
Findings of the Association for Computational Linguistics: ACL 2025, pages 19367–19380
July 27 - August 1, 2025 ©2025 Association for Computational Linguistics

LONGATTN: Selecting Long-context Training Data via Token-level
Attention

Longyun Wu*♡♠ Dawei Zhu*♣♠ Guangxiang Zhao♢ Zhuocheng Yu♣♠

Jungfeng Ran♡♠ Xiangyu Wong♠ Lin Sun†♢ Sujian Li†♣♠
♡ School of Software and Microelectronics, Peking University

♣ School of Computer Science, Peking University
♠ Key Laboratory of Computational Linguistics, MOE, Peking University

♢ Qiyuan Tech
wulongyun@stu.pku.edu.cn sunlin1@360.cn lisujian@pku.edu.cn

Abstract

With the development of large language mod-
els (LLMs), there has been an increasing need
for significant advancements in handling long
contexts. To enhance long-context capabil-
ities, constructing high-quality training data
with long-range dependencies is crucial. Ex-
isting methods to select long-context data often
rely on sentence-level analysis, which can be
greatly optimized in both performance and effi-
ciency. In this paper, we propose a novel token-
level framework, LongAttn, which leverages
the self-attention mechanism of LLMs to mea-
sure the long-range dependencies for the data.
By calculating token-level dependency strength
and distribution uniformity of token scores,
LongAttn effectively quantifies long-range de-
pendencies, enabling more accurate and effi-
cient data selection. We filter LongABC-32K
from open-source long-context datasets (ArXiv,
Book, and Code). Through our comprehen-
sive experiments, LongAttn has demonstrated
its excellent effectiveness, scalability, and effi-
ciency. We have released our code and the high-
quality long-context training data LongABC-
32K at https://github.com/Lyun0912-wu/
LongAttn.

1 Introduction

Large language models (LLMs) have achieved
impressive performance across a broad spectrum
of traditional natural language processing tasks
(Touvron et al., 2023). To effectively address
real-world applications, these models further re-
quire enhanced capabilities in handling longer con-
texts, particularly in key areas such as in-context
learning (Brown et al., 2020), real-world question-
answering based on lengthy documents (Wang
et al., 2024b), long-context dialogue with historical
context (Packer et al., 2023), and comprehensive
document summarization (Koh et al., 2022).

*Equal contribution.
†Corresponding authors.

To enhance LLMs’ long-context processing ca-
pabilities, data engineering remains fundamental.
Simple methods to construct long-context datasets
are through naive methods like concatenating short
texts or randomly sampling existing sources (e.g.,
CommonCrawl, GitHub). However, studies by
de Vries (2023) and Chen et al. (2024a) empha-
size that data obtained through such approaches
fail to effectively improve long-context capabili-
ties of LLMs because the data lack meaningful
long-range dependencies. Inspired by this, a line
of studies focus on exploring the identification and
selection of high-quality long-context with consid-
eration of relations between text segments were
proposed. ProLong (Chen et al., 2024a) measures
long-range dependencies between segments based
on the relative perplexity and relative distance. Lv
et al. (2024) develop a set of metrics including
complexity, coherence, and cohesion based on vari-
ous kinds of text segments (i.e., sliding windows,
sentences, paragraphs) to measure the quality of
long texts. However, these methods have two main
drawbacks: (1) Linguistic metrics do not fully align
with the underlying mechanisms of LLMs, as they
often fail to capture fine-grained token-level rela-
tionships. (2) They are computationally expensive
and inefficient. For example, ProLong reports that
the speed of a 7B parameter model is roughly 1/16
of that of a 350M parameter model, making such
methods challenging to scale for LLMs.

Attention mechanisms have been proven to effec-
tively model context understanding (Beltagy et al.,
2020; Zaheer et al., 2020). Some studies focusing
on attention mechanisms and positional encoding
have shown that they can significantly improve a
model’s long-context ability (Peng and Quesnelle,
2023; Peng et al., 2023). Motivated by this, we
propose to address the limitations of sentence-level
selection methods leveraging the rich information
provided in the attention mechanism. Specifically,
we propose LongAttn, a simple yet effective frame-
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Figure 1: (a) How to measure long-range dependencies at the token level by using the self-attention mechanism.
DST indicates that the tokens in this data have strong long-distance dependencies, while DUT prevents negative
impacts from individual tokens’ high scores. (b) The comparison of long-context retrieval capabilities of models
trained with different scales of tokens selected randomly, with sentence-level ProLong, and with LongAttn (ours).

work that leverages the attention patterns of LLMs
to analyse token-level dependency for long-context
data selection.

