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Abstract

Retrieval augmented generation (RAG) has
been widely adopted to help Large Language
Models (LLMs) to process tasks involving long
documents. However, existing retrieval mod-
els are not designed for long document re-
trieval and fail to address several key challenges
of long document retrieval, including context-
awareness, causal dependence, and scope of
retrieval. In this paper, we proposed Atten-
tionRetriever, a novel long document retrieval
model that leverages attention mechanism and
entity-based retrieval to build context-aware
embeddings for long document and determine
the scope of retrieval. With extensive experi-
ments, we found AttentionRetriever is able to
outperform existing retrieval models on long
document retrieval datasets by a large margin
while remaining as efficient as dense retrieval
models.

1 Introduction

Recent advancements in Large Language Models
(LLMs) (OpenAl, 2023, 2025; Dubey et al., 2024;
Jiang et al., 2023) have demonstrated strong ca-
pabilities in natural language understanding, but
recent studies (Liu et al., 2024; Maharana et al.,
2024; Lu et al., 2024) have shown that LLMs still
struggle to perform well on long document process-
ing tasks due to the lost-in-the-middle problem and
limited context window length, while the quadratic
complexity of the attention mechanism makes pro-
cessing long documents very expensive, especially
for large models with hundreds of billions of pa-
rameters. In recent years, retrieval-augmented gen-
eration (RAG) (Lewis et al., 2020) techniques have
been widely applied to address this issue by select-
ing relevant information from the document with
a retrieval model, which improves performance
by removing distracting information and decreases
processing time by shortening the input length.

In the RAG pipeline, the retrieval model needs to
perform long document retrieval, which requires

the model to find a subset D’ from a user-provided
long document D such that |D’| < |D| and D’ is
sufficient and necessary to answer the input query
q. However, existing retrieval models are not tai-
lored for long document retrieval and overlook the
following three types of dependencies in long doc-
uments:

* Contextual dependency. Since long docu-
ments are generally coherent, context is often
required to resolve issues like coreference and
word ambiguity, which are crucial for deter-
mining the relevance of chunks. For example,
in a document discussing Chicago, the author
might use "the city" to refer to "Chicago", but
this reference is clear only if the context is
provided.

* Causal dependency. The query may involve
intermediate answers from the document that
are needed to reach the final answer. For the
same document about Chicago, an example
query would be "What was the population
of Chicago when the Great Fire happened?",
where the intermediate answer "the Great Fire
happened in 1871" is needed to find the chunk
containing the final answer.

* Query dependency. Text chunks providing
background information, like the one contain-
ing "the Great Fire happened in 1871" in the
previous example, are also important to an-
swering the query and should be retrieved.
However, these chunks might receive low sim-
ilarity scores because they are not very rele-
vant to the query, which asks about "the popu-
lation of Chicago". Therefore, it is necessary
to accurately decide the scope of retrieval in
long document retrieval tasks.

Modeling the first two dependencies requires
a more advanced retrieval model that can build



context-aware representations and update the em-
beddings as additional contextual information is
available. We found that the attention layers in
transformer models perfectly match both require-
ments. Since attention layers calculate the repre-
sentations of each token by aggregating informa-
tion from other tokens, they are essentially cross-
encoders that embed contextual information into
the representation of each token, providing more
abundant semantic information compared to ex-
isting embedding-based retrieval models. Further-
more, as the representations are propagated through
layers, they are also dynamically adjusted based on
contextual information gathered in previous layers
to encode causal dependencies.

It is also intuitive to use attention layers as re-
trievers because the attention operations are essen-
tially calculating similarity scores. In each atten-
tion layer of the transformer model, the attention
score assigned to the j-th token by the ¢-th token is
calculated as the weighted dot product between the
key vector k; and the query vector ¢;, which is iden-
tical to similarity calculation of embedding models.
Moreover, attention computation is performed on
two sets of embeddings ¢ and k, which allows the
attention layers to perform a broader range of tasks
other than semantic similarity search by adjusting
the embeddings.

However, training a transformer model for re-
trieval is very expensive. Ye et al. (2025) found
that the last layer in the Qwen-2 model shows high
retrieval accuracy without any additional training,
implying the possibility of directly employing pre-
trained LL.Ms to estimate relevance with attention
scores. However, their experiments were very lim-
ited and the findings might not generalize to other
attention layers and other LLMs. More importantly,
since pretrained LL.Ms suffer from accuracy and
efficiency issues with long context, it is also crucial
to find out whether attention scores can be effi-
ciently calculated and still achieve high retrieval
accuracy with long context.

Therefore, we conducted careful analysis (Sec-
tion 3) to verify if attention layers in pretrained
LLMs can be effective and efficient training-free re-
trievers. Our analysis showed that attention scores
are more precise than outputs in collecting rele-
vant information and suffer less from the lost-in-
the-middle problem, validating the effectiveness
of using LL.Ms for retrieval tasks despite that they
face various issues in long context tasks. More-
over, existing attention approximation methods for

LLMs can be directly applied to this approach,
making it possible to process long documents with
arbitrary lengths. Furthermore, we found that em-
ploying pretrained LLMs with around 3 billion
parameters as retrievers is already able to achieve
impressive performance, which eliminates the need
for using larger LLMs and improves efficiency.

However, attention scoring alone is still insuffi-
cient to model the third dependency. Background
information is still unlikely to receive high atten-
tion scores in layers with high retrieval accuracies
because it is already embedded into the represen-
tations before these layers. To obtain a better es-
timate of the scope of retrieval, it is essential to
additionally consider text chunks that are not imme-
diately relevant but provide background informa-
tion. Since each piece of background information
typically focuses on one entity, and it should be
included as part of the retrieval result only if the
entity is relevant to the input query, we believe an
entity graph structure could help to determine the
retrieval scope precisely by connecting text chunks
through entities and finding the entities relevant
to the query during retrieval to discover hidden
background information. In contrast to knowledge
graphs, entity graphs are much easier and more
efficient to construct, without the need to extract
relationships between entities.

