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Abstract

As the context window of Large Language
Models (LLMs) continues to expand, the
data required to effectively train and evalu-
ate these capabilities remains underexplored.
With existing research primarily focuses on
architectural optimization, there is a need
for a systematic, data-centric review. This
survey bridges this gap by investigating the
data foundations of Long-Context Language
Models (LCMs). We begin by examining cur-
rent data strategies alongside their strengths
and limitations, mapping the required data to
desired model capabilities. Building on this,
we explore how targeted training data de-
signs drive core, often interconnected skills
such as retrieval, reasoning, and aggregation.
Furthermore, we analyze the evaluation land-
scape, illustrating how selecting appropriate
benchmarks is crucial for probing capabil-
ity boundaries and guiding effective model
selection. Finally, we synthesize actionable
guidelines for data construction and outline
critical future directions to propel the ad-
vancement of long-context language models,
including quantifying data quality, establish-
ing scaling laws for length distributions, and
developing dynamic evaluation frameworks.

1 Introduction

Long-Context Language Models (LCMs), typically
defined as models with a context window exceeding
128K tokens, have gained significant attention in
natural language processing (Comanici et al., 2025;
Team et al., 2026; GLM-5-Team, 2026). However,
effective long-context modeling requires more than
simply supporting an extended input context win-
dow. In practice, LCMs are expected to process
long sequences comprehensively and accurately.

* Juntao Li is the Corresponding Author.

This involves tasks requiring a global understand-
ing of the text, such as precisely retrieving rele-
vant information or aggregating dispersed content
across long documents (Kim et al., 2024; Roberts
et al., 2025; Xiao et al., 2026).

Developing models to handle such extensive se-
quences presents significant computational chal-
lenges (Shi et al., 2025; Li et al., 2026; Shen and
Shen, 2026). Consequently, existing surveys pri-
marily focus on techniques for extending context
windows (Wang et al., 2024c¢) and efficient LCM
training (Liu et al., 2025b). Despite this progress, a
clear gap remains: a comprehensive review focused
on long-context data strategies is missing. The ca-
pabilities of LCMs are fundamentally driven by
their training data. Compared to traditional short-
text corpora, long-context data has unique char-
acteristics, such as extended structural dependen-
cies, non-uniform information density, and com-
plex length distributions (Deng et al., 2025; Wang
et al., 2025b; Alla et al., 2026). These factors re-
quire specialized data construction and utilization
strategies that have not been fully reviewed.

To bridge this gap and better understand how
data influences model performance, this survey ex-
amines the relationship between long-context data
and specific model capabilities. We categorize the
core capabilities of LCMs into five areas: language
modeling, retrieval, reasoning, aggregation, and
long-form generation. Although these capabili-
ties overlap in practice (Li et al., 2024b; Bertsch
et al., 2025), outlining them helps illustrate how
datasets target different skills. Specifically, differ-
ent training data designs provide distinct gains
across these capabilities, and evaluation bench-
marks are built with corresponding focuses. Se-
lecting the appropriate evaluation data is essential
to probe capability boundaries and guide model
selection (Zhang et al., 2025a; Chen et al., 2026b;
Xiao et al., 2025; Zeng et al., 2026).
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Structure of the Survey

This survey systematically organizes and analyzes
the data foundations of LCMs. The overall taxon-
omy of long-context data is visualized in Figure 1.
Table 1 and Table 2 summarize existing training
datasets and evaluation benchmarks across five di-
mensions: Source, Stage, Construction Methods,
Length Distribution and Capabilities. The survey
is organized as follows:

* Section 2 examines the required characteristics
of long-context data and maps them to the ex-
pected capabilities for effective LCM training
and evaluation.

* Section 3 categorizes the sources of long-context
data. This section details their respective con-
struction methods, and discusses their strengths
and limitations.

* Section 4 details how specific training data de-
signs drive core long-context skills and examines
how targeted benchmarks evaluate these corre-
sponding capabilities.

* Section 5 outlines key data-centric challenges
and proposes future directions, including quanti-
fying data quality, analyzing length distributions,
and developing dynamic evaluation frameworks.

2 Requirements for Long-Context Data

Beyond merely accepting extended inputs (such
as 128K tokens), long-context language models
(LCMs) must comprehensively understand the en-
tire provided text (Deng et al., 2025). This requires
the ability to precisely retrieve key information
and to reason over or aggregate widely dispersed
points within extremely long contexts. Further-
more, LCMs are expected to generate sufficiently
long and globally coherent outputs, such as novels
or reports exceeding 32K tokens. Therefore, the
design of both training and evaluation data should
explicitly target these expected capabilities.

2.1 Training

Building upon these requirements, the construc-
tion of training data must satisfy several key prop-
erties. First, training data must maintain strong
semantic coherence to avoid fragmented contexts.
Incoherent data can cause models to incorrectly
link unrelated facts, which increases the risk of
reasoning mistakes (Liu et al., 2024d; Chen et al.,
2024b). Second, the corpus needs abundant long-
range dependencies. This helps the model capture

semantic relationships across distant paragraphs
and resolve complex coreferences. Consequently,
it prevents the model from forgetting earlier infor-
mation and mitigates the well-known “lost in the
middle” phenomenon (Chen et al., 2024b; Baker
etal., 2024). Finally, data diversity is crucial for im-
proving model generalization. The training corpus
must cover multiple domains (e.g., science, litera-
ture, and news) and genres (e.g., academic papers,
novels, and reports). It should also include struc-
tured formats such as code and tables to enhance
the ability of the model to understand complex long
documents (Fu et al., 2024; Liu et al., 2024b; Ye
et al., 2025a; Staniszewski et al., 2025).

