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Abstract

Driven by the scaling laws of Large Language Models (LLMs), increasing the volume of training
data has been one of the primary strategies for enhancing the capabilities of LLMs over the past few
years. However, as the accessible yet unused internet data becomes increasingly scarce, improving model
performance by merely increasing data volume is no longer sustainable. In response, researchers have
shifted their focus toward improving the performance of LLMs with limited training data and have
proposed a variety of modern methods. Despite the progress, this research field lacks a clear definition
and a comprehensive review, resulting in unclear research objectives and a fragmented landscape of
methodologies. To bridge this gap, this paper provides a comprehensive survey aimed at offering a
thorough understanding of the methodologies in this field. Specifically, we introduce the concept of “Data
Value Density (DVD) enhancement” for LLM training, which serves as a unified perspective to summarize
the main progresses of this research field. Based on the formal definition of DVD enhancement, we
categorize existing methods into five primary directions. By employing this unified taxonomy, we provide
an extensive review of state-of-the-art DVD enhancement techniques and highlight their strengths and
weaknesses. Additionally, we review the representative datasets used for training and evaluating DVD
enhancement models. Finally, we identify four major challenges faced by the current methods of DVD
enhancement and present promising research directions for future advancements in this field.

Keywords—Large Language Models, Data Value Density Enhancement, Data Bottleneck, Data Selection,
Data Evolution

1 Introduction

The rapid advance of Large Language Models (LLMs) has been largely driven by the vast data used during
their training pipeline, such as pre-training and post-training stages. Such data provides sufficient and diverse
knowledge for LLMs to learn, enabling them to achieve promising performance across a wide range of tasks
such as math, coding, question answering, and so on. In the past few years, inspired by the scaling laws
of LLMs (Kaplan et al 2020; Hoffmann et al 2022) that reveal the relationship between the training data
scale and the LLM performance, expanding the volume of training data has become one of the primary
strategies for enhancing the capabilities of LLMs in the pre-training stage (Brown et al 2020; Touvron et al
2023; Achiam et al 2023; Team et al 2023). Following this success, the same paradigm has also been extended
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Figure 1: (a) Three critical challenges faced by continuously scaling up LLM training data, i.e., data
bottleneck, prohibitive cost, and environment concern. (b) The volumes of accessible internet data and
training data used to train popular LLMs in the past years. The estimates of accessible internet data are
derived from the study conducted by Villalobos et al. (Villalobos et al 2022), whereas the reported training
data scales of popular LLMs are sourced from their respective technical reports.

to the post-training stage, where ever-larger instruction-following or preference datasets are constructed to
further improve the performance of pre-trained LLMs (Hendrycks et al 2021b; Guo et al 2025a; Guha et al
2025; Gu et al 2024b). However, as illustrated in Fig. la, this expansion-oriented paradigm faces several
critical challenges:

e Data Bottleneck. As shown in Fig. 1b, due to the severe imbalance between the growth rate of
accessible internet data (< 10% per year) and that of the data scale used for LLM training (exponential
growth per year), the accessible yet unused data is becoming increasingly scarce (Villalobos et al 2022).
Moreover, constructing new datasets is costly, as it often requires extensive data collection, careful
curation, and substantial human or computational effort to ensure reliability and task relevance. As
a result, relying on expanding training data volume is no longer a sustainable strategy for improving
LLM performance.

e Prohibitive Cost. Increasing the volume of training data often results in a proportional rise in training
cost. For instance, the pre-training of Llama3.1-405B (Grattafiori et al 2024) requires 39.3 million GPU
hours of computation on H100-80GB type hardware. The post-training of DeepSeek-R1-Zero (Guo et al
2025a) requires 101 kilo GPU hours of computation on H800-80GB type hardware. Such cost is usually
out of reach for most research institutions and organizations.

e Environment Concern. Training on massive data requires many GPUs to run continuously for weeks
or even months to process massive tokens. This process consumes massive energy, leading to substantial
carbon emissions that conflict with global sustainability goals.

Given the above limitations, how to further improve the performance of LLMs with limited training data
has become an urgent problem. To address this, many works (Muennighoff et al 2025; Ye et al 2025; Ma et al
2022; Xu et al 2023a; Ma et al 2025; Deb et al 2025; Lin et al 2024b) have been proposed to achieve a better
trade-off between training effectiveness and efficiency from a data-centric perspective, which employ various
strategies such as data selection (Miranda et al 2023; Yang et al 2024; Kung et al 2023), data scheduling (Chen
et al 2023b; Wang et al 2024a; Xia et al 2024a), and data generation (Ye et al 2025; Zhou et al 2024b; Wang
et al 2023b). This emerging line of research shifts the focus from expanding data volume to maximizing the
training effect of limited data, enabling LLMs to achieve better performance with the same or even smaller
training data scale.



1.1 Motivation and Contribution

The research area that aims to maximize the training effect of limited data from a data-centric perspective
has become increasingly important for both academia and industry. There are three major reasons behind
this trend:

e Data. Collecting large amounts of data can be challenging, particularly in specialized domains such as
medicine, psychology, and law. In these data-scarce domains, exploiting the training value of existing
data is more meaningful than simply expanding data scale, which is well aligned with the core objective
of this research area.

e Training. The computational resources consumed by training on large-scale data are extremely
substantial, which are unaffordable for most research institutions and organizations. Therefore, as a
paradigm that can significantly reduce training costs, this area naturally attracts widespread attention.

e Application. To maximize the training effect, the data processed by methods in this area is typically
of high quality and contains little noise. Training on such data can mitigate the hallucinations of LLMs,
making them reliable in scenarios that require high precision, such as medical diagnosis and financial
analysis.

To our best knowledge, there indeed exist some relevant surveys. For instance, Wang et al. (Wang et al
2024b) and Albalak et al. (Albalak et al 2024) focus on two specific strategies of “data augmentation and
synthesis” and “data selection”, respectively. Luo et al. (Luo et al 2025a) and Mo et al. (Mo et al 2025)
respectively review this research area in two specific stages of LLM training, namely the post-training stage
and the mid-training stage. Other surveys (Minace et al 2024; Shengyu et al 2023) mention this area only as
a minor component within their broader taxonomies without providing dedicated reviews. Since existing
surveys have only provided partial or coarse-grained overviews, this research area still lacks a formal definition
and a systematic review, leading to unclear research objectives and a fragmented landscape of methodologies.
To fill this gap, we contribute to this research area as follows:

e We introduce the concept of Data Value Density (DVD) Enhancement, which serves as a unified
perspective to characterize this emerging research area. Its definition is not only general enough to
encompass the existing methods, but also specific enough to clarify what the fundamental goals of this
area are and how to achieve them.

e We systematically interpret and organize existing methods of this research area, covering multiple stages
of LLM training and various strategies. Specifically, we trace the bibliographies of papers presented at
top-tier conferences and journals (e.g., ICLR, ICML, NeurIPS, AAAI, ACL, CVPR, ICCV, JMLR, and
IEEE TPAMI), and categorize existing methods of DVD enhancement in a unified taxonomy. For
each category, we introduce the specific problem definition and the representative methods.

e We introduce the existing representative datasets employed in DVD enhancement for LLM training,
covering various tasks, problem types, and data scales. Moreover, we highlight the data characteristics
of each task to provide prior knowledge for designing effective DVD enhancement strategies in the
corresponding task.

e We identify the current challenges and spark several promising research directions in the area of DVD
enhancement, addressing theory, implementation, and application perspectives.

1.2 Organization

The remainder of this survey is organized as follows. Section 2 introduces the concept of DVD enhancement,
presenting the fundamental definition of DVD and the target of DVD enhancement. Based on the definition,
Section 3 reviews existing methods in the area of DVD enhancement and categorizes them in a unified
taxonomy. Section 4 reviews the representative training and evaluation datasets employed in this research
area, highlighting the data characteristics of different tasks. Section 5 introduces several closely related
research topics, discussing their connections and distinctions with DVD enhancement. Section 6 outlines
current challenges and promising future research directions. Finally, Section 7 concludes the survey and
summarizes the key insights.



2 Basic Notions

In this section, we introduce the fundamental concepts necessary for understanding DVD enhancement.
Firstly, we provide the formal definition of DVD in the context of LLM training, followed by a discussion of its
practical implementations under different DVD enhancement strategies. Then, we formulate the optimization
objective of DVD enhancement for LLMs, based on which our unified taxonomy is derived.

2.1 Data Value Density

Let D be a training dataset and C be a training context composed of multiple factors that provide the
information necessary for evaluating data value, such as the characteristics of trained LLMs, the properties of
target tasks, and so on. The DVD of D under C (i.e., f (D | C)) is defined as:

V(D|C)
u(D) "’

where V (D | C) denotes a data value function that measures how much D contributes to model performance
under C, and u (D) denotes a dataset scale function that quantifies the size of D. The definition in Eq. (2.1)
is general enough to encompass various DVD enhancement strategies, as it abstracts the concept of DVD
without constraining how V(D | C) or u(9P) is measured. In practice, both V(D | C) and u(D) are calculated
differently across methods of DVD enhancement for LLM training. We discuss these variations in detail in
the following sections.

f(®D]C) = (2.1)

2.1.1 Training Context C

The evaluation of DVD is inherently context-dependent. The same data may contribute differently to the
performance improvement of LLMs under distinct model characteristics, training objectives, and task settings.
We denote the collection of such required information by C. In practice, C may include the following factors:

e Trained LLM M. It describes the properties of the employed LLM (e.g., its capability distribution and
training loss), which provide signals for evaluating how the dataset D contributes to model performance
improvement, such as capability enhancement or training loss reduction.

e Target Task 7. It describes the properties of the target task, enabling the assessment of how relevant
the data is to the task and how much task-specific knowledge it contains.

e Information Pool P. It specifies the set of information that D is expected to contain. It is often
included as a contextual factor in data distillation and data synthesis, where the goal is to make D
cover as much information in # as possible.

e Data-Intrinsic Knowledge K. It refers to the properties inherent to the data itself that are
independent of the trained LLM and the target task. These properties capture the stable characteristics
of the data, such as the presence of long reasoning chains and factual correctness, and provide signals
for assessing the training value of the data.

Therefore, the training context C of one DVD enhancement method can be formally expressed as:

CC{M,T,P.K}. (2.2)

2.1.2 Data Value Function V(D | C)

It calculates the contribution of the dataset O to the performance improvement of LLM under the training
context C. Its concrete form depends on the optimization objective and the training context C of the specific
DVD enhancement method. For instance, the data value function for duplicate data removal strategies is
generally defined as:

VD|C=0)= Z v(d) = Z (1— max sim (d,d/)), (2.3)

deD deD d eD\{d}



where d and d  denote two different data points within the dataset D, sim (-,-) € [0, 1] denotes a semantic
similarity function (e.g., cosine similarity in an embedding space), and v (-) calculates the value of one data
point. It is worth noting that the specific value range of v (-) varies depending on the target scenarios and
method categories. Differently, the data value function for data selection strategies under different domains is
generally defined as:

V(D IC={MTY =) v(d|MT)= ) (Score(d,Gap (M, 7)), (2.4)

deD deD

where Gap (M, 7) denotes the gap between the current performance of the trained LLM and the performance
required by the target task, and Score (-, -) measures the contribution of one data point to bridge this gap.
The detailed forms of V (D | C) in different DVD enhancement strategies are introduced in Section 3.