Based on these findings and analysis, we pro-
posed AttentionRetriever, a novel retrieval model
that builds context-aware embeddings with pre-
trained LL.Ms and decides the scope of retrieval
through entity-based retrieval, as summarized in
Figure 1. During retrieval, we leverage LLMs to
process the long document and the query together,
adopting the attention maps at layers that show
high retrieval accuracies to estimate the relevance
score of each text segment, which is combined with
embedding-based similarity scoring for more pre-
cise retrieval. To decide the scope of retrieval, we
find the desired entities by ranking them by the
scores of sentences containing the entities. We
eventually obtain the final output by collecting all
text chunks that contain the highest ranked entities
and sentences.

To better evaluate and compare the performance
and efficiency of our proposed method and base-
lines on extremely long documents, we also con-
structed a new long document retrieval dataset con-
sisting of different types of documents with an av-
erage length of over 100,000 words and various
types of queries (Section 5). To the best of our



Inputs Processed Document
oe EonglD D Chicago was
Chicago was incorporated as a city in 1837 near a portage inco.rpt?rated asa
What was the population of between the Great Lakes and the Mississippi River... city in 1837...
Chicago when the Great Fire In the 1870 United States census, there were 298,977 people In the 1870 United
happened? residing within the city limits of the city... States census...
User On October 8, 1871, the Great Chicago Fire destroyed an area On October 8, 1871,
about 4 miles (6.4 km) long and 1-mile (1.6 km) wide... the Great Chicago
Fire...
i S
AttentionRetriever e
In the 1870 United Rank * d = —
e
1870 Extraction
In the 1870 United Candidates
States census...
LLM On October 8, Combine Chicago
1871, the Great — 1837
Chicago Fire...
¢ Great Chicago - 1870
Output Fire Rank sentencesand | || Embedding-based October 8, 1871
October 8, 1871 Eyjscores almilogityjscoding Great Chicago Fire
Candid Entities
Final Answer T :

Figure 1: Overview of AttentionRetriever.

knowledge, this is the first retrieval dataset that fea-
tures documents with lengths exceeding the context
window length of most existing LLMs.

We evaluated AttentionRetriever on our con-
structed dataset, as well as six other single-
document retrieval datasets and three multi-
document retrieval datasets. AttentionRetriever
outperforms state-of-the-art sparse and dense re-
trieval models by a large margin on single-
document retrieval datasets while remaining as ef-
ficient as dense retrieval models with similar sizes.
Moreover, AttentionRetriever also achieves com-
petitive performance in multi-document retrieval
datasets where contextual information is generally
not needed, further demonstrating its effectiveness
in long document retrieval tasks.

In summary, our contributions are as follows:

* We propose AttentionRetriever, which lever-
ages the attention mechanism and entity-based
retrieval to perform context-aware long docu-
ment retrieval and decide the scope of retrieval
based on the query;

* We perform empirical analysis on the attention
mechanism in pretrained LLMs, verifying the
effectiveness of using attention maps for re-
trieval tasks and its capability of dynamically
updating embeddings across layers;

* We construct a new long document retrieval
dataset consisting of extremely long docu-
ments to compare the retrieval accuracy of
our proposed method and various baselines.

2 Related Works

2.1 Long Document Retrieval

Although the concept of text retrieval has appeared
for many years, the task of long document re-
trieval remains largely unexplored. Existing sparse
and dense models, such as BM25 (Robertson and
Zaragoza, 2009), DPR (Karpukhin et al., 2020),
ANCE (Xiong et al., 2021), GTR (Ni et al., 2022),
mGTE (Zhang et al., 2024), and Grit-LM (Muen-
nighoff et al., 2025), are mostly designed for open-
domain retrieval, in which the models deal with a
large corpus of independent documents instead of
a long document and can process each document
separately because other ones are likely to be irrel-
evant. Researchers have attempted to incorporate
context-awareness into retrieval models (Morris
and Rush, 2024; Giinther et al., 2024; Conti et al.,
2025), but they are still designed for open-domain
retrieval. In recent years, SPScanner (Cao et al.,
2025) and MC-Indexing (Dong et al., 2024) have
been proposed to address the problem of long docu-
ment retrieval. However, they still failed to address
the challenges of causal and query dependencies.

2.2 Context Window Length Extension

LLMs fail to process inputs exceeding its context
window length because they lack training on out-of-
distribution (OOD) indices. To tackle this problem,
prior works (Ding et al., 2024; Shang et al., 2025;
An et al., 2024; Jin et al., 2024; Xu et al., 2025;
Liu et al., 2025) proposed to map OOD indices to
in-distribution indices to avoid the problem. To
reduce the computational cost when processing



long contexts, researchers also proposed methods
to approximate the full attention map by dividing
the context into text segments and performing at-
tention operations only on relevant text segments
(Xiao et al., 2024; Fountas et al., 2024; Willette
et al., 2025).

2.3 Attention Mechanism Interpretation

Despite the success of modern LLMs, it remains
unclear how the attention mechanism (Bahdanau
et al., 2015) in LLMs contribute to its success. Vig
and Belinkov (2019) showed that different atten-
tion heads are assigned to different tasks in GPT-2,
while Sun et al. (2024) also found that the middle
transformer layers have similar functionalities and
are responsible for different tasks. Ye et al. (2025)
conducted analysis on the final layer of Qwen-2
model and concluded that high attention scores are
given to tokens relevant to the query. However, no
existing work has explored the potential of employ-
ing attention layers in LLMs for retrieval.