2.2 Evaluation

Evaluation benchmarks must specifically target
the core capabilities expected of LCMs. A well-
designed evaluation helps explore model capabil-
ity boundaries, reflects real-world performance,
and drives further progress in long-context pro-
cessing. Specifically, these benchmarks should
cover the following key dimensions. First, Infor-
mation Retrieval Accuracy tests whether the model
can accurately recall specific facts from massive
contexts (Kuratov et al., 2024; Xu et al., 2024).
Needle-in-a-Haystack (NIAH) tests extend this by
measuring retrieval robustness as the input length
continuously grows. Second, Multi-hop Reasoning
in long-contexts examine the ability to integrate
distributed information and perform complex logic
inference (Zhu et al., 2024; Zhang et al., 2025¢).
Third, Long-context Summarization and Informa-
tion Aggregation tasks evaluate how well the model
synthesizes global content and extracts core con-
cepts from lengthy input sequences (Yuan et al.,
2024). Finally, Long-form Generation tasks assess
the capacity of the model to produce long-form
and high-quality outputs. Evaluating such lengthy
generated content requires a comprehensive set of
metrics that includes relevance, accuracy, coher-
ence, clarity, breadth and depth (Bai et al., 2025b;
Wu et al., 2025b; Wang et al., 2025a).

3 Obtaining Long-Context Data

As discussed in Section 2, LCMs require data that
features abundant long-range dependencies and
strong semantic coherence. Acquiring such data is
challenging. To address this, current research gen-
erally relies on two approaches. The first approach
involves sourcing naturally occurring long texts
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LCMS DATA

Requirements for Long

-Context Data (§2)

Obtaining Long-
Context Data (§3)

Training (§2.1)

Contextual Coherence, Long-Range Dependencies, Cross-Domain Diversity, Structured Data Integration, etc.

Evaluation (§2.2)

Long Retrieval, Long Reasoning, Long Aggregation, Long-Form Generation, etc.

Data Source (§3.1)

L

Books (Krysciriski et al., 2022), Wikipedia (Wang et al., 2025c), Scientific Texts (Chen et al., 2025b), etc.

—_—

| | Construction
Method (§3.2)

-

Random Concatenation HCode Llama (Roziere et al., 2023), ProLong (Gao et al., 2024), etc.

Semantic Aggregation HICLM (Shi et al., 2024), Quest (Gao et al., 2025b), etc.

P e e

LLMs-Based Synthesis HWildLong (Li et al., 2025a), SEALONG (Li et al., 2024c), etc.

_| Language
Modeling (§4.1)

Training. SPLiCe (Staniszewski et al., 2025), UtK (Tian et al., 2025), LongFilter (Deng et al., 2025), etc.

[ | Evaluation. LongBench (Bai et al., 2025a), HELMET (Yen et al., 2025), SagaScale (Du et al., 2025), etc.

Retrieval

Capabilities (§4.2)[ |

Training. PAM-QA (He et al., 2024), FILM-7B (An et al., 2024c), ANRH(Xiong et al., 2025), etc.

Evaluation. NeedleBench(Li et al., 2024b), RULER(Hsieh et al., 2024), Counting Stars(Song et al., 2025b), etc.

{

Long-Context Data &
Model Abilities (§4)

}_

Reasoning

Capabilities (§4.3)[ |

Training. InftyThink (Yan et al., 2025b), LongMIT (Chen et al., 2025c), MDCure (Liu et al., 2025a), etc.

Evaluation. LongIns(Gavin et al., 2024), LongCodeBench(Rando et al., 2025), SIN-Bench(Ren et al., 2026), etc|

Aggregation

Capabilities (§4.4) [ |

Training. LongABC (Wu et al., 2025a), NExtLong (Gao et al., 2025c), SCRPO (Hu et al., 2025a), etc.
Evaluation. MIR-Bench (Yan et al., 2025a), Oolong (Bertsch et al., 2025), LaRA (Li et al., 2025b), etc.

Long-Form
Generation (§4.5)

Training. DeepWriter (Wang et al., 2025a), DOME (Wang et al., 2025d), IS-CoT (Sun et al., 2026a), etc.

[ | Evaluation. LongWrite (Bai et al., 2025b), LongWeave (Xiao et al., 2025), UNCLE (Yang et al., 2025c), etc.

{Data Quality and Evaluation Metrics (Deng et al., 2025; Veselka, 2026; Ping et al., 2026; Sun et al., 2026b)

Discussion and

Future Directions (§5)

{Data Mixing and Length Distribution (Zhang et al., 2024a; An et al., 2024b; Ye et al., 2025a; Tian et al., 2025) }

{Dyna.mic Evaluation Frameworks (Song et al., 2025a; Wan and Ma, 2025; Chen et al., 2026b; Zeng et al., 2026) }

Figure 1: Taxonomy of Long-Context Data. It provides a structured overview of the field, encompassing data
requirements and sourcing methods, with a particular focus on the mapping between specific data strategies and

desired long-context capabilities.

that inherently possess contextual relationships,
which we detail in §3.1. The second approach rec-
ognizes that raw natural data often cannot be used
directly, and manual annotation for extremely long
texts is costly. Therefore, researchers apply spe-
cific construction strategies and advanced models
to synthesize high-quality training and evaluation
data, which we discuss in §3.2.