2.1.3 Dataset Scale Function u (D)

It quantifies the amount of data utilized during model training. Its formulation aligns with the granularity of
the data value evaluation. For instance, if V (D | C) is computed at the instance level (i.e., assigning a value
to each data point), p (D) is also measured at the instance level. If V (D | C) is computed at the token level
(i.e., assigning a value to each token within a sentence), u (D) is correspondingly computed at the token level.

2.2 DVD Enhancement for LLM Training

Based on the definition of DVD, the objective of DVD enhancement for LLM training is to construct a new
dataset Dy, whose DVD exceeds that of the original dataset D,,; under the training context C.

Objective of DVD Enhancement for LLM Training

Construct a new training dataset Dy, such that
Af = f(Dnew | C) _f(Dori | C) >0,

where Af denotes the increase in DVD.

For Dy, it can be either a subset or a reconstructed version of D,,;. Notably, in the framework of DVD
enhancement for LLM training, the ordering of data points is treated as an important part of a dataset. In
other words, two datasets containing the same set of data points but arranged in different orders are regarded
as non-equivalent, since the data ordering may influence the DVD of the dataset.

3 Taxonomy

According to the definition of DVD in Eq. (2.1), we can see the ultimate goal for improving DVD is to
increase the value of f (D | C). Therefore, based on how to increase f (D | C), we categorize the existing
methods of DVD enhancement into five distinct categories (see Fig. 2). For each category, we present a
detailed description and review representative methods that instantiate the corresponding design principles.
Fig. 3 presents the overall taxonomy in a tree-structured format, providing a concise yet comprehensive
overview of the five categories and their respective methods.

3.1 V(D |C) Increases with u (D) Remains Unchanged

The methods in this category (Kim and Lee 2024; Li et al 2025d; Liu et al 2025d; Li et al 2025¢; Wang et al
2025g; Liu et al 2024b; Ma et al 2025) aim to achieve better training effectiveness under a fixed training
data budget. Based on their underlying design principles, these methods can be further divided into three
subcategories, namely data scheduling, data mixing, and augmentation via generation. Among them,
data scheduling focuses on exploiting the latent utility of training data points to generate greater training
benefits. Data mixing explores the interactions among different data types and seeks optimal mixture ratios
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Figure 2: The definition of DVD naturally classifies the existing methods of DVD enhancement for LLM
training into five categories.

to improve training effectiveness without increasing data scale. Augmentation via generation enriches the
informational content of data points to provide additional knowledge and supervision signals.

3.1.1 Data Scheduling

This strategy is grounded in a key observation: the value of a data point is tied to the state of the model at
the time the data point is used for training. For example, in the early stages when the capabilities of the
model are still limited, simple data points typically provide high value, as they can be learned quickly and
help the model establish a basic understanding of the target task. In contrast, in the later training stages
when the model has gained sufficient capability, such easy data points offer diminishing returns. Since the
model characteristics evolve throughout the training process, the training value of a data point varies across
different training steps, which is formally presented as:

vidlC={M,}) #v(d|C={My,}).t1 # 12, (3.1)

where M; denotes the model characteristics at the ¢-th training step. From this perspective, the objective of
data scheduling can be described as:

The Objective of Data Scheduling

At each training step ¢, construct D* C D such that
VD' € D and p (D) = pu (D), V(D' |C={M}) 2V (D" |C={M}),

where V(D" [C={Mi}) = X v(d|C={M}).

deD

A substantial portion of existing research (Zhang et al 2018; Liu et al 2018; Hu et al 2024; Lai et al 2024;
Xu et al 2020; Platanios et al 2019; Wang et al 2021; Elgaar and Amiri 2026) draws inspiration from the
curriculum learning paradigm (Bengio et al 2009), which emulates the human learning process by presenting
training data in an easy-to-hard sequence. This paradigm enables LLMs to first acquire fundamental
capabilities from simple data points before being exposed to more challenging ones. Consequently, its success
hinges on how data difficulty is defined and quantified.

One line of research (Nagatsuka et al 2023; Chang et al 2021; Lee et al 2024a; Sun et al 2024a; Qiu et al
2025) quantifies data difficulty based on the intrinsic attributes of the data itself, such as pre-assigned difficulty
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ARISE (Yaswanth et al 2025), Agentlnstruct (Mitra et al 2024)
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Figure 3: A taxonomy of DVD enhancement for LLM training based on the definition of DVD. Here, “1”,
“~” and “|” mean that a value increases, remains unchanged, and decreases, respectively. Additionally, “T1”
and “|]” denote a more significant increase and decrease, respectively.



labels, expert assessments, or observable data characteristics. For pre-assigned labels, several reasoning
datasets (e.g., MATH (Hendrycks et al 2021b), TAL-SCQ5K (Liu et al 2025¢), and DeepMath-103K (He
et al 2025)) provide explicit difficulty annotations during dataset construction, which can be directly used to
organize curriculum sequences. For expert assessments, recent methods typically prompt strong LLMs to
evaluate the difficulty of the data (Gao et al 2025; Luo et al 2025b). In addition, difficulty can be inferred from
task-specific data characteristics (Jung and Jung 2025; Jia et al 2025). For example, in long chain-of-thought
reasoning tasks, the length of the reasoning trace can serve as a proxy for problem complexity, whereas in
multi-step deduction tasks, difficulty may be approximated by the number of required reasoning steps.

Alternatively, some methods (Kim and Lee 2024; Liu and Zhang 2025; Dai et al 2025b; Li et al 2025d;
Zhang et al 2025a) evaluate data difficulty based on the current capability of the model, which is estimated
through real-time feedback signals during training. For instance, Kim and Lee (2024) propose a composite
difficulty metric that incorporates sequence length, training loss, and attention scores. Liu and Zhang (2025)
introduce a dual-metric design, combining ROUGE-L similarity between model outputs and correct answers
with the cross-entropy loss of the model. Dai et al (2025b) further characterize difficulty in terms of quality
and learnability, motivated by gradient consistency. Collectively, these works illustrate a trend towards
multi-dimensional evaluation.

While the above methods focus on presenting tasks in an easy-to-hard sequence based on task difficulty,
Chen et al (2023b) propose an alternative strategy that shifts the focus from modeling task difficulty to
modeling the skills required to solve them. They introduce a “skill graph”, which represents how learning
prerequisite skills reduces the amount of data needed to master more advanced skills. Using this graph, they
employ a dynamic sampling strategy that prioritizes data for skills the model has not yet mastered or that
are needed for future tasks.

3.1.2 Data Mixing

This strategy optimizes the proportion of data from different task types in the training dataset subject to a fixed
data budget. In practice, solving a given task typically requires the coordinated use of multiple capabilities
of LLMs, with each capability contributing to a different extent. As a result, the strong performance of
LLMs on a target task depends not only on the presence of relevant capabilities, but also on whether the
distribution of these capabilities aligns with the capability requirements of that task (Xie et al 2023b; Albalak
et al 2023). Data mixing addresses this challenge by adjusting the composition of training data so as to induce
a capability distribution that better matches the demands of the target task, thereby improving training
effectiveness without increasing the data scale. Accordingly, the central question in data mixing is how to
choose the mixture ratios across domains in a principled manner. Early works typically employ heuristically
determined or manually specified domain ratios when mixing data from different domains (Gao et al 2020;
Raffel et al 2020). However, such hand-crafted ratios are often suboptimal, since they are unable to effectively
capture the impact of data from different domains on the distribution of model capabilities (Albalak et al
2023). Therefore, recent research has shifted toward more principled strategies, which can be broadly grouped
into two classes, namely offline optimization and online optimization.

Offline Optimization. The methods in this category assume that the relationship between data
composition and training effect can be modeled. Under this assumption, offline optimization strategies can
be broadly formulated as solving a constrained optimization problem. Specifically, for the mixing ratios
@ = {a;}i-; of n domains, these strategies aim to solve:

arg min L (a)
a
Z?:] a; =1 s (32)
a;>20,i=1,2,...,n

where Lg(@) denotes the test loss on the target task 7~ of the LLM trained on the dataset with the mixing
ratios @. For modeling Ls(a), Ye et al (2024) leverage an exponential function to explicitly correlate test
losses of LLMs with mixing ratios of different domains:

K K

Lr(@) =Y s Li@) =D s;

J=1 J=1

Cj + kj exp (Z tjia’i)l , (33)

i=1



where s; is the weight of the j-th test domain in the target task 7~ out of K total domains. The L;(-)
represents the predicted test loss according to a training mixing ratio, while c;, k;, and ¢;; are learnable
parameters. By fitting this function, they can predict the task performance of the model trained with different
data mixture ratios, thereby allowing us to select the optimal data composition. More directly, many existing
methods (Liu et al 2025b; Ge et al 2024; Li et al 2025¢) directly train an additional model to capture the
relationship between data composition and training effect. Compared with formal mathematical formulations
as in Eq. (3.3), this strategy typically yields more accurate predictions, but incurs higher computational cost
and has weaker interpretability. To address these issues, Belenki et al (2025) propose a two-layer prediction
structure. Firstly, they train multiple small-parameter models to predict the impact of data from each domain
on the training effect. Secondly, according to the predictions of these models, they estimate the training
effect of mixing data from various domains. This design reduces computational cost and offers improved
interpretability while maintaining high prediction accuracy.

Online Optimization. The methods in this category dynamically adjust data mixture ratios during
the training process of LLMs based on real-time feedback, such as training loss or model performance on
the validation data. This adaptive mechanism (Xia et al 2024a; Albalak et al 2023; Fan et al 2024a) relies
on continuous monitoring of model performance throughout training. As a result, obtaining such real-time
feedback often requires numerous additional training or evaluation on LLMs during the training process,
resulting in considerable computational cost and reduced training efficiency. To mitigate this limitation,
several works (Xie et al 2023b; Fan et al 2024b) employ small proxy models to approximate the training
behavior of target LLMs. By observing the learning performance of the proxy models on data from different
domains, they estimate which domains are likely to benefit the target LLMs the most. To ensure that
small proxy models can accurately reflect the training behavior of the target LLMs, existing methods align
the optimization objectives of the proxies with the ultimate training goals of the target models, such as
maintaining a balanced capability distribution or maximizing generalization. For instance, Xie et al (2023b)
train a proxy model under group distributionally robust optimization (Oren et al 2019) to emulate the
requirement of target models for balanced domain capabilities. Fan et al (2024b) utilize gradient alignment
to evaluate whether training in a specific domain effectively reduces the loss on a validation set.

3.1.3 Augmentation via Generation

This strategy aims to enhance the value of existing data points by modifying their content, such as improving
reasoning processes and adding domain expert knowledge. When incorporated into training, such augmented
data points can provide more training effect, which leads to:

Vd e D,v(A(d)|C)>v(d]|C)
= Zv(A(d)IC)> Zv(dlC)

deD deD
ngz)v (A 10) S Zdeg)" (d]C)
u(D) u(D)
= Af>0, (3.4)

where A (d) denotes the augmented data point obtained by applying the augmentation operation to the
original data point.