LongAttn utilizes the long-range dependency in-
dicator, LSDT , to measure the strength of depen-
dencies between tokens separated by a distance of
at least k, which we define as the minimum to-
ken distance. We break down the indicator into
two scores: dependency strength(DST ) and dis-
tribution uniformity(DUT ). As shown in Figure
1a, DST measures the strength of dependencies
between tokens separated by a distance of at least
k, and DUT serves as a correction term, ensuring a
consistent distribution of token scores and prevent-
ing individual tokens with excessively high atten-
tion scores from skewing the overall dependency
assessment. To enhance computational efficiency
and avoid the Attention Sink (Xiao et al., 2023),
we use the attention score calculated by the first
decoder layer of LLaMA (Dubey et al., 2024). To
better integrate DST and DUT , we normalize them
to the same value range and then multiply the distri-
bution uniformity (DUT ) by a correction factor α.
In this way, our framework effectively quantifies
the degree of contextual information aggregation
at the token level, providing a reliable criterion for
selecting high-quality long-context data.

Through comprehensive experiments, the Lon-
gAttn framework has demonstrated significant ad-
vantages. We selected Arxiv, Book, and Code
as the long-context datasets to be studied. Af-
ter pre-processing, we used the LongAttn frame-

work to make selections, and the resulting data is
referred to LongABC-32K. Datasets selected us-
ing the ProLong framework (Chen et al., 2024a)
and random selection mechanism are designated
as ProLong-32K and Random-32K, respectively.
As shown in Figure 1b, we compare the long-
context retrieval abilities of models trained on these
datasets across different token scales. The experi-
mental results demonstrate that models trained on
LongABC-32K consistently perform the best, even
surpassing those trained on 20B tokens from the
randomly selected dataset, despite using only 5B
tokens. Through further experiments, we found
that, in addition to its effectiveness (As seen in 5),
LongAttn exhibits excellent scalability (Performs
better with attention map from larger models, as
seen in 6.2) and efficiency (As seen in 6.3). Our
contributions are summarized as follows:
• We propose LongAttn, a framework which is the

first to analyze long-range dependencies at the
token level by using self-attention mechanisms.

• We will release LongABC-32K, a high-quality
long-context dataset with strong long-range de-
pendencies.

• Through comprehensive experiments, we have
demonstrated LongAttn’s excellent effectiveness,
scalability, and efficiency.

2 Related Work

Long-context LLMs The ability to process ex-
tensive contextual information is a crucial aspect
of language models, with context length serving
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as a key determinant of their processing capacity.
To enable models to accommodate longer inputs
and outputs, numerous methodologies have been
developed to modify the model’s architecture (Liu
et al., 2025). Some approaches focus on altering
positional encoding techniques. For instance, Chen
et al. (2023a) introduced Positional Interpolation,
while PoSE (Zhu et al., 2023) simulates longer texts
by modifying positional encodings during training.
Similar methods include YaRN (Peng et al., 2023)
and LongRoPE (Ding et al., 2024). Other strate-
gies involve modifying the attention mechanism.
For example, STRING (An et al., 2024) shifts well-
trained positions to overwrite originally ineffec-
tive positions during inference, and SelfExtend (Jin
et al., 2024) extends the context window of Large
Language Models (LLMs) by constructing bi-level
attention information. Besides the methods used,
the training data is also crucial. Below are related
works on data.

Pre-training data Training data that exhibits
long-range dependency patterns is crucial for en-
hancing the model’s ability to handle extended con-
textual information. For post-training data, numer-
ous methodologies have been explored to generate
synthetic long-context data (Wang et al., 2024a;
Chen et al., 2024b; Bai et al., 2024; Wu et al., 2024).
Conversely, for pre-training data, the predominant
approach involves the curation and selection of rel-
evant text from existing corpora,

which is exemplified by prominent models in-
cluding Qwen (Bai et al., 2023a) and LLaMA (Tou-
vron et al., 2023). While scaling laws suggest that
a model’s capabilities improve with more data (Ka-
plan et al., 2020), large volumes of data bring about
high resource demands. Therefore, optimizing data
utilization more effectively should become a key
area of research. ProLong (Chen et al., 2024a) pro-
poses a framework for calculating long-distance
dependencies of data at the sentence level. Long-
Wanjuan (Lv et al., 2024) also designed metrics
and filtered data based at the sentence level. How-
ever, Xiong et al. (2023) assert that the key factor
affecting the long-context ability of LLMs is the
positional encoding’s capacity to aggregate infor-
mation from distant tokens. Our method focuses
on token-level long-distance dependencies to select
high-quality long-context data.