3.1 Natural Long-Context Data Source

General Texts. General texts are fundamental
resources due to their large scale, high diversity,
and ease of acquisition (Zhao et al., 2023). These
characteristics make them highly suitable for im-
proving the basic language modeling and gener-
alization capabilities of LCMs. Books serve as a
primary natural source of high-quality long-context
data (Kim et al., 2024). Their diverse genres, coher-
ent narratives, and complex textual relationships,
make them highly effective for enhancing language
understanding (Bai et al., 2024a). Widely used

corpora include Books3 and BookCorpus2!. For
example, LADM (Chen et al., 2025b) selects long
documents from book corpora to support LCM pre-
training. Wikipedia?, as a structured knowledge
resource with broad topic coverage, is also widely
used. For instance, LongPAS (Peng et al., 2026)
constructs knowledge graphs from Wikipedia and
generates multi-hop reasoning chains to enhance
the reasoning capabilities of LCMs.

Domain-specific Data. Domain-specific data is
essential to optimize and evaluate model perfor-
mance on specialized long-context tasks (Yan et al.,
2025b; Adams et al., 2025). Scientific literature is
a core category of domain-specific data, encom-
passing academic papers and textbooks. Com-
pared to general books, scientific literature is cru-
cial for scientific knowledge understanding and
specialized reasoning capabilities of LCMs (Tian
et al., 2025; Chen et al., 2025b). Common sources

'https://opendatalab.com/
OpenDatalab/Pile—-BookCorpus2
https://zh.wikipedia.org/
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Datasets Source Stage Construction Methods Length
Language Modeling
Quest (Gao et al., 2025b) (0] Pre-training  Splicing <1M
SPLiCe (Staniszewski et al., 2025) W, S, C Pre-training  Splicing < 32K
UtK (Tian et al., 2025) B,W,S,C Pre-training  Splicing < 128K
MMR&FPS (Wang et al., 2025¢e) O Pre-training  Generation -
LongFilter (Deng et al., 2025) (6] Pre-training  Generation 8K~64K
QwenLong-L1.5 (Shen et al., 2025) B,W,S,C,O Pre-training Generation ~256K
LiteLong (Jia et al., 2025) o Pre-training ~ Generation, Splicing ~128K
LADM (Chen et al., 2025b) B,W,S,C,O Pre-training Generation, Sampling ~32K
NextLong (Gao et al., 2025¢) B,W,S Pre-training  Posi-Synthesis, Splicing < 128K
LongABC (Wu et al., 2025a) B,C,S Pre-training  Posi-Synthesis, Sampling ~ ~32K
Retrieval
MMLBD-C (Veselka, 2026) S,0 Post-training Annotation ~344K
Arti-Needles (Xiong et al., 2025) (6] Post-training Generation < 4K
LongPAS (Peng et al., 2026) w Post-training Generation ~60K
MegaBeam (Wu and Song, 2025) B,S,C Post-training Splicing, Posi-Synthesis < 512K
Reasoning
ReconstructionLong (Xiao et al., 2026) B, W, C Post-training Annotation ~64K
LongMIT (Chen et al., 2025c¢) B,W,S Post-training Generation 4K~128K
USDC (Marreddy et al., 2025) (0] Post-training Generation < 4K
LongFaith (Yang et al., 2025b) W Post-training Generation ~9K
InftyThink (Yan et al., 2025b) o Post-training Generation -
Light-R1 (Wen et al., 2025) (0] Post-training Generation < 32K
SSB (Mitra and Ulukus, 2025) (6] Post-training Generation -
LongPLVR (Chen et al., 2026a) (6] Post-training Generation 8K~64K
LongR (Ping et al., 2026) C,0 Post-training Generation, Mixing 16K~32K
LongMagpie (Gao et al., 2025a) (0] Post-training Generation, Splicing ~64K
HIERARCHICAL (He et al., 2025) B Post-training Generation, Posi-Synthesis < 1M
Aggregation
MDCure (Liu et al., 2025a) (0] Post-training Generation < 32K
WildLong (Li et al., 2025a) S,C Post-training Generation -
LongReward (Zhang et al., 2025b) S Post-training Generation 8K~64K
SCRPO (Hu et al., 2025a) (0] Post-training Generation -
LOGO (Tang et al., 2025) B,W,S Post-training Generation, Posi-Synthesis < 80K
Long-form Generation
OpenReward (Hu et al., 2025b) W.,S,0 Post-training Mixing ~6K
PrefBERT (Li et al., 2025d) o Post-training Mixing, Generation ~4K
DOME (Wang et al., 2025d) B,O Post-training Generation -
LongWriter (Bai et al., 2025b) (6] Post-training Generation 2K~32K
LongDPO (Ping et al., 2025) (0] Post-training Generation < 32K
DeFine (Wang et al., 2025¢) w Post-training Generation -
DeepWriting (Wang et al., 2025a) O Post-training Generation -
Writing-RL (Lei et al., 2025) (@) Post-training Generation < 8K
SuperWriter (Wu et al., 2025b) (0] Post-training Generation -
ACE-RL (Chen et al., 2025a) CO0 Post-training Generation ~8K
ProxyReward (Guo et al., 2025) S,0 Post-training Generation ~2K

Table 1: Datasets for LCMs Training categorized by parallel target capabilities. “B”, “W”, “S”, “C”, and “O” refer
to Books, Wikipedia, Scientific-Texts, Code, and Other domain-specific data. The “Length” column indicates the
token length distribution. Due to the interdependence of long-context capabilities, many datasets concurrently
target multiple overlapping skills. To align with the structure of Section 4, each dataset is placed in the block

corresponding to its most prominent capability.

include arXiv? and PubMed*. Code is another
critical category because it contains precise logi-
cal structures and strict long-range dependencies.
Primary sources include programming question-
answer communities like Stack Exchange’, which
provide practical application scenarios, and pub-

Shttps://arxiv.org/
‘https://pubmed.ncbi.nlm.nih.gov/
https://stackexchange.com/

lic software repositories like GitHub®, which offer
diverse programming languages and large-scale
projects (Wu and Song, 2025; Wu et al., 2025a).