One of the most effective ways to elevate the value of training data is to externalize the latent reasoning
processes underlying the answers. Accordingly, converting a standard instruction—response pair (problem,
answer) into a triplet (problem, reasoning process, answer) has emerged as a predominant paradigm in the
field of augmentation via generation. In early studies, the reasoning processes were carefully crafted by
human experts (Rajani et al 2019; Ross et al 2017; Hancock et al 2019). As a result, these processes are
highly aligned with human cognition, and thus providing reliable optimization signals during LLM training.
Unfortunately, producing such carefully curated processes is costly and difficult to scale. To overcome this
limitation, recent works (Hsieh et al 2023; Guo et al 2025a) explore leveraging powerful LLMs to generate
reasoning processes for training data, such as DeepSeek-R1 (Guo et al 2025a), Qwen3-235B-A22B (Yang et al
2025), and Llama-3.1-405B-Instruct (Grattafiori et al 2024). By using this generated data for training, the
target model can learn the knowledge, reasoning strategies, and reflective abilities possessed by these powerful



™ g ™\

("casel: structurally similar instance Structure Filtering
Sentence 1: [ Suffix Arrays ] [ LSH ]
Apple is his favorite fruit. Y ‘ 80% ‘ 33% ’
Sentence 2: Bloom Filters | ... casel cased
9 Apple is his favorite phone brand) L High Efficiency, Low E/‘fecﬁveness/
1 Similarity
(‘case2: semantically similar instance ) /Semantic Filtering h
Sentepce 1:, . [ Bi-encoder ] [Cross—encoder]
He is feeling cheerful right now. | | | ‘ 20% ‘ 90% ’
Sentence2: | | EEEEEHRRSY e casel case2
He is in a good mood at the moment.

\_ ) \High FEffectiveness, Low Efficiency )

Figure 4: Duplicate data removal can be categorized into two strategies, i.e., structure filtering and semantic
filtering. For two texts, the former focuses on the similarity of their structures, while the latter emphasizes
the similarity of their semantics.

LLMs, thereby improving its task performance. Despite its good scalability, generating reasoning processes
with LLMs also introduces new challenges. Due to the unreliable generation capabilities and hallucination of
LLMs, the quality and faithfulness of their generated reasoning processes are difficult to guarantee, which
may introduce noise into the training data.

Beyond enriching training data by generating additional reasoning processes, another way to increase data
value is to reformulate the structural format of training data. Instead of modifying the content of training
data, this strategy alters how the data is presented, such as converting multiple-choice tasks into generative
problem-solving tasks (MAA 2023), and organizing reasoning processes into a more structured and explicit
format (Liu et al 2024b; Xu et al 2023a). Such reformulation reduces ambiguity and makes intermediate
inference processes more explicit, allowing the model to learn more systematic problem-solving strategies.

3.2 V(D |C) Remains Unchanged with u (9) Decreased

The methods in this category (Thangarasa et al 2024; Zhang et al 2024c; Tao et al 2024; Penedo et al 2024;
Abbas et al 2023; Tirumala et al 2023) are grounded in the hypothesis that large-scale datasets typically
contain a large amount of redundant or useless information, and the valuable information they hold is sparse.
By removing the valueless information, we can significantly reduce the dataset size u (D) while preserving
the overall data value V (D | C), thereby yielding a substantial increase in DVD. Existing methods can be
grouped into two classes, i.e., duplicate data removal and data distillation.

3.2.1 Duplicate Data Removal

This strategy focuses on identifying and removing duplicate data points that do not provide additional
information. These duplicates do not contribute new insights or knowledge to the model, resulting in zero
marginal gain on model performance. In this context, the data value function V (D | C) is defined based on
similarity calculation between different data points, as formalized in Eq. (2.3).

In the context of LLM training, data duplication is a prevalent issue, especially in large-scale datasets
such as web-crawled corpora (Foundation 2023; Raffel et al 2020; Zellers et al 2019). High rates of duplication
can lead to several detrimental effects during LLM training, including model overfitting and memorization
tendencies (Lee et al 2022). To mitigate these effects, various deduplication techniques have been developed.
These techniques can be categorized into two types: structure filtering, which focuses on eliminating duplicates
based on structural similarity; and semantic filtering, which identifies and removes semantically redundant
data points. The differences between these two types are shown in Fig. 4.

Structure Filtering. It is one of the most prevalent and stable data deduplication strategies in current
construction pipelines for large-scale datasets such as The Pile (Gao et al 2020), C4 (Raffel et al 2020), and
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RedPajama (Weber et al 2024), which identifies and removes texts that exhibit high structural similarity. In
practice, this strategy is usually implemented through predefined rules, making it applicable to almost all
data in the form of natural language, e.g., suffix array, Locality Sensitive Hashing (LSH), and Bloom filters.

A suffix array (Manber and Myers 1993) is a classical data structure for string indexing that sorts all
suffixes of a sequence in lexicographical order. Under this ordering, suffixes that share the same prefix are
placed next to each other in the array. As a result, duplicated substrings can be detected by comparing
adjacent suffixes and computing their longest common prefix. If the length of the common prefix exceeds a
predefined threshold, the corresponding substring is considered duplicated. To apply this technique to large
text corpora (Lee et al 2022; Penedo et al 2023; Kandpal et al 2022), researchers typically concatenate all
documents into a single sequence and construct a global suffix array over it. In this setting, a suffix refers to
the token sequence starting from any position and extending to the end of the corpus. This design enables
efficient detection of duplicated content across different parts of the dataset. Because it relies on exact string
matching, the method is particularly effective for detecting verbatim repetitions, such as boilerplate text,
advertisements, and duplicated code snippets.

Unlike the suffix array, which employs exact string comparison, the methods based on LSH perform fuzzy
similarity matching. The core idea is to map each document into a low-dimensional hash signature where
similar documents produce similar signatures. Duplicate texts can then be identified by comparing these
hash signatures instead of the original documents. A common practice (Lee et al 2022; Shen et al 2023;
Penedo et al 2023) is to represent each text as a set of n-grams and compute the MinHash signature (Broder
1997), which approximates the Jaccard similarity between texts. Similarly, Gyawali et al (2020) adopt
SimHash (Manku et al 2007) to encode document abstracts into fixed-length binary vectors and measure
similarity by using Hamming distance (Hamming 1950). Despite their effectiveness, LSH-based methods often
exhibit limited efficiency when applied to large-scale corpora, primarily due to the substantial computational
overhead required to calculate numerous hash functions for generating document signatures. To address
this issue, Zeng et al (2021) design a distributed fuzzy deduplication system built on a big-data processing
framework, which significantly accelerates detection through parallelization.

Similar to LSH-based methods, Bloom filters also rely on hashing techniques to project texts into low-
dimensional spaces. However, their purpose is fundamentally different. While LSH estimates the similarity
between two texts, Bloom filters perform membership queries, which determine whether a given text segment
has already appeared in the dataset. By avoiding pairwise similarity comparisons, Bloom filters enable
efficient duplicate detection through direct hash lookups. For instance, Soldaini et al (2024) apply Bloom
filters at multiple text levels (URL, document, and paragraph) during the construction of the Dolma corpus.
To further enhance efficiency, Li et al (2024a) design a unified Bloom filter that simultaneously operates at
both paragraph and document levels.

Semantic Filtering. While structure filtering methods are efficient for removing literal repetitions, they
fall short in capturing semantic duplicates (i.e., texts that differ in linguistic presentation but convey the same
meaning). To address this limitation, semantic filtering methods have been developed. These methods (Chen
et al 2024a; Shi et al 2024; Ozgiir Ugur et al 2026) use pre-trained models to encode each text into a dense
vector that captures semantic meanings and then measure redundancy via embedding similarity. To reduce
the number of similarity computations and improve scalability, Abbas et al (2023) and Tirumala et al
(2023) apply K-means clustering after encoding texts into embeddings, and then calculate text similarities
only within each cluster, avoiding exhaustive pairwise comparisons. Despite their efficiency, the strategy
that independently compresses each text into a fixed-dimensional vector often shows poor effectiveness when
processing complex, long, or noisy texts. Since the expressive capacity of a single fixed-dimensional vector
is limited, it cannot preserve all salient semantic details. As a result, when a text contains rich content or
complex logic, encoding it into a single vector inevitably discards fine-grained information, which weakens
the accuracy of semantic deduplication. To alleviate this limitation, some studies propose hierarchical neural
architectures. Silcock et al (2021) first employ a bi-encoder to efficiently retrieve the top-k nearest neighbors
for each document as candidate duplicates. Subsequently, these candidates are fed into a cross-encoder
alongside the query document. Unlike bi-encoders that compress documents independently, the cross-encoder
processes the concatenated text pair simultaneously, allowing direct token-level interactions between the two
texts. This design enables the model to capture subtle semantic differences during the encoding process.
It is worth mentioning that the above approaches typically employ a static deduplication strategy that
performs filtering as a fixed preprocessing step. This rigidity makes them ill-suited for self-supervised learning
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pipelines where data redundancy emerges dynamically during training. To address this challenge, Choi et al
(2022) introduce a mechanism inspired by human “working memory” that adaptively evaluates the collision
probability of incoming data points against previously trained ones, enabling online pruning of redundant
data as training progresses.

3.2.2 Data Distillation

For the original dataset D,,;, data distillation aims to construct a new and smaller dataset D;., whose
information content is comparable with that of the original dataset.

The Objective of Data Distillation

Construct Dyen based on D,,; such that
M (Dnew) <u (Dori) and V (Dnew | C= {P}) =~V (Dori | C= {P}) ,

where P is commonly instantiated as the information content of D,,;, and V (D | C = {P}) quantifies
the extent to which D covers the information in P.

Data distillation has attracted increasing attention in recent years. However, most existing studies focus on
image data (Wang et al 2025b,d; Sun et al 2024b; Su et al 2024), with comparatively limited work in natural
language processing. The main reason lies in the discrete nature of the text. In typical data distillation
frameworks, synthetic data are treated as learnable parameters and are optimized by backpropagating the
training loss of the model on real data. Such gradient-based optimization is straightforward for continuous
inputs, but cannot be directly applied to discrete tokens, which are the universal representation forms for
textual data. To address this issue, recent approaches (Li and Li 2021; Nguyen et al 2025; Maekawa et al
2023) map discrete text into continuous embedding spaces, enabling the employment of gradient-based dataset
distillation strategies originally developed for image data. Building on this framework, numerous methods
have been proposed to improve effectiveness and efficiency, such as co-optimizing attention distributions for
richer supervisory signals (Maekawa et al 2023), and restricting gradient matching exclusively to the final
layer to alleviate computational overhead (Nguyen et al 2025).

Although gradient-based methods have demonstrated significant efficacy, the continuous embeddings
they generate are not human-readable and are difficult to transfer across different LLMs. To address this
limitation, the research focus has gradually shifted toward generating synthetic data points that are readable
and transferable. Most of the existing methods (Sucholutsky and Schonlau 2021; Sahni and Patel 2023) follow
a two-stage framework. They first obtain continuous embeddings using the gradient-based distillation strategy
mentioned above. These embeddings are then projected back to discrete text by mapping each vector to the
nearest token in the model vocabulary. Moreover, Tao et al (2024) abandon the gradient-based distillation
strategy and instead adopt a clustering distillation strategy. They first encode texts into embedding vectors
using pretrained LLMs. These embeddings are then clustered to identify representative centroids, which
serve as condensed prototypes of the original data distribution. Finally, the centroids are decoded back into
natural language by using a vec2text model. This pipeline enables the generation of readable distilled data
without relying on complex gradient-based optimization.