3 Observations

In order to verify whether the attention layers of dif-
ferent LLMs can accurately find relevant chunks for
different types of queries, we conducted a detailed
empirical analysis to measure the effectiveness of
each attention layer for retrieval and the shift of at-
tention patterns across layers. We selected LLaMA-
3.2 3B (Dubey et al., 2024), Qwen-2.5 3B (Yang
et al., 2024), and Mistral 7B (Jiang et al., 2023) as
representatives of LLMs, and analyzed the cross
attention between the query and the document at
each attention layer when the document and the
query are processed by the LLMs. To compare
the attention patterns of different types of queries,
we utilized the training set of MuSiQue dataset
(Trivedi et al., 2022), which contains different types
of multi-hop questions and can be decomposed into
simpler subqueries.

In each attention layer, we calculate its retrieval
accuracy by finding the paragraphs the model fo-
cuses on through cross attention scores. Specifi-
cally, we estimate the relevance of each paragraph
by the maximum cross attention scores assigned
by the query to tokens from the paragraph, aver-
aged over all attention heads. Formally, given the
attention map A € R”*TaxTa the paragraph score
score,, is calculated as:
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(b) The quartic approximation of the average ranks.

Figure 2: Results of attention analysis.

where H is the number of attention heads, T} is
the length of the document, 7; is the length of
the query, and the paragraph p spans over tokens
P, - - -, pr. We then rank the paragraphs by their
corresponding scores to determine the paragraphs
being focused on and compare with the gold para-
graphs for each subquery of the questions to calcu-
late the retrieval accuracy for the subquery.

Figure 2 presents the results of attention layers
of Llama-3.2-3B-Instruct on all queries, while
the results for other models and each specific type
of queries can be found in Appendix A. The top
figure shows the average ranking of the gold para-
graph for each subquery across the layers, while the
bottom figure is the quartic approximation of the
rankings. From Figure 2a, we found that only cer-
tain attention layers can achieve high retrieval
accuracy, and they are mostly in the second half
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Figure 3: Test results on the needle-in-a-haystack test.

of the layers. By analyzing the approximation in
Figure 2b, we also found that pretrained LLMs
shift focuses in different attention layers. Earlier
attention layers tend to focus on the independent
subquery (subquery 1), while later layers rank the
gold paragraphs for subqueries 2, 3, and 4 higher,
which depends on subquery 1. This result validates
the process of building context and causal depen-
dencies through attention layers in LLMs.

However, pretrained LLMs are known to strug-
gle with processing long documents due to lost-in-
the-middle problem and limited context window
length. Therefore, we conducted additional experi-
ments on the needle-in-a-haystack (gkamradt) test
to verify if lost-in-the-middle also appears in atten-
tion layers and if existing context length extension
methods can be applied to our pipeline. To deter-
mine whether the attention layers can find the nee-
dles, we calculated the number of attention heads
where the highest attention score is assigned to
the needle. We selected L1ama-3.2-3B-Instruct

as the base model and employed Cascading KV
Cache (Willette et al., 2025) as the context exten-
sion method, and tested on documents with approx-
imately 100,000 tokens.

Figure 3 shows the results of our experiments.
Figure 3a reveals that the count does not decrease
when the needle is in the middle of the document,
indicating that attention layers are less affected
by the lost-in-the-middle problem. Figure 3b
also demonstrates that the approximation method
can be effective in our proposed pipeline because
it can even find needles much more accurately than
full attention. Based on these observations, we
proposed our attention-based retrieval approach,
which will be outlined in the next section.

4 Method

4.1 Overview

Our proposed retrieval model is summarized in Fig-
ure 1. We leverage a pretrained LLM to assign a
score for each sentence in the document based on
attention maps of the LLM (Subsection 4.2). Mean-
while, we also employ a dense embedding model
to calculate a separate score for each sentence by
similarity between the sentence embedding the and
query embedding to further improve retrieval accu-
racy (Subsection 4.3). We then use these two sets
of scores to find relevant entities and perform an
entity-based retrieval to obtain the outputs (Subsec-
tion 4.4).

4.2 Attention for Sentence Scoring

The observations of Section 3 suggest that the cross-
attention scores between the query and the docu-
ment in pretrained LLMs could provide an accu-
rate estimate of query relevance. Based on this
conclusion, we proposed to employ a pretrained
LLM to estimate the relevance of each sentence by
computing cross-attention scores between tokens
corresponding to the query and tokens from the
sentence. Since only certain layers achieve high re-
trieval accuracies, we only use the attention scores
from layers that obtained smallest average rank-
ing for at least one subquery (the layers labeled in
Figure 2a) to remove the noise of other layers.

We followed the same procedure as Section 3 to
convert token-level attention scores into sentence
scores to fully utilize our findings. After obtaining
the raw attention map A € REXH*TaxTq wwhere I,
is the number of selected layers, H is the number
of attention heads, Ty is the length of the docu-



ment, and 7}, is the length of the query, we calcu-
late the attention score for each sentence by taking
the maximum attention score assigned to tokens
in the sentence across all selected layers and all
query tokens, averaged over attention heads. More
formally, given a sentence s spanning over tokens
s, ..., Sr, the attention score of the sentence ag is
computed as follows:

it
1 E A

Ag = max - Lhitit

S Ii<Ls <t<sy1<ty<T, \ H L

In Section 3, we also found that Cascading KV
cache method (Willette et al., 2025) can be seam-
lessly applied to our method, so we apply this
method to handle inputs of that could exceed the
pre-defined context window limit of our selected
base model efficiently. In practice, since the exten-
sion method would bring additional overhead to
the pipeline, we only apply it when the length of
the document exceeds the context window limit of
the base LLM.