Acquiring these general and domain-specific cor-
pora is the first step in the data pipeline; processing
them into training and evaluation formats needs
additional construction methods.

*https://github.com/
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Benchmarks

Source Construction Method  Length

Multi-task Benchmarks

Ruler (Hsieh et al., 2024) O Generation Configurable
U-NIAH (Gao et al., 2025d) O Generation -
SagaScale (Du et al., 2025) B, W Generation ~228K
L-EVAL (An et al., 2024a) B,O Annotation 3K~200K
HELMET (Yen et al., 2025) B,W,0O Annotation < 128K
LongBench Pro (Chen et al., 2026b) B,S,C,O0 Annotation 8K~32K
LV-EVAL (Yuan et al., 2024) B,W,0O Annotation, Generation  16K~256K
LongBench vl&v2 (Bai et al., 2024b, 2025a) B, W, S Annotation, Generation 8K~2M
InftyBench (Zhang et al., 2024b) B,C Annotation, Generation ~200K
LongSafety (Lu et al., 2025) S,0 Annotation, Generation ~5K
Retrieval Benchmarks
Needle Threading (Roberts et al., 2025) B Generation < 630K
LOCA-Bench (Zeng et al., 2026) B,O Generation 16K~256K
Task Haystack (Xu et al., 2024) W, O Annotation 4K~32K
StoryBench (Wan and Ma, 2025) O Annotation -
BABILong (Kuratov et al., 2024) B Annotation, Generation < 10M
NoLiMa (Modarressi et al., 2025a) B Annotation, Generation < 2M
Reasoning Benchmarks
XL2Bench (Ni et al., 2024) B, S, 0O Generation 100K~200K
Longlns (Gavin et al., 2024) O Generation < 16K
HoloBench (Maekawa et al., 2025) W, 0 Generation < 128K
LongReasonArena (Ding et al., 2025) (0] Generation <1M
LongReason (Ling et al., 2025) B,O Generation Configurable
MemoryRewardBench (Tang et al., 2026) (0] Generation 8K~128K
FanOutQA (Zhu et al., 2024) W Annotation -
FinTextQA (Chen et al., 2024a) O Annotation ~19.7K
NovelQA (Wang et al., 2024a) B Annotation ~200K
Counting-Star (Song et al., 2025c¢) O Annotation <IM
CURIE (Cui et al., 2025) S Annotation < 64K
LaRA (Li et al., 2025b) B,S,0 Annotation, Generation 32K~128K
LongCodeBench (Rando et al., 2025) C Annotation, Generation < 1M
SIN-Bench (Ren et al., 2026) S Annotation, Generation  32K~1M
Aggregation Benchmarks
NarrativeQA (Bohnet et al., 2024) B Generation -
Michelangelo (Vodrahalli et al., 2024) W, C Generation <IM
SummHay (Laban et al., 2024) (0] Generation ~93K
MIR-Bench (Yan et al., 2025a) C Generation -
Loong (Wang et al., 2024b) S, 0 Annotation 10K~200K
LCFO (Costa-jussa et al., 2025) W, S, 0 Annotation ~5K
Oolong (Bertsch et al., 2025) W, O Annotation, Generation ~5K
Long-Form Generation Benchmarks
HelloBench (Que et al., 2024) B,W,S,O0 Annotation < 16K
LongProc (Ye et al., 2025b) W, C, O Annotation 0.5K~8K
ExpertLongBench (Ruan et al., 2025) B,O Annotation ~5K
LongLaMP (Kumar et al., 2024) S,0 Generation < 4K
LongInOutBench (Zhang et al., 2025¢) S Generation 4K~8K
AcademicEval (Zhang et al., 2025a) S Generation Configurable
Instance-Level (Hsu et al., 2025) C,0 Generation -
LongWeave (Xiao et al., 2025) C,0 Generation ~64K
LongGenBench (Liu et al., 2024c) O Generation 4K~128K
LongFact (Wei et al., 2024) O Generation -

Table 2: Benchmarks for LCMs Evaluation, grouped by their primary targeted capabilities. “B”, “W”, “S”, “C”,
and “O” refer to Books, Wikipedia, Scientific-Texts, Code, and Other domain-specific data. The “Length” column

details the context window range evaluated.

3.2 Data Construction Strategy

These data sources inherently contain richer
long-range dependencies. They are typi-
cally combined with specific construction
strategies to develop and benchmark LCMs.

While natural long texts provide a solid foundation,
raw data can rarely be used directly to train or eval-
uate LCMs. Instead, these texts typically require
appropriate reorganization or formatting to serve as

model inputs. Moreover, manually annotating in-
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structions or designing evaluation queries for such
lengthy documents is challenging. As a result, au-
tomated construction and synthesis strategies have
become the standard practice for acquiring.