3 Methodology

As shown in Figure 2, our proposed method can
be divided into three steps. Firstly, we gather and
preprocess the data to a predetermined length. Sub-
sequently, we employ the self-attention mechanism
of a LLM to compute the long-distance depen-
dency score for each data instance. Finally, we
filter the data based on the score and utilize the
refined dataset for continued pre-training of the
model.

3.1 Data Collection and Preprocessing
To ensure the training data is suitable for long-
context modeling, we carefully curate and prepro-
cess our dataset. We choose books, code, and Arxiv
papers as our primary sources of long-context data,
drawing from open-source pre-training datasets
such as RedPajama (Weber et al., 2024) and Dolma
(Soldaini et al., 2024). These sources are known
for their rich content and long sequences, which are
essential for training models with extended context
windows.

Given that the computational complexity of
self-attention layers grows quadratically with se-
quence length, we set the context length to 32k
tokens in this work. This length strikes a bal-
ance between capturing long-range dependencies
and maintaining reasonable computational com-
plexity. To segment/divide the data into 32k-token
chunks/segments, we employ a sliding-window ap-
proach, which is more effective than naive trunca-
tion in preserving the integrity of the information.
Let the total number of tokens in a text be n. The
sliding-window strategy is as follows:
• If 32768(32k) < n ≤ 65536(64k), take both

the front and back windows.
• If 65536(64k) < n ≤ 98304(96k), take the

front, back, and middle windows.
• If n > 98304(96k), iteratively take the front and

back windows until one of the two conditions
above is met.

The detailed algorithm is presented in Appendix
A. After preprocessing, we obtain the long-context
pre-training dataset LongABC-32K-Raw, which
we denote as D.

3.2 Assess Long-distance Dependency via
Token-level Attention

To effectively select high-quality long-context data,
we need to accurately measure the long-range de-
pendencies within the data. In this section, we
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LongAttn Framework

Figure 2: LongAttn Framework: After preprocessing the data, the long-distance dependency strength at the token-
level is analyzed using the self-attention mechanism of an LLM. This analysis serves as the basis for filtering the
data, which is then used for continual pre-training of a base model that initially lacks long-context capabilities,
resulting in our LongAttn model

detail the process of assessing long-distance de-
pendencies in the data using token-level attention
mechanisms.

3.2.1 Token-level Dependency Strength
Given a data instance s ∈ D, we input it into an
LLM and extract the masked self-attention matrix
M from the first transformer decoder layer to quan-
tify the long-range dependencies within the data.
The choice of using the first layer is driven by two
primary reasons: (1) It is computationally efficient,
requiring approximately 1/32 of the inference time;
(2) Due to the Attention Sink phenomenon (Xiao
et al., 2023), deeper layers of the model tend to
disproportionately focus on the initial tokens, irre-
spective of their semantic relevance to the language
modeling task. Consequently, leveraging the shal-
low layers of the model’s decoder is more optimal
for capturing the contextual dependencies among
tokens in the data.

Define Am,n as the cumulative attention score
assigned by n to the first m tokens (i.e., tokens
from position 1 to m):

Am,n =
m∑

i=1

Mi,n (1)

where Mi,n represents the attention score assigned

by the n-th token to the i-th token. Since the self-
attention matrix M has been normalized by the
softmax function, it follows that An,n = 1. For
the n-th token in the data, where n > k, An−k,n

represents the sum of attention scores of all tokens
located at least k positions ahead of it. We de-
fine the contextual dependency strength of the n-th
token as:

DSn
T =

An−k,n

An,n
= An−k,n (2)

which quantifies the proportion of attention scores
assigned to tokens at least k positions prior to the
n-th token, relative to the total attention scores. For
cases where n ≤ k, we define DSn

T = 0 to account
for insufficient context. Finally, the token-level
contextual dependency strength of the entire data
instance is defined as the average of DSn

T over all
tokens:

DST =
1

L

L∑

i=1

DSi
T (3)

=
1

L

L∑

i=k+1

DSi
T (4)

=
1

L

∑
Mt (5)
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where L is the total number of tokens in the data
and Mt represents the lower triangular matrix in
the bottom left corner of matrix M :

Mt =




Mk+1,1 0 · · · 0
Mk+2,1 Mk+2,2 · · · 0

...
...

. . .
...

ML,1 ML,2 · · · ML,L−k


 (6)

3.2.2 Distribution Uniformity of Token Scores
While DST provides a measure of dependency
strength, it is important to ensure that individual
tokens with high scores do not disproportionately
influence the overall dependency assessment. For
example, In the previously mentioned Attention
Sink phenomenon, the first token’s scores very high
in deeper decoder self-attention layers, which can
have a significantly negative impact. Instead, the
scores across the entire data segment should be
consistently high. To achieve this, we introduce
the distribution uniformity of token scores DUT to
measure the uniformity of the score distribution:

DUT = −V ariance(Mt) (7)

This correction term helps to prevent individual
tokens with excessively high attention scores from
skewing the overall dependency assessment.