4.3 Sentence Embedding for Multi-view
Similarity Search

Attention-based similarity estimation provides a
token-level measurement of the relevance to the
query, which is in fact complementary to the tradi-
tional embedding-based sentence-level estimation.
To enhance our retrieval process, we use sentence
embedding to obtain a sentence-level similarity es-
timate as an additional view in similarity search to
enrich the information obtained by attention-based
search. We encode each sentence s into its em-
bedding F; = f(s) through an embedding model
f, and use the same embedding model to obtain
the query embedding query embedding E, = f(q).
The sentence embedding score e, for each sentence
s is calculated as the cosine similarity between its
embedding F; and query embedding F:

E,-E,
|| B[ Bl

4.4 Entity-based Retrieval

In long document retrieval, it is insufficient to only
retrieve the most relevant text chunks because long
documents are typically coherent and other chunks
could provide additional background information
about the query. Since chunks mentioning the enti-
ties relevant to the query can usually provide use-
ful information, we find the most relevant entities

€g =

and use them to find these indirectly relevant text
chunks.

Specifically, we use SpaCy (Honnibal et al.,
2020) to extract the entities in each sentence, and
assign a relevance score to each entity based on the
scores of the sentences it appears in to find the most
relevant entities. Since relevant entities should only
appear in relevant sentences, we calculate the rel-
evance score of entities by the average relevance
scores of the sentences.

Since we obtained both attention scores and em-
bedding scores and the attention score and embed-
ding score are not directly comparable, we perform
retrieval on each score separately and combine the
results with equal weights. With a top_k value of
ki, we first retrieve [%] entities and sentences with
the highest attention scores and | £ | entities and
sentences with the highest embedding scores. The
union of these two sets of entities and sentences is
the collection of all selected entities and sentences.
For each selected sentence, we retrieve the para-
graph it belongs to, while for each selected entity,
we retrieve all paragraphs containing the entity.

5 Dataset Construction

Since the average length of documents in existing
retrieval datasets are very limited, we collected a
set of long documents from LongBench-v2 dataset
(Bai et al., 2025), which features long documents
from a variety of sources, to compare our proposed
method with baselines on extremely long docu-
ments. We only selected documents with length
labeled as "medium” or "long"”, and sub-domain
is one of Financial, Academic, Governmental,
and Legal to obtain more well-structured docu-
ments. We collected a total of 35 documents from
the dataset.

Through our analysis on prior retrieval and QA
datasets, such as MuSiQue (Trivedi et al., 2022),
Qasper (Dasigi et al., 2021), and LongBench (Bai
et al., 2024), we found that most questions in the
datasets fall into the following four categories:

» Single-hop: the question can be answered
with a single piece of information.

* Comparison: the question requires compari-
son between two or more pieces of informa-
tion from multiple paragraphs.

* Composition: the question composes multi-
ple single-hop questions, and the LLM needs



QASA Qasper RepLiQA Conditional QA NaturalQuestions LongBench-v2-Retrieval Average
Average Length 4665.09 3442.26 970.50 1298.13 2548.97 106025.49
Sparse Models
BM25 0.3795 0.2304 0.4896 0.1988 0.3055 0.3126 0.3194
Dense Models
DPR 0.2181 0.0529 0.3602 0.1542 0.2981 0.1226 0.2010
ANCE 0.3724 0.2856 0.4686 0.1893 0.3818 0.3240 0.3370
CDE 0.1341 0.0962 0.2449 0.1547 0.2416 0.0485 0.1532
GTR 0.3977 0.2714 0.4851 0.2584 0.4110 0.3260 0.3583
GTE-Qwen2 0.3785 0.2442 0.4785 0.2415 0.4131 0.3314 0.3479
Qwen3 0.4414 0.2057 0.4846 0.2892 0.4091 0.3205 0.3584
GritLM 0.4394 0.3008 0.5141 0.3258 0.4592 0.3398 0.3965
Autoregressive Models
SPScanner 0.4604 0.3712 0.6434 0.1354 0.4237 0.4188 0.4088
AttentionRetriever (Ours)
LLaMA-3.2 3B 0.5584 0.4618 0.8339 0.3526 0.5998 0.4738 0.5467
Qwen-2.5 3B 0.5663 0.4551 0.8422 0.3106 0.5655 0.3215 0.5102

Table 1: Comparison of proposed method and baselines on single-document retrieval datasets, where best and
second best results are marked in bold and underline, respectively.

to answer each sub-question in sequence to
arrive at the final answer.

* Summarization: the question requires sum-
marizing information from multiple locations
throughout the document.

Therefore, to ensure our dataset includes all
these four types of queries, we manually gener-
ated a query for each of these four types of queries
for each document we collected, and annotated the
corresponding answer and relevant paragraphs. We
denote our dataset as LongBench-v2-Retrieval for
the rest of the paper. A comparison of our dataset
and other long document retrieval datasets can be
found in Appendix B, which shows that the docu-
ments in our new dataset are significantly longer
than other retrieval datasets and some of them even
exceed the context window length of most LLMs
(Dubey et al., 2024; Jiang et al., 2023; Zhang et al.,
2025).

6 Experiments

6.1 Experimental Setup

To comprehensively evaluate the effectiveness
and efficiency of our proposed method, we con-
ducted our experiment on both long document re-
trieval tasks and long document question answering
(QA) tasks with the retrieval-augmented generation
(RAG) setting.

Baselines. We compared AttentionRetriever
with the following three types of existing retrieval
models that can be applied to long document re-
trieval:

(a) Sparse retrieval model BM25 (Robertson and
Zaragoza, 2009);

(b) Dense retrieval models, such as DPR
(Karpukhin et al., 2020), ANCE (Xiong et al.,
2021), GTR (Ni et al., 2022), GTE-Qwen2-
7B (Zhang et al., 2024), GritLM-7B (Muen-
nighoff et al., 2025), and Qwen3-7B (Zhang
et al., 2025);

(c) Long document retrieval model SPScanner-
1.3B (Cao et al., 2025);

For evaluation on QA tasks, we used pretrained
LLMs, such as LLaMA-3.1 8B (Dubey et al., 2024),
Mistral-7B (Jiang et al., 2023), Qwen-2.5 7B (Yang
et al., 2024), and GPT-5 mini (OpenAl, 2025), as
our baselines to compare between RAG setting and
direct generation.