Random Concatenation. This method rapidly
generates long-context data by randomly com-
bining multiple documents (Ouyang et al., 2022;
Le Scao et al., 2023; Touvron et al., 2023). This
approach is operationally simple and scales easily,
enabling the acquisition of massive text sequences
at a low cost. However, because there are no inher-
ent semantic connections between the combined
documents, this method disrupts logical structure
and textual coherence. Consequently, models pri-
marily learn to adapt to longer input lengths rather
than capturing long-range dependencies. Therefore,
this method is mostly suitable for the unsupervised
pre-training, specifically when researchers need to
rapidly extend the model’s context window length.

Semantic Aggregation. This method constructs
long contexts by grouping semantically similar doc-
uments, typically by concatenating a document
with its top-k most similar neighbors in the em-
bedding space (Shi et al., 2024; Yang et al., 2024a).
This approach maintains a degree of local textual
coherence, as adjacent documents share similar
topics. However, this increased coherence often
leads to information redundancy. Semantically sim-
ilar documents often contain overlapping content,
which reduces the effective information density
and limits the diversity of the context. As a re-
sult, semantic aggregation is also primarily used
in unsupervised pre-training, serving as a compro-
mise between preserving local coherence and main-
taining construction efficiency (Gao et al., 2025b;
Comanici et al., 2025; Zeng et al., 2025).

LLM-Based Synthesis. For supervised fine-
tuning and complex evaluation, simple concate-
nation is insufficient. LLM-based synthesis lever-
ages advanced models to construct supervised data,
effectively solving the high cost of manual anno-
tation (An et al., 2024¢; Zhang et al., 2025b; Ping
et al., 2025; Sun et al., 2026b). This approach can
flexibly generate instruction-tuning and preference-
alignment data, often formatted as question-answer
pairs designed for long contexts. The main advan-
tages of synthetic data are its high scalability and
the flexibility to support various downstream tasks.
In scenarios where supervised signals are scarce,
LLM synthesis has become the core methodology

for acquiring post-training data (Hong et al., 2024;
Yang et al., 2024b). However, researchers must
also manage potential risks associated with this
method, such as model biases and deviations from
real-world data distributions.

w )

Data construction strategies bridge the gap
between raw natural texts and the specific
formatting required for LCM. While con-
catenation methods efficiently scale data for
pre-training, LLM-based synthesis has be-
come the standard approach for generating
high-quality supervised data.

4 Long-Context Data Driven Model
Capabilities

Figure 2 introduces a taxonomy of LCM capabili-
ties, categorized into five parallel dimensions: Lan-
guage Modeling (§4.1), Retrieval (§4.2), Reason-
ing (§4.3), Aggregation (§4.4), and Long-Form
Generation (§4.5). We claim these capabilities are
highly interdependent but have distinct focuses.
This taxonomy highlights a central data-centric
principle: different training data strategies provide
different gains for these specific focuses, and bench-
marks are designed to evaluate these different di-
mensions. By mapping specific data engineering
strategies and benchmark designs to each capabil-
ity, this section provides a clear guide for selecting
appropriate datasets to effectively enhance model
abilities and perform robust evaluation.

4.1 Language Modeling Capability

The language modeling capability refers to the core
understanding abilities essential for processing ex-
tended sequences. It emphasizes long-range seman-
tic coherence and information consistency, allow-
ing LCMs to maintain logical integrity throughout
long contexts (MiniMax et al., 2025).

These capabilities are primarily developed dur-
ing pre-training, where data construction and se-
lection strategies play a critical role. Recent ap-
proaches generally utilize three data strategies:

* Splicing and Upsampling. This approach in-
volves concatenating short natural texts into long
sequences and increasing the proportion of high-
quality long-context samples (Yang et al., 2025a;
GLM-5-Team, 2026). While this method suc-
cessfully retains natural linguistic structures, it
often suffers from a low density of long-range
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Figure 2: Taxonomy of primary LCMs capabilities and data-driven dependencies. Developing skills requires
targeted training corpora, whereas selecting appropriate benchmarks is essential for revealing model limits

dependencies. To mitigate this, filtering frame-
works like LongFilter (Deng et al., 2025) evaluate
the information gain between extended and trun-
cated contexts. This retains data with abundant
long-range dependencies without compromising
natural text structures (Zhuang et al., 2025).

* Segmentation and Reassembly. To directly
increase the dependency density, methods like
UtK (Tian et al., 2025) and SPLiCe (Staniszewski
et al., 2025) split long documents and reorder the
segments. This creates challenging training data
that forces the model to attend to distant tokens.
However, this strategy may deviate from natural
language distributions (Gao et al., 2025b).

* Domain Mixing Optimization. Maintaining a
balance across different data sources is important
for robust generalization (Ye et al., 2025a; Fu
et al., 2024). This principle guides the creation
of well-proportioned and highly diverse training
datasets like LongWanJuan (Liu et al., 2024d)
and RegMIX (Liu et al., 2024b).

The evaluation of language modeling is shifting
from simple length testing toward analyzing effec-
tive context utilization and realistic complexity.

* Ultra-Long Context Limits. Benchmarks
like RULER (Hsieh et al., 2024) and Infty-
Bench (Zhang et al., 2024b) evaluate context pro-
cessing exceeding 100K tokens. Building on this,
LongBench-Pro (Chen et al., 2026b) reveals a
critical insight: the actual effective context length
of current models is often significantly shorter
than their claimed capacity.

¢ Realistic Scenario Complexity. To evaluate

LCMs in practical scenarios, SagaScale (Du
et al., 2025) automatically generates complex
queries using novels and external knowledge.
Furthermore, LongBench (Bai et al., 2025a) and
HELMET (Yen et al., 2025) construct datasets
based on diverse, application-driven categories.
» Safety Evaluation. As expanding context win-
dows introduce new risks, LongSafety (Lu et al.,
2025) demonstrates that models become more
vulnerable to attacks as input length increases.