3.2.3 Collaborative Ensemble
To obtain a comprehensive measure of long-
range dependencies, we combine the dependency
strength DST and the distribution uniformity DUT .
Due to the differences in the magnitudes of DUT

and DST , as shown as Appendix E, we compute
DUT and DST for all data and then standardize
them to independent normal distributions. We then
use the following formula to calculate the final
long-distance dependency score:

LDST = Std(DST ) + α · Std(DUT ) (8)

where α is a correction factor that balances the con-
tributions of DST and DUT , and Std represents
Z-Score standardization.

4 Experimental Setup

4.1 LongAttn Setup and Training Details
In the process of filtering data using LongAttn,
we utilize the first transformer decoder layer of
LLaMA-3.1 to calculate long-distance dependency
score. The length of each data segment L is 32768
and the minimum token distance k is set to L/4

(i.e., 8192). We set the correction factor α in the
Eq.8 to 0.5.

We adopt Adjusted Base Frequency (ABF)
(Xiong et al., 2023) to continual pretrain LLaMA-
3, extending the context window size to 32,768 by
adjusting the RoPE theta parameter. The contin-
ued pre-training is based on the Megatron training
framework (Shoeybi et al., 2019), utilizing 8x8
H800 GPUs. Detailed parameters can be found in
the Appendix B.1.

4.2 Continual Pre-trained Datasets

We form the following datasets by combin-
ing short-context data with selections made
through random sampling, the ProLong
framework, LongAttn based on LLaMA-3.1-
8B, and LongAttn based on LLaMA-3.1-
70B: DRx(x ∈ {1, 3, 5, 10, 20}), DPx(x ∈
{1, 3, 5, 10}), DAx,8B(x ∈ {1, 3, 5, 10}), and
DAx,70B(x ∈ {1, 3, 5, 10}), with x representing
the data size in Billions.

To ensure the diversity of the filtered data, we
apply the filtering process within each category of
datasets separately. For detailed data composition,
please refer to the Appendix C.

4.3 Baselines

Data-Scale Comparison To demonstrate the
effectiveness of LongAttn, We conduct a data-
scale comparison of the long-context retrieval
capabilities of models continued pre-trained
on DRx(x ∈ {1, 3, 5, 10, 20}), DPx(x ∈
{1, 3, 5, 10}), DAx,8B(x ∈ {1, 3, 5, 10}), and
DAx,70B(x ∈ {1, 3, 5, 10}).

Fixed-Scale Method Comparison To demon-
strate the superiority of LongAttn, we conduct
fixed-data method comparison of the models
trained on DRx(x ∈ {5, 10, 20}), DP5, DA5,8B ,
and DA5,70B . Additionally, we compare them with
similarly sized models that have excellent long-
context capabilities. Details of the baselines can be
found in Appendix D.

4.4 Evaluation Tasks

We assess the capability of the base model, contin-
ually pre-trained within the current window length,
based on the following long-context and short-
context criteria: (1) The best reflection of the base
model’s long-context capabilities is its long-context
retrieval ability, followed by its performance on
other long-context tasks. (2) No degradation in
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Method Tokens
Niah-Single Niah-Multikey Niah-Mult- Niah-Mult- Avg.

Sigle-1 Sigle-2 Sigle-3 MK-1 MK-2 MK-3 Value Query Score

Random

1 B

99.8 100.0 93.4 91.0 11.6 11.4 91.7 93.2 74.0
ProLong 99.4 99.8 92.4 89.2 10.8 24.0 91.6 93.6 75.1
LongAttn-8 100.0 100.0 91.4 88.6 16.2 19.2 90.3 93.4 74.9
LongAttn-70 100.0 100.0 95.4 88.0 29.0 35.0 90.4 92.4 78.8

Random

3 B

100.0 100.0 86.2 92.8 62 8.6 70.0 95.9 76.9
ProLong 100.0 99.8 79.6 93.8 60.4 32.0 85.9 95.0 80.8
LongAttn-8 100.0 100.0 88.8 92.2 60.0 31.2 79.7 94.7 80.8
LongAttn-70 100.0 100.0 91.6 93.6 57.4 19.8 88.8 96.2 80.9

Random

5 B

100.0 99.8 81.8 94.8 56.4 11.8 84.4 96.5 78.2
ProLong 100.0 100.0 78.0 92.8 64.8 40.4 77.8 95.9 81.2
LongAttn-8 100.0 99.8 81.6 92.4 62.6 37.2 87.6 97.3 82.3
LongAttn-70 100.0 100.0 83.8 92.8 84.8 46.8 78.8 95.2 85.2