3.3 V(D |C) Increases while u (D) Decreases

The methods in this category (Team et al 2024; Li et al 2024a; Choi et al 2024; Soldaini et al 2024; Shen
et al 2025; Seo et al 2025; Bendinelli et al 2025) are motivated by the observation that large-scale datasets,
particularly web-crawled corpora, often include a non-trivial fraction of low-quality or harmful data that
can degrade model performance, such as toxic texts, biased information, and malformed documents. In such
special cases, such harmful data points exhibit a negative training utility, meaning their individual data value
v (+) takes a negative value. Identifying these harmful instances allows us to group them into an excluded
subset, denoted as D,y.. Consequently, by removing such data points in D, we can increase V (D | C) while
simultaneously reducing u (D). We refer to these methods as negative-value data removal.
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Table 1: Examples of negative-value data categorized into three types, i.e., structural, semantic, and cognitive

contamination.

Type

Example

Malformed Syntax
Garbled Text

Structural Contamination

Results showing improve in model performance.
$%#Q!! lorem ipsum ### 1234 777

. .. Toxic Language
Semantic Contamination ) ]
Biased Information

People from that race are criminals.

Men are naturally better leaders than women.

Factual Inaccuracy

The capital of France is Berlin.

Cognitive Contamination All birds can fly. Penguins are birds. Therefore,

penguins cannot fly.

Logical Inconsistency

The Objective of Negative-value Data Removal

Identify an excluded subset D,y from D,,; such that
Diew = Dori — Dexc,

where Yd € Dexe, v(d | C) <O0.

According to the above definition, the key challenge of negative-value data removal is to accurately
identify harmful data within the dataset. As summarized in Table 1, such harmful data can be categorized
into three types, i.e., structural, semantic, and cognitive contamination. Structural contamination refers to
surface-level formal defects that violate basic linguistic conventions, such as malformed syntax and garbled
text. Semantic contamination involves content that is syntactically valid but semantically misleading or
harmful, including toxic language and biased information. Cognitive contamination occurs when data contains
factual inaccuracies or logical inconsistencies. Based on this categorization, existing methods can be grouped
into three corresponding paradigms, i.e., structural contamination removal, semantic contamination removal,
and cognitive contamination removal.

Structural Contamination Removal. This category focuses on removing formal defects, which
represent data points that violate fundamental structural conventions of natural language. To achieve this
goal, a primary strategy is to apply heuristic rules that are manually defined or statistically motivated
to detect garbled text, formatting errors, and other structural anomalies. For manually defined heuristic
rules, common practices in existing methods include discarding overly short text segments (Grave et al
2018; Rae et al 2021; Xue et al 2021), excluding documents with JavaScript placeholders (Raffel et al
2020; Weber et al 2024), filtering out lines without punctuation (Penedo et al 2023; Park et al 2025), and
so on. For statistically motivated heuristic rules, Seo et al (2025) propose a filtering method based on
token frequencies. They first estimate the prior probability of each token using a large corpus, and then
calculate the mean and standard deviation of these prior probabilities for all tokens within a given document.
Since well-formed data points naturally maintain a stable distribution of high-frequency and low-frequency
words, the documents that significantly deviate from the normal range in these two metrics are identified as
structural anomalies and should be removed. The effectiveness of the above heuristic filtering has been widely
demonstrated. Many studies (Penedo et al 2023; Shen et al 2023) show that carefully designed heuristic rules
can substantially improve data quality. In many cases, such strategies can significantly reduce the dataset
size while meaningfully enhancing the generalization capability of LLMs.

To standardize and systematize these heuristic rules, recent works (Soldaini et al 2024; Li et al 2024a;
Chen et al 2024a; Penedo et al 2023; Laurencon et al 2022) have shifted toward unified processing frameworks.
For instance, Soldaini et al (2024) propose an open-source data processing toolkit that integrates quality
filtering, toxicity detection, and personally identifiable information redaction into a unified and reproducible
processing pipeline. This design consolidates various heuristic rules into a coherent and extensible framework.
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In parallel, Li et al (2024a) establish a standardized benchmark to quantitatively evaluate the contribution
of different heuristic rules to the training value of the dataset. Together, these efforts transform heuristic
filtering from loosely assembled rule sets into a more systematic and measurable engineering process.

Semantic Contamination Removal. In contrast to structural contamination removal, this category
focuses on identifying and removing the content that is syntactically well-formed yet is semantically harmful
to LLMs, such as label-data mismatches in supervised data, toxic language, and biased statements. To
detect such semantic contamination, most existing approaches (Grattafiori et al 2024; Penedo et al 2024; Li
et al 2024a; Team et al 2024; Korbak et al 2023; Arnett et al 2024; Maini et al 2025) rely on well-trained
models to evaluate the semantic information of individual data points and make filtering decisions accordingly.
One common strategy (Grattafiori et al 2024; Team et al 2024) is to formulate the problem as a binary
classification task, where the semantic information of each data point is directly labeled as “acceptable” or
“harmful”. Then, the data points predicted as “harmful” are discarded. Alternatively, scoring models are
employed to score data points, allowing those with low scores to be filtered out (Korbak et al 2023; Arnett
et al 2024; Maini et al 2025).

Despite their effectiveness, the above approaches typically rely on fixed evaluation mechanisms. In
these methods, both the assessment model and the decision thresholds remain static once defined, making
performance highly dependent on the capacity of the chosen model and the threshold configuration. As a
result, their robustness and transferability can be limited when applied to new domains or tasks. To address
this limitation, Hu et al (2026) propose a dynamic evaluation framework that scores each data point by
calculating the directional alignment between its gradient on the LLM and a reference gradient that preserves
the safety alignment of the LLM. Combined with an adaptive thresholding algorithm, this method enables
adaptive and accurate identification of detrimental data points.

Cognitive Contamination Removal. This category primarily targets cognitive errors, including factual
inaccuracies and logical inconsistencies. Identifying these errors requires powerful reasoning capabilities and
extensive world knowledge. Therefore, the methods in this category (Feng et al 2025; Nie et al 2021; Chen
et al 2019; Bai et al 2026) typically involve human experts or powerful LLMs to detect and remove cognitive
contamination in the training data. Specifically, human expert review provides high-fidelity judgments, but it
is slow and expensive to scale to large-scale datasets. In contrast, using powerful LLMs enables much more
efficient detection, yet the resulting decisions can be less reliable. Due to hallucinations and biases, LLMs
may miss subtle logical errors and may also incorrectly label high-quality data as contamination.

Notably, the capabilities of powerful LLMs extend beyond detecting cognitive contamination. Owing
to their broad linguistic competence, these models can also effectively identify structural and semantic
contamination. As a result, several recent approaches (Zhou et al 2024a; Shen et al 2025; Bendinelli et al 2025)
integrate multi-level contamination removal into a single automated pipeline, achieving unified removal of
structural, semantic, and cognitive contamination. By leveraging the reasoning capabilities of powerful LLMs,
this framework enables adaptive detection of negative-value data without relying on manually engineered
heuristics. LLMs are used to infer potential contamination in the training data, propose appropriate cleaning
strategies, and generate executable procedures to apply these strategies. As a result, this design can achieve
robust contamination removal in diverse domains.

3.4 V(D |C) Decreases with u(9) Decreased More

This category of approaches is based on the premise that data points within the original dataset D,,; exhibit
heterogeneous training utility. While most of these data points contribute positively to model training,
their individual contribution varies significantly. Therefore, the methods in this category prioritize the
data points with higher training value and construct a subset to serve as the final training dataset D,y .
Specifically, given a value threshold 6 > 0, the original dataset D,,; = {d | v (d | C) > 0} is partitioned into
a selected subset Dyey = {d € Dyri | v(d | C) > 6} and an excluded subset Deye = {d € Dyri | v (d | C) < 6}.
Based on this construction, it naturally follows that the DVD of the selected subset is greater than that
of the excluded subset, i.e., f (Duew | C) > f (Dexe | C). We refer to these methods as high-value data
selection. Although this strategy may theoretically lead to a marginal decrease in dataset value (i.e.,
V (Dhew | C) <V (Dyri | C)), the DVD of D,y can increase significantly. The detailed derivations are below:

14 (Dori | C)

S (Dori | C) = 4 (Dori)
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:V (Dnew | C) + V(Dexc | C)
M (Dori)
:f(Z)new | C):u(Dnew) +f(‘Z)€XC | C)M(Dexc)

U (Dpew) + 1 (Dexe)
1 K (Dnew) + 1 (Dexc)
<f (Dnew | c) u (Dnew) +u (.Z)exc)

=f (Dnew 1 C), (3.5)

where the 15 inequality uses the fact that the DVD of the selected subset is strictly greater than that of the
excluded subset ( i.e., f (Duew | C) > f (Dexe | C)). It is worth mentioning that high-value data selection is
conceptually distinct from negative-value data removal discussed in Section 3.3. Specifically, negative-value
data removal aims to eliminate data points that adversely affect training while retaining those with positive
contributions, leading to a considerable improvement in training effectiveness. In contrast, high-value data
selection ranks positive-value data points according to their training utility and retains only those with high
marginal benefits. This strategy reduces data scale and computational cost while maintaining competitive
performance. In practice, high-value data selection can be applied after negative-value data removal to
further increase the DVD of the dataset. For instance, Penedo et al (2024) construct the FineWeb dataset
by removing the negative-value data points in the Common Crawl corpus (Foundation 2023). Based on the
FineWeb dataset, Wang et al (2025f) select a portion of high-value data to construct the Ultra-FineWeb
dataset.

High-value data selection necessarily involves a trade-off between efficiency and data coverage, because it
discards data points that contribute positively to training but have relatively low utility. If the data value is
estimated inaccurately, informative data points may be removed, while less useful ones may be kept, which
can substantially degrade training performance. Therefore, the key challenge of high-value data selection is to
assess data value accurately and consistently. To address this issue, existing methods (Muennighoff et al 2025;
Ye et al 2025; Deb et al 2025; Miranda et al 2023; Muennighoff et al 2023; Dai et al 2025b; Schoch et al 2023;
Lin et al 2024a; Xie et al 2023c; Kung et al 2023; Cao et al 2023; Wei et al 2023; Xia et al 2024b; Yao et al
2022; Fayyaz et al 2022; Chen et al 2023a; Attendu and Corbeil 2023; Busa-Fekete et al 2026; Zhang et al
2026) propose a variety of evaluation strategies to estimate the contribution of each data point from different
perspectives. In summary, they can be categorized into two classes, namely intrinsic value evaluation and
interactive value evaluation.

Intrinsic Value Evaluation. The approaches in this category assess data value based on the intrinsic
properties of data itself, without relying on direct interaction with the target model M or downstream task
7. The underlying assumption is that high-value data points exhibit certain desirable characteristics, such as
higher quality, stronger representativeness, richer information, or broader semantic coverage. By constructing
standalone scoring mechanisms or geometric selection criteria, these methods can identify high-value data
points before model training.