Summary.

* Training. Current practices suggest a
trade-off between coherence (via splic-
ing) and explicitly enforcing long-range
dependencies (via reassembly).

» Evaluation. Recent benchmarks increas-
ingly focus on measuring effective con-
text utilization, practical scenario com-
plexity, and safety risks in long contexts.

4.2 Retrieval Capability

The retrieval capability refers to the ability to ac-
curately locate and extract key information from
long contexts (Roberts et al., 2025). This capabil-
ity is not simply keyword matching. It requires
models to process structured data, filter out noise,
and pinpoint semantically relevant segments across
massive token spans (Goldman et al., 2024).

A persistent challenge in long-context retrieval
is the “lost in the middle” phenomenon, where
models fail to access critical content located in the
middle of sequences (Liu et al., 2024a; Zhang et al.,
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2025c¢). Recent studies focus on mitigating this dur-
ing post-training stage via targeted data construc-
tion (Xu et al., 2025; Fei et al., 2024). Specifically,
researchers adopt two main strategies:

* Position-Aware Data Design. This strategy in-
volves structuring data to force uniform atten-
tion across the entire sequence. For example,
PAM-QA (He et al., 2024) decomposes multi-
document data to direct the model’s attention.
Similarly, FILM-7B (An et al., 2024¢) generates
question-answer pairs with randomly positioned
key evidence. Extending this to multimodal do-
mains, embedding explicit page indices into train-
ing significantly enhances retrieval performance
for long visual documents (Veselka, 2026).

* Explicit Structured Data Design. This ap-
proach trains models on explicitly structured data.
Methods include extracting knowledge graph
triples (Baker et al., 2024) or creating synthetic
key-value datasets (Xiong et al., 2025). Train-
ing on these explicit structures improves retrieval
accuracy and reduces hallucinations.

Retrieval evaluation datasets typically follow
two main paradigms:

* Synthetic Needle-Insertion Datasets. A pri-
mary example is NIAH, which tests single-key
retrieval from irrelevant background text (gkam-
radt, 2023). Building on this, NeedleBench (Li
et al., 2024b) constructs multi-needle tasks,
RULER (Hsieh et al., 2024) explores perfor-
mance under diverse noise conditions, and
Counting-Stars (Song et al., 2025b) measures
how models handle overlapping dependencies.
However, early synthetic needle tests often suffer
from an over-reliance on exact keyword match-
ing (Du et al., 2023; Modarressi et al., 2025b).

* Retrieval within Complex Tasks. Because in-
formation localization frequently overlaps with
other capabilities, retrieval is often evaluated as
a core component of broader tasks rather than an
isolated skill. Datasets for complex tasks, such as
FanoutQA (Zhu et al., 2024) and Loong (Wang
et al., 2024b), naturally test retrieval by requiring
models to locate key evidence within long con-
texts before reasoning (Li et al., 2025b; Ni et al.,
2024; Laban et al., 2024). Additionally, multi-
task benchmarks like Infty-Bench (Zhang et al.,
2024b) and HELMET (Yen et al., 2025) design
specific sub-tasks to measure retrieval accuracy
within broader application scenarios.

Summary.

* Training. Recent works indicates that
position-aware and explicitly structured
data can effectively mitigate attention bi-
ases like the “lost in the middle”.

* Evaluation. Benchmarks are shifting
from simple matching in synthetic con-
texts toward complex semantic retrieval
to prevent shortcut learning.

4.3 Reasoning Capability

The reasoning capability of LCMs involves logi-
cal deduction by synthesizing distant contextual
information with internal knowledge (Wan et al.,
2025a; Yang et al., 2025d). This enables them to
understand complex logical structures like causal
and conditional relationships, and thereby address
tasks requiring deep analysis (Ding et al., 2025).
Models often exhibit weaker reasoning over long
contexts compared to short ones (GLM et al., 2024;
Liu et al., 2024e). To bridge this gap, recent re-
search prioritizes constructing synthetic data that
explicitly models the reasoning process (Zhang
et al., 2024c; Tang et al., 2025). These synthesis
strategies generally fall into three paradigms:

» Explicit Reasoning Paths. Standard QA pairs
often obscure reasoning paths; thus, recent works
emphasize exposing intermediate steps (Sun
et al., 2026b). To achieve this, InftyThink (Yan
et al., 2025b) restructures problems iteratively to
enforce sequential learning. Concurrently, scal-
able self-distillation methods, such as Semantic
Soft Bootstrapping (Mitra and Ulukus, 2025) and
Light-R1 (Wen et al., 2025), allow models to
learn from their own reasoning trajectories.

* Integrating Multi-Hop Evidence. Reasoning
often requires connecting information across
sources. Approaches like LongMIT (Chen et al.,
2025¢c) and MDCure (Liu et al., 2025a) guide
models to logically combine evidence rather than
concatenating it. To keep this process factual,
LongFaith (Yang et al., 2025b) applies citation
supervision to enforce faithful evidence usage.

* Constructing Verifiable Reward Signals. To
address sparse supervision in long-context Re-
inforcement Learning (RL), methods like Lon-
gRLVR (Chen et al., 2026a) and LongR (Ping
et al., 2026) introduce contextual verification and
utility rewards. This provides dense signals that
reinforce specific reasoning steps.
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Reasoning benchmarks for LCMs have evolved
from evaluating basic comprehension to assessing
deep logical inference (Amos et al., 2024). While
early single-document evaluations often suffered
from highly concentrated evidence (Ling et al.,
2025; Bai et al., 2025a), recent benchmarks intro-
duce stricter demanding conditions.