Datasets. We conducted experiments on five
long document retrieval benchmarks: LongBench-
v2-Retrieval (Ours), QASA (Lee et al., 2023),
Qasper (Dasigi et al., 2021), RepLiQA (Monteiro
et al., 2024), and DAPR (Wang et al., 2024). For
DAPR, we only selected datasets where each query
can be answered by a single document, which
are ConditionalQA, MS MARCO, and Natural
Questions. However, we decided not to use MS
MARCO because the average paragraph count of
documents in the datasets is very limited (as shown
in Table 3), and is not suitable for our task. We
report the performance of our proposed method and
the baselines on the test sets of these benchmarks.
For LongBench-v2-Retrieval and RepLiQA, we
used the full datasets because the dataset splits are
not provided.



We also used three multi-document retrieval
benchmarks for further comparison, which are Hot-
potQA (Yang et al., 2018), 2WikiMultihopQA (Ho
et al., 2020), and MuSiQue (Trivedi et al., 2022).
We report the performance of our proposed method
and the baselines on the validation sets of these
benchmarks.

For evaluation on the QA task, we utilized
the LongBench (Bai et al., 2024) dataset and se-
lected three single-document QA subsets, Qasper,
MultiFieldQA-en, and NarrativeQA.

Metrics. To evaluate and compare retrieval and
QA performance, we use F-1 as the evaluation met-
ric. For comparison of retrieval efficiency, we mea-
sure the average processing time for each sample in
the datasets. For QA tasks, we report the number of
input tokens passed into the QA model, as we can-
not measure the processing time for closed-source
models.

Implementation Details. In our experiments,
we use paragraphs as basic retrieval units. For
baselines that cannot process long paragraphs, we
split each paragraph into text chunks that can fit
into the context window and take the maximum
similarity of the text chunks with the query as
the similarity of the paragraph. For Attention-
Retriever, we used L1lama-3.2-3B-Instruct and
Qwen/Qwen2.5-3B-Instruct as our base LLMs
to compute attention scores. For top_k choices,
we used 1, 2, 3, and 5 because the average num-
ber of evidences of the datasets we used are below
5 (as shown in Table 3). For QA tasks, we also
used vLLM (Kwon et al., 2023) for efficient gen-
eration. We performed all our experiments on a
single NVIDIA A40 GPU.

6.2 Main Results

Table 1 and 2 present the retrieval performance
of baselines and AttentionRetriever on single-
document and multi-document retrieval datasets,
respectively. For simplicity, we only included the
results with top_k value of 3, while the results
of other top_k values can be found in Appendix
C. Our proposed method significantly outperforms
the baselines across all single-document retrieval
datasets, while achieving a similar performance
with baselines on multi-document datasets, which
is not the primary target of our method. How-
ever, we also noticed a significant performance
drop of AttentionRetriever-Qwen on LongBench-
v2-Retrieval dataset compared to other dataset,
which could indicate that Qwen-2.5 model does not

MuSiQue
8089.59

‘ HotpotQA 2WikiMultihopQA Average

887.05 549.58

Average Length

Sparse Models
BM25

0.5695 0.5454 0.3412 0.4854

Dense Models
DPR 0.5020 0.5389 0.3680 0.4696
ANCE 0.5547 0.6603 0.4285 0.5478
CDE 0.3932 0.2637 0.2320 0.2963
GTR 0.6109 0.6393 0.4591 0.5698
GTE-Qwen2 0.6707 0.664 0.5328 0.6225
Qwen3 0.6721 0.6533 0.522 0.6158
GritLM 0.7096 0.6802 0.5484 0.6461

Autoregressive Models
SPScanner 0.6052 0.6268 0.3982 0.5434

AttentionRetriever (Ours)
LLaMA-3.2 3B 0.7090 0.6495 0.5084 0.6223
Qwen-2.5 3B 0.7037 0.6355 0.5062 0.6151

Table 2: Comparison of proposed method and baselines
on multi-document retrieval datasets, where best and
second best results are marked in bold and underline,
respectively.

work well with the context extension method. Table
5 compares the retrieval efficiency of AttentionRe-
triever and the baselines. Our proposed method
is as efficient as large dense embedding models
like GTE, Qwen3, and GritLM, demonstrating the
efficiency of AttentionRetriever.

The results for the QA tasks can be found in
Appendix E. Our proposed method achieves com-
parable performance as direct generation with the
LLM while significantly reducing the number of
input tokens, while also outperforming the long
document retrieval baseline SPScanner. Notably,
we found that all RAG methods fail to perform well
on NarrativeQA dataset, which might indicate that
RAG methods do not work well on novels since
novels are typically less well-structured than other
types of long documents and retrieval cannot col-
lect all pieces of information required to answer
the question.

7 Conclusion

In this paper, we introduced AttentionRetriever,
a training-free context-aware retrieval model that
leverages the attention mechanism in LLMs and
entity-based retrieval for accurate long document
retrieval. In contrast to prior sparse and dense re-
trieval models, our approach considers contextual,
causal, and query dependencies in the long docu-
ment when evaluating the relevance of each text
segment, enabling a more precise retrieval process.
Our experiment results reveal that AttentionRe-
triever can achieve very strong performance on
various long document retrieval benchmarks, while
maintaining competitive performances on multi-
document retrieval scenarios.



Limitations

We identified several major limitations of our work.
Firstly, our proposed method requires a sufficiently
large LLM (around 3 billion parameters) to per-
form well, making it less efficient than sparse and
small dense models. Secondly, due to hardware
constraints, we did not extend our analysis on at-
tention to larger LLMs, which could show different
attention patterns. Lastly, due to the scarcity of
well-formatted long documents and the difficulty
of manual labeling, the size of the retrieval dataset
we constructed is limited and can be sensitive to
outliers, causing the evaluation results to be inac-
curate.
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A Detailed Attention Analysis

Figures 4, 6, and 8 show the average ranks of gold
paragraphs over all queries, while Figures 5, 7, and
9 plot the corresponding quartic approximations for
LLaMA, Qwen, and Mistral models, respectively.
We found our conclusions in Section 3 generally
holds for all three LLMs we analyzed.