One major direction uses auxiliary evaluators to explicitly assess data quality. A natural choice is to employ
powerful teacher models that can judge complex attributes such as logical coherence, instruction quality, and
task relevance (Chen et al 2024b; Parkar et al 2024). Because repeated calls to large teacher models are
costly, many studies distill such evaluative ability into lightweight scoring models. These approaches typically
use teacher-generated labels based on predefined criteria, such as writing style or educational value, to train
smaller evaluators for efficient large-scale filtering (Wettig et al 2024; Liu et al 2024a). More recent works
further systematize this paradigm by automatically inducing evaluation dimensions and training universal
data managers capable of multi-dimensional quality assessment and domain recognition (Peng et al 2025). In
parallel, several studies show that small proxy models can provide useful approximations to the judgments
made by larger models, enabling efficient value estimation at a lower computational cost (Li et al 2024¢; Yang
et al 2024; Ankner et al 2024).

The second direction explores training-free intrinsic signals. Instead of fine-tuning evaluators, these
methods estimate value directly from the structural or behavioral properties of the data at inference time.
One representative idea is the demonstration effect, which suggests high-value data should serve as strong
in-context exemplars and improve model behavior when used as demonstrations (Li et al 2024e). Other work
analyzes internal model mechanisms such as attention patterns to determine whether a data point provides
meaningful semantic support for solving the target task (Wang et al 2025¢). Compared with evaluator-based
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approaches, these methods avoid additional training and can be appealing when efficiency is critical, although
they often depend strongly on the choice of proxy signal.

The third direction assesses value through collective coverage in feature space. Rather than evaluating
each data point independently, these methods emphasize the geometric diversity and representativeness of the
selected subset. Motivated by theoretical and empirical findings that broader semantic coverage is beneficial
for generalization (Miranda et al 2023), prior works use clustering, greedy sampling, or distance-based subset
construction to retain the data points that best preserve the global structure of the original dataset (Wu et al
2023; Chen et al 2023a). Some methods further refine this idea by introducing tag-based or concept-level
annotations, and then selecting the data points that maximize both coverage and novelty in semantic space (Lu
et al 2024). This line of work is especially useful when the goal is to maintain diversity and avoid redundancy.

Overall, intrinsic value evaluation can be performed prior to training and does not require repeated
interaction with the target model. This makes it computationally efficient, reusable across settings, and
suitable for large-scale preprocessing. However, because the value is inferred from proxy signals or structural
properties, these methods may fail to capture task-specific utility. Their effectiveness therefore depends
heavily on the choice of evaluator, signal, or feature representation. In addition, different intrinsic criteria,
such as quality, difficulty, and diversity, may favor different subsets, making it nontrivial to define a universally
reliable notion of value.

Interactive Value Evaluation. The methods in this category assess data value through interaction
with a specific training context. Rather than treating value as an intrinsic property of the data, they assess it
based on how an example affects the target model, validation objective, or downstream task. The common
assumption is that a valuable data point is the one that provides stronger learning signals under the current
training setting, for example by producing larger performance gains, higher information gain, or better
alignment with the target task.

One important direction evaluates data value from training feedback. These methods use signals generated
during optimization, such as loss, gradients, or prediction uncertainty, to estimate the current utility of each
data point. A representative line of work ranks data points according to gradient magnitude or prediction error,
based on the intuition that the data points inducing larger parameter updates are often more informative for
learning (Fayyaz et al 2022; Attendu and Corbeil 2023). Some methods further extend this idea dynamically
by updating scores throughout training, so that already-mastered data points and persistently unlearnable
noisy data points can be gradually deprioritized. Since these signals are already produced during training,
such methods are often computationally efficient and are naturally adaptive to the evolving state of the
model.

However, raw training signals are often sensitive to superficial factors such as text length, token frequency,
and domain-specific style. To improve robustness, another line of work introduces reference-model-based
relative metrics (Lin et al 2024b; Zhou et al 2025). Instead of relying on the absolute loss of the current
model, these methods compare the target model with a reference model and measure relative discrepancy, for
example, through excess loss. This design helps to distinguish genuinely informative data points from those
that are universally trivial or universally difficult. Related approaches also incorporate information gain or
uncertainty-aware criteria to reduce selection bias and better capture data points that are challenging yet still
learnable (Deb et al 2025; Kung et al 2023; Li et al 2025b; Liu and Zhang 2025). In addition, some methods
argue that valuable data should exhibit strong input-output dependency, and therefore measuring how much
the model relies on the input context during generation (Li et al 2024d; Lv et al 2025). This perspective is
particularly useful in instruction tuning and code generation, where faithful conditional generation is more
important than raw linguistic complexity.

The second interactive direction estimates data value through validation feedback. The central idea is that
a data point is valuable if training on it yields larger improvements on a validation set. Classical approaches
formulate this as a marginal contribution estimation problem. For example, Shapley-value-based methods
measure the average contribution of a data point across different subsets of the training data (Shapley
1953). Although theoretically attractive, exact computation is prohibitively expensive for large models,
so practical methods rely on approximations such as proxy models or clustering-based estimation (Schoch
et al 2023; He et al 2024). Gradient-based alternatives estimate the value by analyzing how a data point
would affect validation performance through its gradient update (Xia et al 2024b), while more recent works
introduce dynamic evaluation mechanisms that periodically probe the model and update value estimates as
training progresses (Yu et al 2024; Gu et al 2024a). Since selecting only the highest-scoring data points can
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reduce diversity and produce overly homogeneous datasets, some methods further incorporate exploration,
complementarity, or diversity-aware metrics into the selection process (Zhang et al 2024a; Bai et al 2025).

The third direction defines data value through task alignment. These methods assume that high-value
data should be well matched to the statistical properties of a target task or domain. A common strategy is
to use small sets of task-specific data as anchors, and then retrieve training data points that are closest to
them in feature space (Yao et al 2022; Ivison et al 2023). Other methods estimate density ratios between
general data and target-task data, and use these ratios as sampling weights to construct subsets that are
better aligned with the target distribution (Xie et al 2023¢). Compared with general-purpose data selection,
such methods are especially effective when strong domain adaptation is required.

Overall, interactive value evaluation measures data value with explicit respect to a model, a task, or a
validation objective, giving it strong target relevance. It can adapt to different training stages and often
produces the data subsets that are closely aligned with downstream performance. However, these methods
also have clear limitations. First, the estimated value is highly context-dependent and may not transfer
across models, tasks, or training stages. Second, frequent interaction with the target model, validation set,
or auxiliary reference models can introduce substantial computational overhead. Third, optimizing only for
immediate feedback may bias selection toward short-term gains and may reduce diversity. These trade-offs
make efficiency, robustness, and diversity preservation the central challenges in this line of work.

3.5 V(D |C) Increases with u (D) Increases Less

This category of approaches (Zhou et al 2024b; Xu et al 2024a; Majumdar et al 2025; Hao et al 2025; Yaswanth
et al 2025; Luo et al 2024) first derives an evolved dataset D, from the original one D,,,; and then integrates
the two to produce the new training dataset D,e. We refer to these methods as data evolution. It is worth
mentioning that D, generally has a higher DVD when compared with D,,;. Therefore, after merging the
two, Dyew also attains a higher DVD than D,,,;. This rationale is formally described as:

_V(Dpew 1 C)
f(Z)new I C) - # (Dnew)
_V (Dori | C) +V (Z)evol | C)

- M1 (Dpew)

_f (Dori | C) 1 (Dori) + f (Devor | C) ft (Devor)

- K (Dori) + 1 (Devor)

K (Dori) + 1 (Devor)

H (Z)ori) +u (Devol)

=f (Dori | C) . (36)

2F Doyt | C) -

In above derivations, the 1% inequality uses the fact that the DVD of the evolved dataset is strictly greater
than that of the original dataset (i.e., f (Devor | C) > f (Dori | C)). According to the above definition, the
core research question in data evolution is how to construct D.,,; based on D,,;. Compared with Dy, ;,
Devor should not only exhibit higher quality but also possess sufficient heterogeneity, so that the merged
dataset Dy, contains more diverse and richer information. Table 2 shows some strategies for constructing
new data based on the original data in data evolution.

A major direction in this line of work focuses on complexity-oriented evolution. The basic idea is to rewrite
simple data points into more difficult ones, so that the evolved data can better challenge the capabilities
of LLMs. Early methods, represented by Evol-Instruct (Xu et al 2024a), rely on predefined heuristic rules
to increase difficulty, such as adding constraints, increasing reasoning steps, or generating related variants.
This paradigm was later extended to domain-specific settings such as coding and mathematics, where the
evolution process is designed according to the characteristics of the target domain. For example, in the coding
domain, Luo et al (2024) adapt evolution rules to programming-specific settings, such as imposing time and
space complexity constraints or introducing debugging-oriented tasks. In the mathematical domain, Luo
et al (2023) enrich the dataset not only by increasing problem complexity through additional reasoning steps,
but also by generating simpler prerequisite questions to strengthen model understanding of fundamental
concepts. Collectively, these methods show that carefully designed transformations can substantially improve
the training utility of the resulting data.
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Table 2: Examples of data evolution. Starting from the original data, an evolved sample can be constructed
through rewriting, augmentation, fusion, or transformation, resulting in data with higher diversity or difficulty.

Original data

Evolved data

Write a Python function to determine
whether a number is prime.

Write a Python function to determine whether a number is prime, analyze
its time complexity, and then provide an optimized version for large
numbers with test cases.

Solve the equation 2x + 3 = 11.

Solve the equation 2x + 3 = 11, explain the rationale behind each trans-
formation step, and summarize the general procedure for solving linear
equations.

Summarize the main idea of this article.

Summarize the article from the perspectives of policy impact, economic
impact, and social impact, and identify possible bias of the author.

Recommend three introductory books
on machine learning.

Recommend three introductory books on machine learning for beginners,
and describe the target readers, prerequisites, strengths, and limitations
of each book.

Translate the following sentence into
English.

Translate the following sentence into English, and provide both a formal
version and a colloquial version.

Write an email to ask for leave. Write a formal leave request email to a supervisor, including the reason,

duration, make-up plan, and a polite tone.

Explain Newton’s first law, provide two real-life examples of inertia, and
clarify a common misunderstanding about the concept.

Instruction 1: Explain Newton’s first
law.

Instruction 2: Give a real-life example
of inertia.

Instruction 1: What is recursion?
Instruction 2: Write Python code for
Fibonacci numbers.

First explain recursion, then implement both recursive and iterative
Fibonacci algorithms in Python, and compare their efficiency.

Rewrite the product description into three versions: an e-commerce listing,
a social media post, and a formal product manual entry.

Write a product description.

Judge whether the following argument is valid, identify possible logical
fallacies, and provide a revised version with stronger reasoning.

Judge whether the following argument
is valid.

This question is a hard variant targeting a model weakness: answer it
and explain why each incorrect option is wrong.

Answer this multiple-choice question.

However, unconstrained complexity expansion often introduces new problems. Repeated rewriting may
cause the evolved instruction to drift away from the original intent, while excessive or poorly verified
constraints can make the generated task unnatural, inconsistent, or even unsolvable. To address these issues,
later work explores constraint-aware evolution strategies that explicitly preserve semantic coherence during
rewriting (Zhao et al 2024b). Instead of allowing free-form expansion, these methods control how complexity
is introduced, so that evolved data points become harder while remaining faithful to the original semantics.
A related direction uses instruction fusion rather than repeated deepening, which proposes to generate more
complex data by combining multiple seed instructions into a single coherent task (Guo et al 2024). Other
works further improve the flexibility of fusing D,,; and D,,; by allowing LLMs to design or refine evolution
strategies themselves, reducing dependence on manually specified heuristics (Zeng et al 2024).

