Table 6 (“Output Top-10 ID”
indicates that the LLM only generates the top-10
ranked passage IDs). From the table, we can see
that full ranking is more efficient than the sliding
window strategy, especially when only outputting
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Models Strategy DL19 DL20 Covid DBPedia SciFact NFCorpus Signal Robust04 Touche News Avg.

Qwen-2.5 (7B) Sliding 68.34 64.89 79.76 40.87 71.32 37.97 30.66 52.87 32.02 49.49 49.37
Qwen-2.5 (7B) Full 57.44 54.42 65.06 35.57 61.49 33.75 27.35 37.60 26.91 37.55 40.66
Qwen-2.5 (14B) Sliding 70.57 66.80 80.84 43.42 73.53 39.06 32.78 55.42 38.08 49.94 51.63
Qwen-2.5 (14B) Full 59.39 58.26 67.29 37.56 69.69 35.65 28.64 41.00 36.14 37.72 44.21

Table 7: The ranking performance comparsion of Qwen2.5-7B-Instruct and Qwen2.5-14B-Instruct.

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

GPT-4o-mini Top-20 69.20 68.66 79.72 43.54 73.93 37.49 32.74 54.95 32.69 50.21 50.66
Sample 20 69.13 67.49 80.44 42.06 73.04 37.97 32.26 54.19 31.50 50.30 50.22

GPT-4o Top-20 71.14 68.49 80.80 42.53 76.15 38.54 33.12 55.63 31.62 50.86 51.16
Sample 20 69.55 65.78 81.71 41.21 75.35 37.71 31.70 55.57 30.71 48.44 50.30

Table 8: The performance (NDCG@10) of RankMistral20 on TREC and BEIR based on different sampling strategy.
Top-20 refers to the top-20 passages retrieved by BM25, while sample 20 indicates a random sampling of 20
passages from the top-100 passages retrieved by BM25.

top-10 passage IDs. This further demonstrates that
full ranking with long-context models is more effi-
cient compared to the sliding window strategy.
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Models Strategy DL19 DL20 Covid DBPedia SciFact NFCorpus Signal Robust04 Touche News Avg.

RankQwen20 Sliding 72.79 67.96 81.18 42.33 75.79 38.53 31.10 56.97 30.93 49.06 50.74
RankQwen100 Full 71.45 68.74 82.64 42.84 76.30 38.23 32.45 55.93 36.00 49.51 51.74

Table 9: The performance comparison between the finetuned sliding window model and the full ranking model
(denoted as RankQwen20 and RankQwen100, respectively) when using Qwen2.5-7B-Instruct as backbone model.
The training labels for both models are generated by GPT-4o. The results indicate that RankQwen100 outperforms
RankQwen20 on most datasets and achieves an average of 1-point improvement on BEIR Avg.

176