Figures 10, 11, and 12 also present the detailed
results for each type of queries in the dataset. The
graph attached to the right of each figure explains
the dependencies of the type, where a — b de-
notes subquery b depends on the answer to sub-
query a. These results further validated our claim
that LLMs adjust the token embeddings through
the layers with additional contextual information,
since LLMs tend to focus on subqueries depending
on other subqueries in later layers so that necessary
information has been collected before the layers.

B Details of LongBench-v2-Retrieval
B.1 Comparison with Existing Long
Document Retrieval Datasets

Table 3 compares the lengths and number of evi-
dences of existing long document retrieval datasets
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Dataset Size Avg Length Max Length Avg Paragraph Count Max Paragraph Count Avg Number of Evidences
QASA (Lee et al., 2023) 518 4665.09 15796 5245 186 1.55
Qasper (Dasigi et al., 2021) 1307 3442.26 21043 61.94 328 1.75
RepLiQA (Monteiro et al., 2024) 89770 970.50 1799 2231 58 1.00
DAPR (ConditionalQA) (Wang et al., 2024) 2517 1298.13 7733 105.04 559 4.08
DAPR (MS MARCO) 98466 1059.75 152515 4.05 43 1.03
DAPR (NaturalQuestions) 7220 2438.86 28871 30.14 535 1.11
LongBench-v2-Retrieval (Ours) 140 106025.49 350135 2460.23 13944 2.59

Table 3: Comparison of long document retrieval retrieval datasets. "Average Length" and "Maximum Length" are
measured in number of words. For datasets consisting of multiple splits, we count the total number of samples

across all splits.

Rank

—8— Subquery 1
—8— Subquery 2
—e8— Subquery 3
—&— Subquery 4

11— T T T T T
15 20 25

Layer

10 +

Figure 4: Average ranks of the gold paragraph for each
subquery over all queries in the dataset for LLaMA-3.2
3B. The layer achieving the highest average rank for
each subquery is marked at the top of each line.
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Figure 5: The quartic approximation of the average
ranks in Figure 4.

with our newly constructed dataset. The average
document length of our dataset is significantly
larger than other existing datasets, while the av-
erage number of evidences is also larger than most
datasets we compared with.
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Figure 6: Average ranks of the gold paragraph for each
subquery over all queries in the dataset for Qwen-2.5
3B. The layer achieving the highest average rank for
each subquery is marked at the top of each line.
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Figure 7: The quartic approximation of the average
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B.2 Example Queries

The following are example queries for each type in
our constructed dataset:
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subquery over all queries in the dataset for Mistral 7B.
The layer achieving the highest average rank for each
subquery is marked at the top of each line.
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Example Single-hop Query

Question: According to the Report of the In-
dependent High-Level Expert Group on Cli-
mate Finance, what is the estimated annual
spend on the transformation of the energy
system and investing in sustainable agricul-
ture for emerging markets and developing
countries by 20307

Answer: Around $2.4 trillion per year.

Example Comparison Query

Question: Did Czechia receive more fund-
ing under EU cohesion policy in 2014-2020
compared to 2007-2013?

Answer: No

Example Composition Query

Question: What are the outstanding health
features of the product that had over 2.5
million shipments within three months of
its launch?

Answer: Improved Activity Rings and the
Stay Fit app to help users build healthier
lifestyles.

.
Example Summarization Query

Question: What are the current challenges
of dynamic virtual cluster provisioning in
geo-distributed clouds as outlined in the pa-
per?

Answer: There is not yet an efficient re-
source allocation algorithm for VC provi-
sioning even in the offline case with all user
VC requests known, and an efficient pricing
mechanism to charge users for the VCs on
the go is missing. Moreover, online auction
of an entire virtual cluster, including VMs
and the network in-between, has not been
studied.

\

C Full Evaluation Results on Retrieval
Datasets

The full evaluation results on retrieval datasets with
different values of top_k can be found in Table
4. Our proposed method is able to consistently
outperform the baseline methods across all values
of top_k we selected.

D Comparison of Efficiency on
Single-document Retrieval Datasets

We compare the efficiency of AttentionRetriever
with the baselines on long document retrieval
datasets in Table 5. Although our method is consid-
erable slower than sparse and small dense models,
it is able to achieve similar latency as larger dense
models including GTE, Qwen3, and GritLM, es-
pecially on datasets with larger average document
lengths.