Another important trend is to enhance data evolution through multi-agent collaboration. A common
motivation is that evolution performed by a single model is more prone to hallucination, mode collapse, and
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limited diversity. To improve both validity and diversity, recent approaches decompose evolution into multiple
roles or stages, allowing different agents to handle instruction rewriting, response generation, verification,
or policy updating (Zhou et al 2024b; Mitra et al 2024; Majumdar et al 2025). Compared with single-
model generation, such collaborative frameworks provide stronger quality control and enable a more diverse
exploration of the data space.

Beyond instruction tuning, data evolution has also been extended to broader scenarios. In pre-training
corpus construction, some methods improve diversity by rewriting the same document into multiple variants
with different genres, styles, or target audiences (Hao et al 2025). In another direction, evolution can be
guided by model weaknesses, which suggests difficult data points are first identified, and then expanded into
new data that specifically target the current deficiencies of the model (Lee et al 2024b). These extensions
suggest that data evolution is not only limited to instruction complexity, but can also serve as a general
mechanism for diversity enhancement and targeted capability improvement.

Overall, data evolution is attractive because it actively creates new supervision signals rather than relying
only on existing data. It can improve data quality, increase diversity, and generate training data points that
are better aligned with the target capabilities. However, its effectiveness strongly depends on the reliability of
the evolution process itself. Uncontrolled rewriting may introduce semantic drift, factual errors, or artificial
difficulty, while more advanced solutions such as multi-agent collaboration or iterative verification often come
with higher computational cost and pipeline complexity. These trade-offs make controllability, validity, and
diversity preservation the central design challenges in this line of work.

4 Tasks and Datasets

As a data-centric paradigm, the continuous evolution of DVD enhancement for LLM training has inevitably
led to the rapid development of the datasets employed in this research field. These datasets have become
increasingly diverse and heterogeneous, varying in task type, problem format, and difficulty. Since existing
methods in the field of DVD enhancement for LLM training typically take into account the characteristics
of the target tasks and the data used, a clear understanding of the tasks and datasets helps to identify the
strengths and limitations of current techniques, as well as potential areas for further improvement. As a
result, this section reviews mainstream tasks, introduces their typical data structures and representative
datasets, which were originally constructed for other specific capability evaluations but are now usually
repurposed to study and test DVD enhancement methods. The overview of the datasets discussed in this
section is presented in Table 3.

4.1 Text Understanding Task

Text understanding requires LLMs to comprehend and represent textual content, capturing not only literal
meaning but also deeper aspects such as emotion, intention, and contextual relevance. For LLMs, it serves as
a fundamental capability that underpins other competencies. Enhancing this capability enables accurate
reasoning and robust knowledge utilization, thereby improving the performance of LLMs across a wide range
of downstream tasks such as question answering, summarization, and dialogue. Consequently, extensive
works (Press et al 2021; Chen et al 2023c; Ding et al 2023; Wu et al 2022; Sun et al 2023) have been
proposed to strengthen the text understanding capability of LLMs, leading to the emergence of numerous
datasets (Shaham et al 2022, 2023; An et al 2024; Kocisky et al 2018; Dasigi et al 2021) in this area. Depending
on the availability of data labels, existing text understanding datasets can be categorized into unlabeled
datasets and labeled datasets. Table 4 summarizes the key characteristics of these two types of datasets
across multiple dimensions, which are discussed in detail in the following subsections.

Unlabeled datasets of the text understanding task are primarily employed during the pre-training stage of
LLMs. They are designed to enable LLMs to acquire a general understanding of human language, such as
grammar, semantics, and discourse structure, through self-supervised learning objectives. To achieve this
goal, such datasets (Foundation 2023; Weber et al 2024; Suarez et al 2020; Raffel et al 2020) are typically
constructed at an extremely large scale by collecting massive and diverse textual corpora from web sources
and public databases (Ide and Suderman 2004; Leech 1992; Sebastian Nagel 2016) to ensure broad linguistic
and domain coverage.
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Table 3: Popular datasets employed in DVD enhancement for LLM training. For dataset volume, “K”, “M”,
“B”, and “T” denote kilo, million, billion, and trillion, respectively. The symbol “-” indicates the datasets
that are continuously updated or have undisclosed sizes.

Dataset Volume Description Variant / Series
Text Understanding
The Pile (Gao et al 2020) - English text corpus covering 22 diverse high-
quality subtasks
ANC (Ide and Suderman 2004) 11.0M  The American National Corpus
BNC (Leech 1992) 100.0M  The British National Corpus
News-Crawl (Sebastian Nagel 2016) - Text data of news in multiple languages
BookCorpus (Zhu et al 2015) - A single-domain corpora of books
Common Crawl (Foundation 2023) 410.0B  Petabytes of data regularly collected since 2008 OSCAR (Suarez et al
2020)
C4 (Raffel et al 2020) 156.0B A colossal and cleaned version of Common mC4 (Raffel et al 2020)
Crawl
RedPajama-V1 (Weber et al 2024) 1.2T Multilingual pre-training dataset RedPajama-V2 (We-
ber et al 2024)
DocRed (Yao et al 2019) 106.9K  The relation extraction dataset constructed Re-DocRed (Tan et al
based on Wikipedia and Wikidata 2022)
LongBench (Bai et al 2023) 4.7K 21 datasets across 6 long-context understanding  LongBench v2 (Bai
subtasks in both English and Chinese et al 2024)
GLUE (Wang et al 2018) 1.4M A collection of natural language understanding  SuperGLUE  (Wang
tasks including question answering, sentiment et al 2019)
analysis, and textual entailment
TACRED (Zhang et al 2017) 106.3K  Relation extraction problems covering 41 dif- TACREV (Alt et al
ferent relation types 2020)
Reasoning
MATH (Hendrycks et al 2021b) 12.5K Competition mathematics problems with step-
by-step solutions
CommonsenseQA (Talmor et al 2019) 12.2K Commonsense question answering CommonsenseQA
2.0 (Talmor et al
2021)
OpenThoughts (Guha et al 2025) 114.0K  Reasoning problems covering math, science, OpenThoughts
code, and puzzles 2,3 (Guha et al
2025)
AMC’23 (MAA 2023) 83 Mathematics problems from AMC12 2022 and
AMC12 2023
SWAG (Zellers et al 2018) 113.0K  Grounded commonsense inference
CoT Collection (Kim et al 2023) 1.8M Reasoning problems covering 1,060 tasks
GSMS8K (Cobbe et al 2021) 8.5K Grade school math problems GSM-IC (Shi et al
2023)
AIME’24 (MAA 2024) 30 Problems collected from the 2024 American
Invitational Mathematics Examination
GPQA (Rein et al 2023) 448 Multiple-choice questions written by domain ~ GPQA Diamond (Rein
experts in biology, physics, and chemistry et al 2023)
BIG-Bench (Srivastava et al 2023) 204 Problems from linguistics, math, common-sense ~ BIG-bench-Hard (Suz-
reasoning, biology, physics, and beyond gun et al 2023)
KnowLogic (Zhan et al 2025) 3.0K Commonsense knowledge, plausible scenarios,
and various types of logical reasoning
Vertical Domain
CBLUE (Zhang et al 2022) 195.9K  Biomedical language understanding problems PromptCBLUE (Zhu
in Chinese et al 2023)
LegalBench (Guha et al 2023) 91.7k Legal problems in the United States legal sys-
tem
FinanceBench (Islam et al 2023) 10.2K Financial question answering about publicly
traded companies
Xiezhi (Gu et al 2024Db) 249.6K  Multiple-choice questions across 516 diverse
disciplines ranging from 13 different subjects
LawBench (Fei et al 2024) 10.0K Legal problems divided into three levels: legal

knowledge memorization, legal knowledge un-
derstanding, and legal knowledge applying
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Table 4: Comparison between unlabeled and labeled datasets in the text understanding task.

‘ Unlabeled Datasets Labeled Datasets
Format {“text”: “ 7} {“text”: “ 7, “label”: “”}
Scale B (billion), T (trillion) K (kilo)
Source Website, Database Human & Machine
Quality Low High
Application Pre-training Post-training, Evaluation

However, due to the vast volumes and heterogeneous origins of these corpora, fine-grained DVD enhance-
ment strategies are difficult to implement. Most existing methods for these unlabeled datasets (Wang et al
2025f; Penedo et al 2023; Wenzek et al 2020) improve DVD at a coarse-grained level, such as garbled text
removal and data deduplication. Consequently, these corpora often remain suboptimal, containing a large
amount of noise such as factual errors, grammatical errors, and spam.

Labeled datasets of the text understanding task are mainly used during the post-training and evaluation
stages of LLMs. After LLMs acquire the text understanding capability from vast amounts of unlabeled data
during the pre-training stage, they are designed to enhance or assess specific aspects of this capability, such
as long-content understanding (Shaham et al 2022, 2023; Ma et al 2024), information extraction (Zhang et al
2017; Pontiki et al 2015; Yao et al 2019), and sentiment analysis (Wang et al 2018, 2019; Maas et al 2011).
These datasets are usually small in scale (ranging from 1K to 100K data points) and feature high-quality data
with minimal noise, as each data point is carefully designed and annotated. As a result, these well-constructed
datasets can provide robust support for both post-training and performance evaluation of LLMs.

However, the high quality of these labeled datasets relies heavily on substantial resources invested in
their construction. For instance, data annotation typically requires the involvement of domain experts to
ensure the accuracy and consistency of annotation results. To reduce this burden, recent studies (Liu et al
2025a; Muennighoff et al 2025; Xu et al 2024b) have explored using LLMs for automatic data annotation.
Unfortunately, the inherent limitations of current LLMs, such as hallucination and cognitive bias, make it
difficult to guarantee annotation reliability, potentially reducing the overall quality of datasets.

4.2 Reasoning Task

Among the diverse abilities of LLMs, reasoning stands out as a core yet challenging competency that supports
complex decision making, problem solving, and multi-step inference (Yu et al 2020; Qin et al 2025; Shi et al
2023; Wang et al 2025a; Lin et al 2025). Recent studies have explored a wide range of strategies to enhance
this capability, such as prompt engineering (Kojima et al 2022; Wei et al 2022; Zhou et al 2023b; Wang et al
2023a; Sun et al 2025b; Zhang et al 2025b), automated reasoning processes (Saha et al 2024; Lei et al 2023a;
Chen et al 2024¢; Besta et al 2024; Sun et al 2025¢), supervised fine-tuning (Brown et al 2020; Radford et al
2021; Wei et al 2021), and reinforcement learning (Yu et al 2025; Rafailov et al 2023; Shao et al 2024).