Random

10 B

100.0 100.0 84.0 92.6 58.2 14.2 90.9 96.9 79.6
ProLong 100.0 100.0 83.4 92.8 74.4 32.2 88.7 95.5 83.4
LongAttn-8 100.0 100.0 87.4 93.0 72.2 23.0 93.1 96.8 83.2
LongAttn-70 100.0 100.0 86.8 92.4 80.6 34.4 92.0 96.5 85.3

Random 20 B 100.0 100.0 84.6 91.0 66.2 22.4 93.3 96.5 81.8

Table 1: Models trained with different methods for selecting varying scales of tokens were evaluated on complex
NIAH tasks. Random, ProLong, LongAttn-8, and LongAttn-70 represent random selection, selection based on the
ProLong framework, selection based on LongAttn with LLaMA-3.1-8B, and selection based on LongAttn with
LLaMA-3.1-70B, respectively. And bold number is used to highlight the better-performing models within each data
size category.

Model Trained
Short-Context Task

Avg.
Dataset MMLU HS HE OBQA

† 65.9 49.9 25.0 72.0 53.2

LLaMA
DR5 61.8 52.4 19.5 81.8 53.9

-3-Base
DP5 61.0 38.3 23.2 79.4 50.5
DA5,8B 61.6 47.1 25.6 82.6 54.2
DA5,70B 61.0 52.8 28.1 80.4 55.6

Table 2: The short-context fundamental capabilities
of our continued pre-trained models and LLaMA-3-
base. † indicates no training. MMLU, HS, HE, and
OBQA stand for the MMLU, HellaSwag, HumanEval,
and OpenBookQA tasks, respectively.

short-context performance. The evaluation tasks
can be divided into the following parts:

Long-context Retrieval Retrieval ability is the
most crucial and best reflects the model’s long-
context ability before post-training. The ‘Needle
In A Haystack’ task analysis in-context retrieval
ability of long-context LLMs. The original ‘needle
in a haystack’ task was relatively simple. RULER
(Hsieh et al., 2024) introduced a more detailed and
complex ‘needle in a haystack’ task, and we use
RULER with a length of 32k to comprehensively
evaluate long-context retrieval ability.

Long-context Benchmark In addition to re-
trieval ability, we also want to evaluate the model’s
performance on formal long-context tasks. Long-
Bench (Bai et al., 2023b) is the first proposed bilin-
gual long-context benchmark, which includes a to-
tal of 21 tasks categorized into 6 main types, with
task lengths ranging from about 0 to 20k. RULER
provides longer, variable-length evaluations across
13 complex tasks. Here, we will evaluate the tasks
at the 32k length to assess changes in the model’s
long-context capabilities.

Fundamental Abilities of LLMs. We use Hu-
manEval (Chen et al., 2021) to assess code evalua-
tion capability and OpenBookQA (Mihaylov et al.,
2018) to assess book knowledge extraction ability.
Additionally, we use Hellaswag(Zellers et al., 2019)
and MMLU (Hendrycks et al., 2020) to assess its
broader short-context fundamental capabilities.

5 Experimental Results

We validate the effectiveness, scalability, and high
efficiency of LongAttn through a series of data-
scale and Lateral comprehensive experiments.

5.1 Performance on Retrieval Ability
We evaluate the retrieval capabilities of models
trained with LongAttn-selected data and com-
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Figure 3: (a) and (b) show the performance of other
long-context LLMs and LongAttn-trained models on
the RULER and complex NIAH tasks. (c) and (d) show
the performance of models trained with different meth-
ods on the same tasks. Toge. and LLORA represent
Together and LongLORA, respectively. 5B-LA and
10B-LA represent models trained on 5B and 10B tokens
selected by LongAttn. LA-8 and LA-70 represent Lon-
gAttn based on 8B and 70B models, respectively.

pare them with models trained on randomly se-
lected data and ProLong-selected data. The results
are shown in Table 1. The models trained with
LongAttn-selected data consistently outperform
those trained on randomly selected or ProLong-
selected data across all data scales, demonstrating
the effectiveness of LongAttn in improving data
quality for long-context modeling. Notably, mod-
els trained on a smaller amount of data filtered
using our method even outperform those trained
on a larger amount of randomly selected data in
retrieval tasks. For example, the model trained on
just 5B tokens filtered by LongAttn outperforms
models trained on 10B or even 20B randomly se-
lected tokens. This indicates that LongAttn can
significantly enhance the efficiency of data usage
for long-context pre-training.