* Complex Evidence Integration. Evaluating the
ability to synthesize disparate information is cru-
cial for long-context reasoning. FanoutQA (Zhu
et al., 2024) utilizes Wikipedia’s structure for
multi-hop questions, and BABILong (Kuratov
et al., 2024) incorporates twenty distinct reason-
ing tasks. Highlighting the necessity of evidence
traceability, SIN-Bench (Ren et al., 2026) intro-
duces a “no evidence, no score” metric for long
scientific literature, revealing that models tend to
guess answers based on memory.

* Noise Robustness and Memory Management.
To assess stability, Michelangelo (Vodrahalli
et al., 2024) challenges models to maintain rea-
soning chains in noisy contexts. For reward mod-
els, MemoryRewardBench (Tang et al., 2026)
evaluates long-term memory and coherent gener-
ation across contexts up to 128K tokens.

* Domain-Specific Reasoning. To assess practi-
cal applicability, recent benchmarks target spe-
cialized domains such as programming (Long-
CodeBench (Rando et al., 2025)), finance
(DocFinQA (Reddy et al., 2024), FinTex-
tQA (Chen et al., 2024a)), and clinical healthcare
(LongHealth (Adams et al., 2025)).

Summary.

* Training. Recent works suggests that rea-
soning significantly benefit from explicit
inferential traces, multi-hop evidence in-
tegration, and verifiable reward signals.

» Evaluation. These trends indicate that
reasoning evaluation demands traceable
evidence synthesis, noise robustness, and
domain-specific application.

4.4 Aggregation Capability

The aggregation capability of LCMs involves cap-
turing dependencies across extensive contexts to
synthesize and summarize distributed informa-
tion (Li et al., 2025¢; Yang et al., 2026). While
reasoning focuses on sequential logical deduction,
aggregation emphasizes information compression
and global pattern recognition (Li et al., 2025b).

To train this capability, data strategies must em-
phasize global dependencies and noise filtering. Re-
cent approaches broadly fall into three categories:

* Modeling Noise and Distractors. Since effec-
tive information compression requires discard-
ing irrelevant noise (Li et al., 2024a), NExt-
Long (Gao et al., 2025c) augments training data
with explicit distractors, forcing models to distin-
guish relevant contexts. Other methods control
the spatial distribution of key information to train
global attention (Tang et al., 2025).

* Structuring Global Dependencies. To
make long-range dependencies more learnable,
LongABC (Wu et al., 2025a) reformats training
objectives to help self-attention quantify distant
relationships. SkipAlign (Wu et al., 2024) lever-
ages explicit positional indexing to map semantic
structures. Furthermore, restructuring standard
QA datasets into summarization templates pro-
vides stronger supervisory signals (KryScinski
et al., 2022; Zhang et al., 2024c).

* Constructing Preference Data for Faithfulness.
To mitigate hallucinations in long-form summa-
rization, frameworks like SCRPO (Hu et al.,
2025a) leverage self-evaluation and refinement
to construct preference datasets. Optimizing on
these self-generated pairs directly aligns model
outputs with the source context.

Evaluation benchmarks for aggregation focus
on summarization and cross-document analysis,
which frequently overlap with retrieval and reason-
ing (Koh et al., 2022; Yan et al., 2025a).

* Progressive and Traceable Synthesis. Evalu-
ating advanced aggregation requires moving be-
yond standard summarization to test hierarchi-
cal information integration. LCFO (Costa-jussa
et al., 2025) specifically benchmarks progres-
sive summarization capabilities. Furthermore,
SummHay (Laban et al., 2024) stress-tests under
extreme conditions, requiring models to generate
coherent summaries from massive, noisy corpora
while providing accurate source citations.

* Statistical and Structural Aggregation. This
involves quantitative and categorical synthesis.
Oolong (Bertsch et al., 2025) introduces a spe-
cialized benchmark for information analysis and
numerical aggregation. HoloBench (Maekawa
et al., 2025) evaluates database-style operations
over unstructured long contexts.

¢ Core Dependency Evaluation. XI.2Bench (Ni
et al., 2024) evaluates long-range dependency
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aggregation strictly independent of other skills.

Summary.

* Training. Developing aggregation ca-
pabilities relies on structuring global de-
pendencies, modeling explicit distractors,
and applying preference optimization.

» Evaluation. Existing evaluations assess
aggregation through traceable synthesis,
complex statistical operations, and iso-
lated dependency testing in noisy.

4.5 Long-Form Generation Capability

The long-form generation capability refers to the
generation of coherent, fluent, and logically struc-
tured extensive content, such as articles and re-
ports (Li et al., 2023; Wan et al., 2025b; Ye et al.,
2025b). While previously discussed capabilities
primarily focus on how LCMs comprehend exten-
sive input contexts, long-form generation empha-
sizes the capacity to produce extended outputs.

Standard models struggle with long-form genera-
tion because next token prediction lacks long-range
planning (Sun et al., 2026a). To overcome this,
data-centric approaches focus on teaching models
structural organization. Recent training strategies
generally follow three directions:

* Creating Planning Data. This direction embeds
explicit planning into training data. For example,
DeFine (Wang et al., 2025¢) and DOME (Wang
et al., 2025d) augment data with fine-grained
plans and narrative structures, while DeepWrit-
ing (Wang et al., 2025a) creates comprehensive
planning data by reverse-engineering reasoning
trajectories.