In contrast, DVD enhancement acquires reasoning improvement from a data-centric perspective. It seeks
to substantially boost the reasoning capability of LLMs by constructing training data that are structurally
rich, logically coherent, and complete in intermediate inference steps. As a natural consequence of this
data-focused paradigm, the rapid development of DVD enhancement methods is tightly coupled with the
emergence of new reasoning datasets. Each newly proposed strategy often gives rise to training or evaluation
datasets (Hendrycks et al 2021b; MAA 2024; Balunovié et al 2025; MAA 2023; Rein et al 2023; Dua et al
2019; Ling et al 2017; Cobbe et al 2021; Hendrycks et al 2021a) that reflect its underlying design principles.
In summary, existing reasoning datasets typically share a unified data structure:

{
llproblemll . nn ,
"ground_truth": {
"reasoning": "",
llresult n . nn
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3,

where problem, reasoning, and result denote the question to be solved, the step-by-step reasoning process, and
the right answer, respectively. Under the unified structure, existing reasoning datasets vary in discipline (e.g.,
mathematics, physics, and chemistry), difficulty level (e.g., primary school, high school, and competition),
and task format (e.g., question answering, multiple choice, and text evaluation). In the following part, we
introduce several representative subcategories of the reasoning task, along with the popular datasets in each
subcategory.

4.2.1 Logical Reasoning

Logical reasoning involves drawing valid conclusions from a set of premises or conditions according to formal
logic principles such as deduction, induction, and implication. In the context of LLMs, it assesses whether
the model can understand logical relations, maintain logical consistency, and apply rules to reach correct
conclusions rather than generating answers based on shallow lexical associations or semantic similarity. To
improve and evaluate the logical reasoning ability of LLMs, a large number of datasets have been constructed.
For instance, BIG-bench-Hard (Suzgun et al 2023), S59K (Muennighoff et al 2025), LLaVA-CoT (Xu
et al 2024b), and MMLU-pro (Wang et al 2024d) are constructed through the strategy of “Augmentation
via Generation”, while SIK (Muennighoff et al 2025), GPQA Diamond (Rein et al 2023), and MATH
500 (Hendrycks et al 2021a) are constructed mainly through the strategy of “High-value Data Selection’
(Section 3.4). These datasets typically comprise various types of logical reasoning problems, such as math,
code, Boolean expressions, and logical deduction. Each problem is accompanied by a detailed reasoning
trace, typically ranging from 1K to 10K tokens in length. Due to the high cost of human annotation, these
long reasoning trajectories are usually generated by LLMs, such as DeepSeek-R1 (Guo et al 2025a), OpenAl
ol (Jaech et al 2024), and Qwen3-235B (Yang et al 2025). As a result, they may contain the noise introduced
by model hallucinations, such as factual errors, logical inconsistencies, and redundant or spurious reasoning
steps.

)

4.2.2 Commonsense Reasoning

Commonsense reasoning involves leveraging implicit everyday knowledge and intuitive understanding of the
world to make plausible inferences in situations that are not explicitly described. In the context of LLMs,
it evaluates whether the model can apply background knowledge, causal reasoning, and social norms to
generate coherent and contextually appropriate responses rather than generating answers based on mere
pattern matching or factual recall. For example, SWAG (Zellers et al 2018) focuses on grounded commonsense
inference, requiring LLMs to predict the plausible continuations of everyday scenarios. Building on relational
knowledge, CommonsenseQA (Talmor et al 2019) evaluates whether LLMs can reason the relationships
between different objects. For this task, DVD enhancement typically focuses on improving data diversity and
the logical coherence of reasoning processes. For instance, KnowLogic (Zhan et al 2025) creates logically
consistent and diverse questions through knowledge-driven data synthesis.

4.2.3 Others

Beyond logical and commonsense reasoning, a wide range of other datasets have been developed to evaluate
and enhance the reasoning ability of LLMs from different perspectives. For instance, planning reasoning
datasets (Valmeekam et al 2023; Xie et al 2024; Zheng et al 2024) require LLMs to decompose complex goals
into executable action sequences while satisfying diverse environmental and commonsense constraints. Causal
reasoning datasets (Jin et al 2023; Du et al 2022; Wang 2024) require LLMs to provide explainable causal
rationales to evaluate whether LLMs can identify underlying causal relationships instead of merely relying
on superficial statistical correlations. Moreover, several comprehensive reasoning datasets (Guha et al 2025;
Kim et al 2023; Liu et al 2025a) combine multiple types of reasoning problems, aiming to assess the overall
reasoning ability of LLMs. These efforts collectively broaden the scope of reasoning enhancement for LLMs.
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Zero-shot ICL

I am going to France and will need to use French for everyday disscussion. Please translate the
following English into French, using everyday language and keeping it as simple as possible:
How are you?

One-shot ICL Few-shot ICL

Translation Task:

Nice to meet you — Enchanté de te rencontrer
Good morning — Bonjour

I don't know — Je ne sais pas

How are you? —

Please translate English to French,
using everyday language:

I don't know — Je ne sais pas
How are you? —

Figure 5: Three types of ICL methods, i.e., zero-shot ICL, one-shot ICL, and few-shot ICL. Among them,
zero-shot ICL provides a detailed task description without any specific examples, aiming to give the model a
comprehensive understanding of the task requirements. One-shot ICL offers a task description along with
a single example which helps clarify the task by illustrating how it can be solved. Few-shot ICL typically
presents only multiple examples, allowing the model to understand the specific task requirements by analyzing
these examples.

4.3 Vertical Domain Task

While LLMs have achieved remarkable progress on general tasks, their performance in vertical domains
remains unsatisfactory. To advance research in this area, a variety of domain-specific datasets have been
proposed for fields such as medicine (Zhang et al 2022; Zhu et al 2023; Gu et al 2024b), finance (Islam et al
2023; Guo et al 2025b; Xie et al 2023a; Lu et al 2023; Lei et al 2023b), and law (Dai et al 2025a; Fei et al
2024; Guha et al 2023; Chalkidis et al 2022; Niklaus et al 2023). These datasets are typically employed during
the post-training stage to inject domain-specific expertise into LLMs, thereby improving the performance of
LLMs on downstream tasks of different vertical domains.

Given the scarcity and limited availability of data in vertical domains, DVD enhancement plays a crucial
role in improving the performance of LLMs in vertical domain tasks. Despite its importance, systematic
exploration of DVD enhancement strategies in vertical domains, such as data scheduling and data generation,
is still in early stages. Designing targeted strategies based on the unique knowledge structures and linguistic
characteristics of different vertical domains represents a promising and essential direction for future research.

5 Related Topics

In this section, we explore several research topics related to DVD enhancement and highlight how it interacts
with and diverges from these paradigms. We particularly focus on in-context learning, capacity density,
sample efficiency, and active learning that share similar optimization objectives or challenges with DVD
enhancement for LLM training. This discussion not only clarifies the distinctions among these research
paradigms but also reveals their potential complementarities. Understanding these relationships is crucial
for effectively leveraging the advantages of DVD enhancement in diverse scenarios and promoting synergy
with other strategies. Through these comparative analyses, we aim to position DVD enhancement for LLM
training within the broader landscape of artificial intelligence, providing novel opportunities for methodological
innovation and practical application.

5.1 In-Context Learning

In-Context Learning (ICL) (Brown et al 2020) is a paradigm that improves the task performance of LLMs by
providing additional information in the input context, such as knowledge and experience in solving this kind
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of task. This paradigm is typically applied at inference time of LLMs and requires no additional training.
Formally, given a question ¢, ICL constructs a demonstration set S that is incorporated into the input
context of the LLM, which is:

S:(Ins,(-xlvyl)»“"(xksyk)), kZO, (51)

where Ins, x;, and y; denote the task instruction, an example question, and the correct answer of x;. As
shown in Fig. 5, ICL can be categorized into three types based on the definition of Eq. (5.1), which are:
zero-shot ICL when k = 0, one-shot ICL when k = 1, and few-shot ICL when k > 1.

Conditioned on S, the LLM is required to generate an answer y for g. The objective of ICL is to construct
a compact demonstration set § that maximizes the probability of the LLM generating the correct answer.
Intuitively, since both ICL and DVD enhancement for LLM training aim to improve the task performance
of LLMs using limited data, ICL can be viewed as a form of DVD enhancement at the reasoning stage of
LLMs. Strategies from DVD enhancement for LLM training, such as data synthesis and high-value data
selection, can be adapted to ICL. Conversely, the methodologies developed in ICL, such as inter-relationship
modeling among examples and reconstruction of example representations, can inspire new insights in DVD
enhancement for LLM training.

5.2 Capacity Density

While both Capacity Density (CD) (Xiao et al 2025) and DVD enhancement for LLM training introduce the
notion of “density”, the evaluation object of the former is the model parameters, whereas the latter evaluates
training data. Formally, for an LLM M with Ny parameters, its task performance is Accp(. The CD of M
is defined as:

N (Acc pm)

fep (M) = N

(5.2)

where N (Acc p) denotes the minimum number of parameters required for LLMs to achieve the same task
performance Acc pr. Notably, CD and DVD evaluate the trade-off between the effectiveness and efficiency of
LLM training from the complementary viewpoints of model parameters and training data, respectively. The
combination of techniques from these two research areas can yield synergistic effects, enabling the training of
capable LLMs under limited data and computational resources. For instance, in the process of transferring
knowledge from a teacher LLM to a student LLM, which serves as a strategy to enhance the CD of the student
LLM, Guo et al (2025a) improve the quality of knowledge by incorporating DVD enhancement strategies
such as data selection and data augmentation. As a result, the resulting 7B-parameter LLM outperforms
QwQ-32B-Preview (Team 2024).

5.3 Sample Efficiency

Sample efficiency is a concept that commonly appears in the Reinforcement Learning (RL) setting (D’Oro
et al 2022; Wang et al 2025e). One RL method is considered sample-efficient if it can substantially reduce
the number of interactions between the model and the environment while maintaining comparable training
effectiveness. Formally, a sample-efficient RL method RL. s needs to satisfy:

IRLyase = IRL.;p > @
|ACCRLbase - ACCRLeff| <pB. (53)

a,B>0

In the above equation, for the strategy * € {RLpase, RLess}, I and Acc, denote the number of interactions
between the model and the environment and the task performance of the model after training, respectively.
Moreover, a is typically chosen to be a relatively large value to signify a substantial reduction in interactions,
whereas B is set to a much smaller value to guarantee minimal performance degradation. At a high level,
both DVD enhancement methods and sample-efficient RL methods aim to train strong LLMs with limited
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Figure 6: Four main challenges faced by existing research of DVD enhancement for LLM training, i.e., poor
interpretability, tradeoff between human and machine efforts, high cost of data operation, and scarcity of
research in vertical domains.

training resources. However, to achieve this goal, DVD enhancement for LLM training focuses exclusively on
optimizing the training data, while sample-efficient RL emphasizes the optimization of training strategies.
For instance, as a representative of the DVD enhancement paradigm, Guo et al (2025a) generate long
chain-of-thought reasoning processes for training data to teach LLMs how to perform complex reasoning
questions. Conversely, from the perspective of sample-efficient RL, Yu et al (2025) propose the token-level
policy gradient loss to improve the learning effectiveness of LLMs on long chain-of-thoughts data.

5.4 Active Learning

Active learning (Sener and Savarese 2018) is typically an iterative process. In each iteration, a subset of
data points is selected from an unlabeled data pool based on the characteristics of the trained LLM. Then,
these selected data points are annotated and used to train the LLM. The goal of active learning is to design
an effective strategy to choose the data points that can maximize the task performance of the LLM from a
large pool of unlabeled data. This paradigm is particularly useful in large-scale supervised learning scenarios
where obtaining data labels is costly or difficult. Although active learning is rarely discussed directly in the
context of LLM training, several of its core ideas have influenced the development of DVD enhancement for
LLM training, such as high-value data selection and data scheduling. However, there are key differences
between active learning and DVD enhancement for LLM training. The former is mostly designed for the
supervised learning paradigm, whereas the latter is applicable to a broader range of model training paradigms.
Additionally, active learning requires online data labeling from human at each iteration. Since the scale of the
training data for LLMs tends to be large, online data labeling is costly, making active learning less suitable
for LLM training.