5.2 Performance on Fundamental Abilities

The results in Table 2 indicate that data selected
by LongAttn not only maintains the model’s short-
context capabilities but enhances them in specific
domains. For example, the LongABC-32K-Raw
dataset includes book and code data, and our model

performs well on short-context tasks such as Open-
BookQA (Mihaylov et al., 2018) and HumanEval
(Chen et al., 2021).

However, there is a slight decline in performance
on MMLU (Hendrycks et al., 2020). This is ex-
pected, as we do not include such data during con-
tinual pre-training, so the base model experienced
some forgetting in these areas.

5.3 Performance on Long-context Benchmark

As shown in Figure 3a and 3c, models trained on
data filtered by LongAttn outperform those trained
on equivalent amounts of data selected randomly or
by ProLong. LongAttn’s performance is also com-
parable to models trained on larger data volumes.
Additionally, on the RULER-32K benchmark, Lon-
gAttn outperforms all other long-context models of
similar parameter sizes. The specific experimental
results can be found in Appendix F.

As shown in Table 3, we compare model perfor-
mance on LongBench, which consists of 21 eval-
uation tasks. We calculate the average score for
each of the six categories to represent overall per-
formance. The results show that LongAttn outper-
forms models trained on equivalent data selected
randomly or by ProLong in almost all tasks and
even surpasses models trained on larger amounts of
randomly selected data. However, while 5B data se-
lected by LongAttn-70 outperforms 10B randomly
selected data, it does not perform as well as 5B
data selected by LongAttn-8. We speculate this is
because the average context length in LongBench
is far below 32k, thus not effectively showcasing
the advantage of 5B data selected by LongAttn-70.

6 Analysis

6.1 Ablation Study

To investigate the impact of the constraint factor α
and the correction term DUT on regulating LDST ,
we conduct ablation experiments on the DA3 and
DA5 datasets using retrieval tasks. The default
setting of the constraint factor α is 0.5.

As shown in the table 4, we can see that the
correction term DUT plays a positive role in the
data selection results. In addition, the constraint on
the dependency strength DST by DUT should not
be too large, which suggests that the constraint on
DST by DUT should be moderate to avoid over-
correction.
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Method
Number of Single-Doc Multi-Doc Summri- Few-shot Synthetic Code Com- Avg.

Tokens Trained QA QA zation Learning Tasks pletion Score

Trained on 5B Tokens from Different Methods

Random 5B 10.11 6.57 13.72 64.10 1.83 65.05 24.46
ProLong 5B 11.95 12.59 17.87 63.33 4.15 65.01 26.93
LongAttn-8 5B 13.01 11.20 18.96 64.62 5.12 65.06 27.46
LongAttn-70 5B 12.39 9.33 19.72 64.1 3.42 65.03 26.78

Trained on over 5B Tokens Selected Randomly

Random 10B 9.41 8.93 19.30 63.89 4.83 65.57 26.27
Random 20B 11.45 11.72 20.41 64.13 9.67 66.51 28.23

Table 3: The performance of models continued pre-trained using data filtered by different methods on LongBench.
Random, ProLong, LongAttn-8, and LongAttn-70 represent data selected randomly, data selected using the ProLong
framework, data selected by the LongAttn framework with LLaMA-3.1-8B, and data selected by the LongAttn
framework with LLaMA-3.1-70B, respectively.

Model RULER-NIAH-32K

LongAttnDA3 80.83
w/ α = 1 79.49(-1.34)
w/o DUT 78.28(-2.55)

LongAttnDA5 82.30
w/ α = 1 81.05(-1.25)
w/o DUT 82.11(-0.19)

Table 4: Ablation experiments on the constraint factor
α and the correction term DUT were conducted on the
RULER-NIAH-32K task.

6.2 The Scalability of LongAttn

Figures 3c and 3d show that LongAttn significantly
improves performance when using stronger models.
This indicates that more powerful models can bet-
ter analyze the dependencies between long-context
tokens. It can be envisioned that using LongAttn
with larger models could yield even stronger per-
formance.

However, in works like ProLong, computational
efficiency is constrained by the approach, making
it unfeasible to use larger models. This unique
advantage of LongAttn highlights its tremendous
growth potential.