* Imitating Dynamic Generation Processes. To
simulate human writing workflows, recent meth-
ods train models on multi-step pipelines. Long-
Writer (Bai et al., 2025b) utilizes a sequen-
tial plan-then-generate pipeline, whereas Super-
Writer (Wu et al., 2025b) introduces an iterative
plan-write-refine loop to enable self-correction.

* Constructing Preference and Reward Data.
Aligning models with global structural quality re-
quires specialized feedback data. To generate re-
liable reward signals for extensive outputs, frame-
works like OpenReward (Hu et al., 2025b), Prox-
yReward (Guo et al., 2025), and ACE-RL (Chen
et al., 2025a) synthesize automated signals via
tools, structured prompts, or fine-grained con-
straints. Furthermore, LongDPO (Ping et al.,

2025) and Hierarchical DPO (Wang et al., 2025d)
construct step-by-step preference data to provide
targeted feedback on planning stages.

Since traditional n-gram metrics like ROUGE
fail to capture structural integrity and logical flow,
recent benchmarks increasingly use LLM-as-a-
judge and specialized frameworks to evaluate long-
form generation across three critical dimensions:

* Verifiability and Factual Accuracy. To measure
semantic utility and factual correctness, Prox-
yQA (Tan et al., 2024) evaluates information
coverage through question-answering formats,
while LongFact (Wei et al., 2024) utilizes au-
tomated search tools for verification. Addition-
ally, LongWeave (Xiao et al., 2025) incorporates
constraint verification to balance real-world com-
plexity with objective scoring.

* Structural Coherence and Process Consis-
tency. To evaluate whether models maintain
logical soundness during generation (Hsu et al.,
2025). Benchmarks such as LongLaMP (Ku-
mar et al., 2024), RAPID (Gu et al., 2025), and
LongGenBench (Liu et al., 2024c¢) test whether
the output strictly adheres to its initial writing
plan and preserves structural consistency.

* Practical Application and Stability. For real-
world usage, ExpertLongBench (Ruan et al.,
2025) evaluates domain-specific tasks with ex-
pert rubrics, while AcademicEval (Zhang et al.,
2025a) employs recent academic papers for dy-
namic evaluation. Furthermore, UNCLE (Yang
et al., 2025¢) and LongInOutBench (Zhang et al.,
2025c¢) quantify uncertainty expression and con-
text preservation stability during writing tasks.

Summary.

* Training. To enhance long-form genera-
tion, current strategies focus on construct-
ing hierarchical datasets, simulating hu-
man writing workflows, and synthesizing
step-by-step preference feedback.

¢ Evaluation. Benchmarks use structured
constraints and dynamic rubrics to evalu-
ate factual accuracy, structural coherence,
and practical stability.

. J

5 Discussion and Future Directions

In this work, we present a systematic review of
data strategies for long-context language models
(LCMs), emphasizing the relationship between
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data characteristics and model capabilities. Al-
though current works provide useful guidelines for
dataset design, several challenges remain. This
section highlights these challenges and outlines
specific directions for future research.

Data Quality Assessment. A major challenge
in training LCMs is the limited availability of
high-quality, naturally long documents. While re-
searchers often use LLMs to generate synthetic
long texts, ensuring factual consistency and logi-
cal coherence across long sequences remains diffi-
cult (Deng et al., 2025; Veselka, 2026; Ping et al.,
2026). Currently, the field lacks a standard way to
define clear criteria for high-quality long-context
data. Relying on simple text statistics is usually
insufficient for evaluating complex document struc-
tures (Sun et al., 2026b). Therefore, future work
should develop a unified framework that quantifies
data quality across dimensions like information
density, structural dependency distance, and cross-
document coherence. Establishing such metrics
would help automate data selection, significantly
reduce the costs of processing large-scale datasets,
and improve the reliability of synthetic data.

Data Mixing and Length Distribution. Extend-
ing the input length introduces high computational
costs. To reduce this overhead, researchers often
train models on a mixture of short and long texts.
However, the specific effects of these mixing strate-
gies are not fully understood (Zhang et al., 2024a;
An et al., 2024b). Training on too many short texts
can degrade the model’s ability to handle long se-
quences. To mitigate this, researchers must care-
fully balance the data distribution, yet finding the
optimal mixing ratio currently relies on heavy man-
ual tuning (Salemi et al., 2025; Zhu et al., 2025;
Ye et al., 2025a). A valuable future direction is to
establish scaling laws specific to context length dis-
tributions. For example, researchers should study
whether packing multiple short documents together
provides the same training benefits as using a sin-
gle naturally long document. Additionally, explor-
ing curriculum learning methods that gradually in-
crease data length during training could offer a
more systematic way to balance training efficiency
with long-context capabilities.

Dynamic Evaluation Frameworks. As LCMs
improve quickly, they easily achieve high scores on
existing evaluation benchmarks. Moreover, current
evaluation methods often fail to reflect the complex

tasks users actually expect these models to han-
dle (Song et al., 2025a; Wan and Ma, 2025). Since
constantly creating new benchmarks by hand is too
expensive (Zeng et al., 2026; Chen et al., 2026b),
the community needs to shift toward dynamic eval-
uation frameworks. Future research could explore
the automatic generation of test queries where re-
searchers can dynamically adjust the complexity,
context length, and required reasoning steps. This
flexibility would allow tests to become progres-
sively more challenging as models grow stronger.
By designing these adjustable tests around real-
world user needs, we can ensure that evaluation
always remains challenging and meaningful in re-
vealing the true capabilities of LCMs.
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