6 Challenges and Future Directions

As the research on DVD enhancement for LLM training continues to deepen, it has encompassed increasingly
diverse tasks, objectives, and strategies. Consequently, the research in this field is likely to encounter various
challenges in future exploration and practice. In this section, we discuss potential avenues for future research
that could significantly influence the development of DVD enhancement. The goals of this discussion are not
only to motivate new methods but also to identify novel research directions that can expand and accelerate
this research area in both academic and industrial scenarios. The overview of the main challenges is shown in
Fig. 6.
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6.1 Poor Interpretability

Although deep learning has driven substantial progress in artificial intelligence, its poor interpretability has
long been a major concern. As a methodological branch in deep learning, DVD enhancement for LLM training
inherits this issue and even exacerbates it. Specifically, this research area faces two major interpretability
challenges. First, LLMs operate as black-box models. Their internal capabilities change throughout training,
while the mechanisms underlying such changes remain unknown. Second, existing DVD enhancement methods
typically rely on empirical heuristics to model the relationship between the training data and the LLM
performance. They lack rigorous theoretical grounding for explaining how data points interact with one
another or how data contributes to the development of a particular ability of LLMs. As a consequence, the
generalization and stability of current approaches are limited. Even small variations in training context
or training configurations may lead to substantial fluctuations in effectiveness. To bridge this gap, future
research on DVD enhancement for LLM training should move beyond the current empirical-driven paradigm
and develop theoretical frameworks that can formally characterize interactions among training data points
and rigorously analyze how data characteristics affect model capabilities. Such theoretical frameworks will
facilitate the understanding of the training mechanisms of LLMs and significantly enhance the interpretability
of DVD enhancement.

6.2 Tradeoff between Human and Machine Efforts

DVD enhancement typically involves complex data operations such as annotation, generation, and evaluation.
These operations are typically carried out through either human effort or machine automation, which exhibit
complementary strengths and weaknesses. Specifically, processing data through human effort tends to be of
high quality, as domain experts can design complex tasks grounded in professional knowledge, and identify
semantic noise, systematic bias, and reasoning errors that machines may fail to detect. Training LLMs
on such data enables stable optimization and reliable capability acquisition. As a result, LLMs typically
exhibit strong generalization and great robustness after training, especially in complex or high-stakes tasks.
Unfortunately, this high-precision process incurs substantial time and labor costs, which limit its feasibility in
scenarios of LLM training that demand large-scale data. Differently, machine automation offers automatic
and time-efficient data processing, making it suited to LLM training scenarios. However, due to inherent
limitations of machines (e.g., insufficient domain knowledge and incomplete training), the quality of data
processed by machines cannot be guaranteed, which may contain factual errors, irrelevant content, and
other types of noise. When used for training, such data may weaken the learning quality of LLMs, thereby
limiting performance gains and increasing the risk of error propagation. Therefore, achieving an appropriate
trade-off between human effort and machine automation in the process of data processing is one of the major
challenges faced by DVD enhancement. Future research needs to build effective and efficient human—machine
collaboration mechanisms. These mechanisms can reasonably allocate the involvement forms and contents
of experts and machines during the process of data processing, enabling the time-efficient construction of
high-quality data.

6.3 High Implementation Cost

In existing methods of DVD enhancement, achieving higher DVD typically requires additional processing
steps, such as generating long chain-of-thought reasoning traces and training auxiliary selectors. As illustrated
in Fig. 7, these steps introduce non-negligible cost, which can be grouped into four primary categories:

e Cost of LLM Generation. This type of cost typically arises from two processing steps: data
generation for quality enhancement and model evaluation for data selection. For the former, prior
studies (Muennighoff et al 2025; Li et al 2025a; Guo et al 2025a; Hsieh et al 2023) employ large
teacher models to generate or refine training data to improve data quality, such as producing long
chain-of-thought reasoning traces and iterative solution refinements, or structured answer formats.
For the latter, many methods (Ye et al 2025; Kung et al 2023; Attendu and Corbeil 2023; Li et al
2024c) require testing the target LLM on additional datasets to estimate data utility. To obtain reliable
estimations, the additional datasets used are usually large in scale, which requires extensive output
sampling from the target LLM. This cost is further amplified in dynamic optimization strategies, where
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Cost of LLM
Generation

e.g., s1 (Muennighoff et al 2025), Sky-T1-32B-Preview (Li et al 2025a), DeepSeek-Distill (Guo et al
2025a), LoRR (Liu et al 2025d), Distilling Step-by-Step (Hsieh et al 2023), Active Instruction Tun-
ing (Kung et al 2023), Dynamic Pruning (Attendu and Corbeil 2023), DEITA (Liu et al 2024a), Su-
perfiltering (Li et al 2024c), QuRating (Wettig et al 2024), Collaborative Data Selection (Bai et al
2025), LLKD (Li et al 2025b), Data Whisperer (Wang et al 2025c), SRD (Liu and Zhang 2025),
Star-Agents (Zhou et al 2024b), AlpaGasus (Chen et al 2024b), Synthesis-Step-by-Step (Wang et al
2023b), Prompting-to-Distill (Ma et al 2022), Selective Reflection-Tuning (Li et al 2024b)

Cost of Additional
Model Training

e.g., Data Mixing Laws (Ye et al 2024), DELT (Dai et al 2025b), TS-DShapley (Schoch et al 2023),
DsDm (Engstrom et al 2024), PROX (Zhou et al 2024a), INSTRUCTMINING (Cao et al 2023),
InstructionGPT-4 (Wei et al 2023), LESS (Xia et al 2024b), TLM (Yao et al 2022), DavIR (Zhou
et al 2025), Perplexity-Based Pruning (Ankner et al 2024), MATES (Yu et al 2024), STAFF (Zhang
et al 2024b), PDS (Gu et al 2024a), Mixture of Data Experts (Belenki et al 2025), DataMan (Peng
et al 2025), SmallTolLarge (Yang et al 2024), SKILL-IT (Chen et al 2023b), Ultra-FineWeb (Wang
et al 2025f), TDD (Sucholutsky and Schonlau 2021), CoachLM (Liu et al 2024b)

l,| Cost of Man- e.g., Nuggests (Li et al 2024e), Rho-1 (Lin et al 2024b), The Pile (Gao et al 2020), ANC (Ide and
ual Labor Suderman 2004), LIMO (Ye et al 2025), LIMA (Zhou et al 2023a), BNC (Leech 1992), BigScience
ROOTS Corpus (Laurengon et al 2022), MULTI-NEWS (Choi et al 2024)
L,| Cost of Data e.g., Beyond Scale (Wang et al 2025¢), CCNet (Wenzek et al 2020), Data-Constrained Scaling
Preprocessing Law (Muennighoff et al 2023), RefinedWeb (Penedo et al 2023), SlimPajama-DC (Shen et al 2023),
DEALRec (Lin et al 2024a), NEARDUP (Lee et al 2022), SemDeDup (Abbas et al 2023), D4 (Tiru-
mala et al 2023), MoDS (Du et al 2023), DataComp-LM (Li et al 2024a), LIFT (Xu et al 2023b)

Data Cost
(86.3)

Figure 7: An overview of the main forms of implementation cost introduced by existing methods of DVD
enhancement.

repeated evaluations are conducted throughout the training process to track the evolving characteristics
of the target LLM.

e Cost of Additional Model Training. A mainstream strategy in DVD enhancement is to estimate
data value by training the target LLM on each data point and measure the resulting change in training
loss or LLM performance (Engstrom et al 2024; Zhou et al 2025; Yu et al 2024; Gu et al 2024a). Under
this paradigm, the number of additional training runs required to evaluate the dataset D typically
scales linearly with u(D).

e Cost of Manual Labor. Since the abilities of current LLMs are limited (e.g., insufficient reasoning
ability and lack of domain knowledge), they are unable to reliably support many DVD enhancement
strategies, such as verifying domain-specific knowledge and generating answers for vertical-domain tasks.
Consequently, substantial expert involvement is required to execute these strategies (Lin et al 2024b;
Zhou et al 2023a; Muennighoff et al 2025; Ma et al 2025), resulting in significant human labor costs.

e Cost of Data Preprocessing. It typically arises from several essential steps in preparing the pre-
training corpora for LLMs, including deduplication, filtering, and privacy removal. As these corpora
often span billions or even trillions of tokens, the computational resources required for these processes
are enormous. For instance, deduplication and filtering demand substantial storage and processing
power. Privacy removal introduces additional complexity, as sensitive information needs to be safely
eliminated without compromising data integrity.

Therefore, to obtain a more complete understanding of DVD enhancement, it is necessary to not only focus
on the improvement of DVD but also explicitly account for the costs incurred by achieving that improvement.
Developing strategies that construct datasets with high DVD at low cost can significantly broaden the
applicability of DVD enhancement and enhance its practical value.

6.4 Scarcity of Research in Vertical Domains

Vertical domains, such as healthcare, law, and finance, commonly show unique characteristics, including
data scarcity, distinctive linguistic characteristics, and high demands for safety and accuracy. These features
increase the difficulty of acquiring a large amount of data. Therefore, DVD enhancement holds particularly
high practical value in vertical domains, as it can improve the performance of LLMs under limited training
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data. However, the exploration of DVD enhancement in vertical domains is still scarce. Most of the existing
methods are designed for general corpora. Since they typically ignore the special data characteristics of
vertical domains, their performance is often poor when applied to vertical domains. For example, data cleaning
strategies often remove texts with similar semantics under the assumption that such texts contain redundant
information. However, in legal domains, two terms exhibiting high semantic similarity may represent entirely
different legal meanings. If they are treated as redundant content and are then removed, it may lead to
the loss of critical information. Therefore, future research on DVD enhancement for LLM training should
place greater emphasis on developing methods for vertical domains. Such methods should carefully consider
special data characteristics of vertical domains, thereby advancing the development and application of DVD
enhancement for LLM training in various vertical domains.

7 Conclusion

This survey introduces the concept of DVD enhancement for LLM training to characterize the emerging
research field of maximizing the training effect of limited data from a data-centric perspective. Based on
this concept, we establish a unified framework for this field through a novel taxonomy, marking a critical
step toward systematizing its fragmented methodologies. By comprehensively interpreting and organizing
state-of-the-art methods, we highlight their design principles and emphasize their potential applications
in various scenarios, such as medicine, law, and electronic design automation. In the future, to break
through current limitations, research in this field needs to establish a comprehensive theoretical foundation,
explore data processing strategies that balance quality and cost, and recognize the distinct properties of
vertical-domain data. These advancements will not only improve the effectiveness and efficiency of LLM
training, but also significantly broaden the applicability of DVD enhancement for LLM training in both
academic and industrial scenarios, particularly in domains where data is scarce. This survey clarifies the
development roadmap and core technologies in this field, serving as a catalyst to unlock the full potential of
DVD enhancement for LLM training in the era of data-driven artificial intelligence.
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