E Evaluation Results on Question
Answering Datasets

The results on QA datasets are shown in Table
6. AttentionRetriever achieves comparable perfor-
mance with direct LLM generation with signifi-
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QASA Qasper RepLiQA Conditional QA NaturalQuestions LongBench-v2-Retrieval Average
Average Length 4665.09 3442.26 970.50 1298.13 2548.97 106025.49
Sparse Models
BM25
top_k=1 0.4530 0.1983 0.7862 0.1412 0.3174 0.3576 0.3756
top_k=2 0.4255 0.2260 0.6133 0.1714 0.3284 0.3296 0.3490
top_k=3 0.3795 0.2304 0.4896 0.1988 0.3055 0.3126 0.3194
top_k=5 0.3087 0.2101 0.3475 0.2044 0.2572 0.2703 0.2665
Dense Models
DPR
top_k=1 0.1979 0.0326 0.4655 0.1189 0.2743 0.0900 0.1965
top_k=2 0.2138 0.0462 0.4177 0.1470 0.3028 0.1139 0.2069
top_k=3 0.2181 0.0529 0.3602 0.1542 0.2981 0.1226 0.2010
top_k=5 0.2055 0.0608 0.2827 0.1689 0.2694 0.1073 0.1824
ANCE
top_k=1 0.4216 0.2886 0.7364 0.1804 0.4309 0.3269 0.3975
top_k=2 0.4028 0.2957 0.5826 0.1898 0.4223 0.3500 0.3739
top_k=3 0.3724 0.2856 0.4686 0.1893 0.3818 0.3240 0.3370
top_k=5 0.3019 0.2515 0.3372 0.1945 0.3084 0.2584 0.2753
CDE
top_k=1 0.1061 0.0810 0.2535 0.1025 0.2117 0.0452 0.1334
top_k=2 0.1199 0.0969 0.2598 0.1419 0.2398 0.0443 0.1504
top_k=3 0.1341 0.0962 0.2449 0.1547 0.2416 0.0485 0.1532
top_k=5 0.1293 0.0987 0.2129 0.1547 0.2211 0.0521 0.1447
GTR
top_k=1 0.4643 0.2291 0.7568 0.2366 0.4896 03118 0.4147
top_k=2 0.4397 0.2695 0.6035 0.2622 0.4632 0.3597 0.3996
top_k=3 0.3977 0.2714 0.4851 0.2584 0.4110 0.3260 0.3583
top_k=5 0.3234 0.2425 0.3466 0.2514 0.3285 0.2846 0.2962
GTE-Qwen2
top_k=1 0.4230 0.2015 0.7011 0.2188 0.4924 0.3435 0.3967
top_k=2 0.4100 0.2392 0.5841 0.2316 0.4751 0.3792 0.3865
top_k=3 0.3785 0.2442 0.4785 0.2415 0.4131 0.3314 0.3479
top_k=5 0.3133 0.2289 0.3467 0.2388 0.3174 0.2823 0.2879
Qwen3
top_k=1 0.5323 0.1574 0.7218 0.2810 0.4698 0.3151 0.4129
top_k=2 0.4963 0.1945 0.5950 0.2883 0.4592 0.3365 0.3950
top_k=3 0.4414 0.2057 0.4846 0.2892 0.4091 0.3205 0.3584
top_k=5 0.3546 0.1960 0.3496 0.2686 0.3186 0.2877 0.2959
GritLM
top_k=1 0.5105 0.2722 0.8312 0.2890 0.5797 0.3650 0.4746
top_k=2 0.4762 0.3100 0.6473 0.3238 0.5351 0.3799 0.4454
top_k=3 0.4394 0.3008 0.5141 0.3258 0.4592 0.3398 0.3965
top_k=5 0.3573 0.2744 0.3616 0.2971 0.3445 0.3055 0.3234
Autoregressive Models
SPScanner
top_k=1 0.4551 0.3232 0.7139 0.0656 0.3862 0.3878 0.3886
top_k=2 0.4732 0.3722 0.7210 0.1220 0.4268 0.4386 0.4256
top_k=3 0.4604 0.3712 0.6434 0.1354 0.4237 0.4188 0.4088
top_k=5 0.4060 0.3469 0.4965 0.1582 0.3893 0.3605 0.3596
AttentionRetriever (Ours)
LLaMA-3.2 3B
top_k=1 0.5477 0.5030 0.8550 0.2679 0.6065 0.3840 0.5274
top_k=2 0.5704 0.4563 0.8394 0.3158 0.6010 0.4843 0.5445
top_k=3 0.5584 0.4618 0.8339 0.3526 0.5998 0.4738 0.5467
top_k=5 0.5133 0.4270 0.8009 0.3528 0.5810 0.4576 0.5221
Qwen-2.5 3B
top_k=1 0.5583 0.4827 0.8555 0.2220 0.5448 0.0891 0.4587
top_k=2 0.5774 0.4443 0.8454 0.2930 0.5709 0.3349 0.5110
top_k=3 0.5663 0.4551 0.8422 0.3106 0.5655 0.3215 0.5102
top_k=5 0.5155 0.4165 0.8093 0.3125 0.5468 0.3416 0.4904

Table 4: Comparison of proposed method and baselines on single-document retrieval datasets with different choices
of top_k values, where best and second best results are marked in bold and underline, respectively.

cantly less input tokens, and also outperforms SP-
Scanner in RAG setting.

F Ablation Studies

To verify the effectiveness of all components in
the proposed retrieval model, we conducted abla-
tion studies to measure the improvement brought
by each component. We set up three variants of
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our system that removed attention scoring, embed-
ding scoring, and entity graph, and evaluated the
variants on the single-document retrieval datasets.
The results are presented in Figure 7. In general,
all components in our proposed pipeline brought
substantial improvement, where attention scoring
shows the most outstanding influence. This result
is reasonable because attention scoring helps to



RepLiQA Conditional QA NaturalQuestions Qasper QASA LongBench-v2-Retrieval

Average Length 970.50 1298.13 2438.86 3442.26 4665.09 106025.49
BM25 0.0034 0.0049 0.0047 0.0054 0.0067 0.1005
DPR 0.0585 0.1391 0.0824 0.1192 0.1207 3.4655
ANCE 0.063 0.1412 0.1328 0.1764 0.2595 4.9592
CDE 0.1305 0.3393 0.2442 0.3298 0.4222 10.1549
GTR 0.1466 0.3607 0.2834 0.3913 0.5290 9.6679
GTE-Qwen2 0.4574 0.8310 1.1514 1.4872 2.7483 52.4382
Qwen3 0.5962 1.1245 1.4393 1.8504 3.3642 70.3171
GritLM 0.6338 1.3311 1.8482 2.7332 3.5224 101.7907
SPScanner 0.3790 0.7312 0.8978 1.1500 1.6098 46.4398
AttentionRetriever-LLaMA-3.2 3B 0.9199 1.4303 1.5977 2.1085 2.9402 126.8405
AttentionRetriever-Qwen-2.5 3B 09111 1.4051 1.6502 2.4614 2.8444 75.7912

Table 5: Comparison of efficiency of proposed method and baselines on single-document retrieval datasets. The
efficiency is measured in average processing time (both indexing and retrieval) in number of seconds for each
sample.