6.3 The Efficiency of LongAttn

Compared to sentence-level methods like ProLong,
LongAttn is significantly more efficient. ProLong
divides the data into sentence segments and calcu-
lates the relative perplexity and distance between
each segment, which is computationally expensive,
especially for LLMs. As a result, only smaller mod-
els are used in their work. In contrast, LongAttn
only requires a single inference pass to obtain rela-
tive scores between all tokens, using just the first

Method Model GPU Hours

ProLong OPT-350M 30
LLaMA-3.1-8B 600

LongAttn LLaMA-3.1-8b 50
LLaMA-3.1-70b 100

Table 5: Compared the GPU hours used by different
methods on LongABC-32K-Raw, using H800 GPUs.
For implementation simplicity, we used the traditional
attention computation method in LongAttn. If efficient
methods like Flash-attn were adopted, the speed would
further improve.

layer of the LLM’s decoder. This approach is far
more efficient and scalable.

Table 5 compares the GPU hours consumed by
the two methods using models of different sizes on
the LongABC-32K-Raw dataset. LongAttn, even
with the traditional attention computation method,
is much faster than ProLong. If more efficient meth-
ods like Flash-attention were adopted, the speed of
LongAttn could be further improved.

7 Conclusion

In this paper, we introduce LongAttn, a framework
evaluates long-range dependencies at the token
level. LongAttn is effective as the self-attention
mechanism captures relationships between all to-
ken contexts during inference. This approach to
measuring long-range dependencies aligns better
with the underlying operating principles of LLMs.
We validate the effectiveness, scalability, and high
efficiency of LongAttn through a series of compre-
hensive experiments. Additionally, our research
contributes to the previously limited study of high-
quality long-context training data. This finding
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suggests promising directions for future research,
and we anticipate further advancements in this do-
main through subsequent investigations.

Limitations

Although LongAttn has demonstrated satisfactory
performance, there is still room for improvement.
Specifically, we used the traditional attention map
calculation method, which is inefficient. While its
efficiency is satisfactory, there is still significant po-
tential for enhancement. In future work, we hope to
overcome the shortcomings, refine our method fur-
ther, and advance the development of long-context
capabilities in LLMs.
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A Algorithm for Pre-process

Algorithm 1 Sliding Window Sample Algorithm
1: function SLIDINGWINDOW(data,W )
2: if len(data) < W then
3: return ∅
4: end if
5: l← 0
6: r ← len(data)
7: S ← ∅
8: while r − l > 3W do
9: S ← S ∪ {data[l : l +W ]}

10: l← l +W
11: S ← S ∪ {data[r −W : r]}
12: r ← r −W
13: end while
14: ∆← r − l
15: if W < ∆ ≤ 2W then
16: S ← S ∪ {data[l : l +W ], data[r −W : r]}
17: else if 2W < ∆ ≤ 3W then
18: m← l + ⌊(∆−W )/2⌋
19: S ← S ∪ {data[l : l + W ], data[m : m +

W ], data[r −W : r]}
20: end if
21: return S
22: end function

The Algorithm 1 demonstrates how we perform
sliding window pre-processing on the data. The
length of the data processed using this method
will remain consistent with the window size, and
compared to the truncation method, this algorithm
better preserves the completeness of the original
information. Some of our code is based on the
(Haosheng Zou and Zhang, 2024).

B Training Details

B.1 Training Parameters

The specific experimental parameters for continual
pre-training using Megatron (Shoeybi et al., 2019)
are shown in Table 6.

Params Methods

Random ProLong LongAttn

learning rate(lr) 1×10−5 1×10−5 1×10−5

lr decay style cosine cosine cosine
GPUs (H800) 64 64 64

mbs 1 1 1
gas 8 8 8

tp size 8 8 8
pp size 1 1 1
dropout 0.1 0.1 0.1

seq length 32768 32768 32768

Table 6: Parameter settings for continual pre-training by
different methods based on the Megatron framework.

B.2 Training Dataset
When continuing pre-training, we use the data ra-
tios shown as Table 7, where ArXiv, Book, and
Code data refer to the data selected through dif-
ferent methods (random selecting, based on the
ProLong (Chen et al., 2024a) framework, or based
on the LongAttn framework).

Types length Source Ratio

Wiki Short Dolma (Soldaini et al., 2024) 3%

Github Short Pile (Gao et al., 2020) 3%

Web Short Refinedweb (Penedo et al., 2023) 4%

ArXiv Long LongABC-Arxiv 30%

Book Long LongABC-Book 30%

Code Long LongABC-Code 30%

Table 7: The types of data and their proportions used dur-
ing the continuation of pre-training. LongABC-Arxiv,
LongABC-Book, and LongABC-Code refer to the types
of data selected using different methods from LongABC-
32K-Raw.

C Details of Continual Pre-train Dataset

As shown as Figure 8, LongABC-32K-Raw is a
dataset obtained by sampling long-context data and
then preprocessing it as mentioned in 3.1.

LongABC-32K-Raw serves as the data source.
We filter it using different methods, including ran-
dom selecting, selecting based on the ProLong
framework, and selecting based on the LongAttn
framework. The filtered data is then combined
with quantified short-context data to form our pre-
training dataset, as shown in Table 7.

Category Source Scale

ArXiv ArXiv (Clement et al., 2019) 12B Tokens

Book Dolma (Soldaini et al., 2024), 12B Tokens
RedPajama (Weber et al., 2024)

Code Dolma (Soldaini et al., 2024) 12B Tokens

Table 8: Data source of LongABC-32K-Raw and com-
position of its various parts.

D Baselines

Table 9 details the models and baselines for our
data-scale and fixed-data method comparison ex-
periments.
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Comparison Method Base Model Trained Dataset Selected Method Tokens

DRx Selected Randomly x ∈ {1B, 3B, 5B,10B,20B}

Data-Scale LLaMA-3
DPx ProLong x ∈ {1B, 3B, 5B, 10B}

DAx,8B LongAttn-8 x ∈ {1B, 3B, 5B, 10B}

DAx,70B LongAttn-70 x ∈ {1B, 3B, 5B, 10B}

DRx Selected Randomly x ∈ {5B, 10B, 20B}

LLaMA-3
DPx ProLong x ∈ {5B, 10B}

DAx,8B LongAttn-8 x ∈ {5B, 10B}

Fixed-Scale Method DAx,70B LongAttn-70 x ∈ {5B, 10B}

Yarn † † †(Peng et al., 2023)

LWM † † †(Liu et al., 2024)

Together † † †(Together.Ai, 2023)

LongLORA † † †(Chen et al., 2023b)

Table 9: The experiments compared different models and baselines. Selected Method indicates the method used to
filter the current training set, and Tokens represents the number of tokens used for training. † indicates the absence
of a given option. ProLong, LongAttn-8, and LongAttn-70 represent the ProLong framework, LongAttn based on
LLaMA-3.1-8B, and LongAttn based on LLaMA-3.1-70B, respectively.

E Distribution of DST and DUT

The distribution DST and DUT measured by Lon-
gAttn based on LLaMA-3.1-70B is shown in Ta-
ble 10. They are distributed across different value
ranges.

Statistical Arxiv Book Code

Indicators DST DUT DST DUT DST DUT

Min Val. 0.25 2.2×10−7 0.21 1.6×10−7 0.18 9.7×10−8

Max Val. 0.50 1.8×10−6 0.59 4.9×10−6 0.54 2.4×10−6

Mean 0.43 8.5×10−7 0.40 4.8×10−7 0.39 6.1×10−7

Table 10: Statistical indicators of DST and DUT af-
ter evaluating LongABC-32K-Raw using the LongAttn
framework based on LLaMA-3.1-70B

F Other Experimental Results

The evaluation results on RULER for models
trained with data selected from LongABC-32K-
Raw using different methods are shown in Table

11. RULER includes 13 tasks, categorized into four
major types: retrieval ability, multi-hop tracking
ability, information aggregation ability, and ques-
tion answering ability. The retrieval ability has
been thoroughly evaluated earlier, so only the aver-
age score is presented here.
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Method Tokens Retrival VT
Aggregation QA Avg.

Avg. CWE FWE Avg. QA1 QA2 Avg. Score

Trained on 5B Tokens from Different Methods

Random

5B

78.2 40.6 31.4 66.7 49.0 55.2 43.8 49.5 66.4
ProLong 81.2 51.8 13.0 65.4 39.2 57.2 43.4 50.3 67.7
LongAttn-8 82.3 50.3 19.8 71.0 45.4 53.4 44.0 48.7 69.0
LongAttn-70 85.2 43.4 16.8 68.5 42.7 55.6 43.0 49.3 69.9

Trained on 10B Tokens from Different Methods

Random

10B

79.6 48.8 53.3 74.2 63.7 55.4 43.6 49.5 70.2
ProLong 83.4 55.1 19.4 76.8 48.1 54.6 44.6 49.6 70.6
LongAttn-8 83.2 52.1 21.8 77.9 49.9 54.6 43.8 49.2 70.4
LongAttn-70 85.3 55.6 31.9 67.4 49.7 55.4 44.0 49.7 72.1

Trained on 20B Tokens Selected Randomly

Random 20B 81.8 47.4 51.9 87.9 69.9 51.9 56.0 46.4 73.0

Table 11: The performance of models continued pre-trained using data filtered by different methods on RULER.
Random, ProLong, LongAttn-8, and LongAttn-70 represent data selected randomly, data selected using the ProLong
framework, data selected by the LongAttn framework with LLaMA-3.1-8B, and data selected by the LongAttn
framework with LLaMA-3.1-70B, respectively.
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