Qasper MultiFieldQA NarrativeQA Average
F-1 Avg Token Count F-1 Avg Token Count F-1 Avg Token Count F-1 Avg Token Count

Llama-3.1 8B

Baseline 0.3145 5026.46 0.5430 6996.87 0.2497 29883.02 0.3691 13968.78

RAG with SPScanner 0.2756 370.25 0.5173 449.22 0.1506 363.54 0.3145 394.34

RAG with AttentionRetriever-Llama 0.2929 392975 0.5436 416.46 0.1654 322.09 0.3340 377.18

RAG with AttentionRetriever-Qwen 0.2697 382.84 0.5413 43238 0.1408 350.92 0.3173 388.71
Mistral-7B v0.3

Baseline 0.2933 5595.38 0.4942 7931.67 0.0724 35277.56 0.2866 16268.20

RAG with SPScanner 0.2485 375.04 0.4402 470.87 0.0997 359.56 0.2628 401.82

RAG with AttentionRetriever-Llama 0.2732 400.39 0.4854 431.09 0.1321 316.245 0.2969 382.57

RAG with AttentionRetriever-Qwen 0.2596 388.83 0.4904 451.57 0.1073 347.56 0.2858 395.98
Qwen-2.57B

Baseline 0.3677 5108.42 0.5085 7205.38 0.1422 29920.98 0.3395 14078.26

RAG with SPScanner 0.2953 352.81 0.4766 438.25 0.1525 341.11 0.3081 377.39

RAG with AttentionRetriever-Llama 0.3220 376.13 0.5062 400.66 0.1746 299.74 0.3343 358.84

RAG with AttentionRetriever-Qwen 0.2927 365.56 0.5274 416.63 0.1532 328.52 0.3244 370.23
GPT-5 mini

Baseline 0.3142 4974.21 0.4455 6899.97 0.2894 29520.40 0.3497 13798.19

RAG with SPScanner 0.2833 333.16 0.4460 409.96 0.2062 325.47 0.3118 356.20

RAG with AttentionRetriever-Llama 0.2980 355.96 0.4855 371.87 0.2393 284.10 0.3409 339.31

RAG with AttentionRetriever-Qwen 0.2971 346.15 0.4947 393.35 0.2076 312.40 0.3331 350.63

Table 6: Comparison of proposed method and baselines on question answering tasks, where Baseline represents
using the full context to answer the question, while RAG only uses the text chunks retrieved by the specified method
to answer the question.

QASA Qasper RepLiQA ConditonalQA NaturalQuestions LongBench-v2-Retrieval Average

Average Length 4665.09 3442.26 970.50 1298.13 2548.97 106025.49

AttentionRetriever 0.5584 0.4618 0.8339 0.3526 0.5998 0.4738 0.5467
Attention only for sentence scoring 0.5344 0.4864 0.8296 0.3372 0.5912 0.3910 0.5283
Embedding only for sentence scoring 0.4753 0.3164 0.7417 0.2598 0.4683 0.4242 0.4476
Removing entity graph 0.5566 0.4468 0.7869 0.3371 0.5791 0.4443 0.5251

Table 7: Results of the ablation studies. The best performance for each dataset is marked with bold. The ablated
settings generally have inferior performance compared to AttentionRetriever, demonstrating the effectiveness of the
proposed approach.

model contextual and causal dependencies, two

. . . You are an Al assistant. User will you give
major challenges in long document retrieval.

you a task. Your goal is to complete the task
as faithfully as you can.

Article: {text}

You are given an article and a question. An-
G Prompts swer the question as concisely as you can,
using a single phrase or sentence if possible.
Question: {question}

Answer:

We used the following prompt for all of our experi-  \
ments:

15



—e— Subquery 1
—e— subquery 2

—e— subquery 3
4
: O
6
H
6 2
: ’ O, :
8
10
10 —e— Subquery 1
—e— subquery 2
—e— subquery 3 0 H 10 15 20 25 30 35
Layer
o H 10 15 20 25
Layer
2
2
4
4
¥ 6
x 6
¥ 2
2
" 8
10 e 10 —e~ Subquery 1
—e— Subquery 2 —e— Subquery 2
73 22 o 3 5 £ 0 5 10 15 20 25 30 35
Layer Layer
3
. —e— Subquery 1
4]~ supauery 2
—e— Subquery 3
i H
6
x 6 x
H ¥ 7
3 e
8
8
9
10
10 —e— subquery 1
—e— subquery 2 n
o 5 10 15 20 s o H 10 15 20 25 30 35
Layer Layer
—e— Subquery 1
B —e— subquery 2
4 —e— Subquery 3
—e— Subquery 4
6
6
g, ;:;
8
10 —e— Subquery 1
—e— subquery 2 10
—e— subquery 3
4
- —e— Subquery
0 s 10 5 20 25 gz
Layer 0 5 10 15 20 25 30 35
Layer
—e— Subquery 1
& —e— subquery 2
4] —® subquery3
—e— Subquery 4
6
H 6
2
8 %
e
8
—e— Subquery 1
10, —e— subquery 2
—e— subquery 3
—e— Subquery 4 10
o H 10 15 20 25
Layer
0 5 10 15 20 25 30 35
Layer
H
4
6
H
7
6
= I8
=
7
2,
Z s
10 5
n —e— subquery 1 2
—e— Subquery 2
12 —e— Subquery 3 10
o= Subauery 8 —e— Subquery 1
n —e- Subquery 2
o H 10 15 20 25 —e- Subquery 3
Layer 12 —e— Subquery 4
0 H 10 15 20 25 30 35
Layer

Figure 10: Detailed average ranks for different types of

. Figure 11: Detailed average ranks for different types of
queries.

queries.
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