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Abstract Large language models (LLMs) have demonstrated remarkable generalization capabilities across di-
verse domains, largely attributed to the availability of massive amounts of high-quality training data. Recently,
the development paradigm of LLMs has been shifting from a model-centric to a data-centric perspective. In this
paper, we provide a comprehensive survey of data preparation algorithms and workflows for LLMs, categorized
into three stages: pre-training, continual pre-training, and post-training. We further summarize widely used
datasets along with their associated data preparation method, offering a practical reference for researchers who
may lack extensive experience in the field of data preparation. Finally, we outline potential directions for future
work, highlighting open challenges and opportunities in advancing data preparation for LLMs.

Keywords data-centric artificial intelligence (AI), data management, large language model (LLM)

1 Introduction of data preparation has increasingly proven to be a

critical driver for advancing both the performance

Large language models (LLMs) have emerged as a and generalization ability of LLMs.

central focus in artificial intelligence (AI), achieving
remarkable success across a wide range of applica-
tions. While architectural innovations and training

strategies have received substantial attention, the role

As shown in Fig.1, data preparation is the founda-
tion of LLMs. It turns raw text and multimodal data
into training-ready signals through four steps: collec-

tion, filtering, generation, and evaluation. High-quali-
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Fig.1. Overview of data for LLMs. AIGC: artificial intelligence generated content, RLHF: reinforcement learning from human feed-
back, DPO: direct preference optimization, RAG: retrieval-augmented generation, NPU: neural processing unit, TPU: tensor process-

ing unit, GPU: graphics processing unit.

ty, well-targeted data strengthens learning, improves
safety, and saves compute; poor data does the oppo-
site. The prepared datasets then drive pre-training,
alignment (reinforcement learning from human feed-
back (RLHF), direct preference optimization (DPO)),
and application tuning (retrieval-augmented genera-
tion (RAG), personalization), with benchmarks clos-
ing the loop. In short, stronger data pipelines lead to
stronger, more reliable LLMs across domains. Several
recent surveys have attempted to summarize data
preparation approaches!6l. These researches have
and comprehensive

valuable insights

overviews of existing methods, establishing a strong

provided

foundation for subsequent research. Nevertheless, they
face several limitations that highlight the need for an
updated and more focused treatment of the topic.

1) Insufficient Focus on Data Preparation. Exist-
ing surveys are not exclusively devoted to the system-
atic study of data preparationl!tl; instead, they dis-
cuss it only as a secondary component within broad-
er topics.

2) Limited Timeliness and Coverage of Recent
Advances. Data preparation operators and workflows
are evolving rapidly. For instance, Bai et al.l!l primar-

ily concentrated on multimodal aspects, Zha et al.?
offered a broad overview of data-centric Al but with-
out a dedicated focus on data preparation and their
work is now relatively dated, while Zhou et al.B] did
not adequately capture the latest trends in data work-
flows.

3) Absence of Systematic Data Workflow Summa-
rization. Prior surveysl! 0l rarely offer a structured ab-
straction of data preparation workflows. As a result,
the relationships operators,
pipeline stages, and training paradigms remain frag-

between individual
mented and difficult to compare or reuse in practice.
In this work, we aim to bridge these gaps by pre-
senting a comprehensive and up-to-date survey of text
data preparation for LLMs. We systematically orga-
nize existing methods from three complementary
training perspectives: pre-training, continual
training, and post-training. For each stage, we sum-
marize recent advances in awesome datasets and their

corresponding data preparation techniques, operator

pre-

patterns, and abstract reusable data workflows, pro-
viding a unified view that connects data preparation
practices with model training objectives.

Our contributions are threefold.
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1) We present a comprehensive and up-to-date
summary of the latest data preparation algorithms
designed for LLMs.

2) We propose a new taxonomy that begins from
novel data operators and extends to commonly used
workflows, systematically illustrating how operators
can be composed and tailored for LLM training.

3) We compile and categorize widely used datasets
along with their preparation workflows, providing a
practical reference to help both newcomers and prac-
titioners rapidly navigate and implement data prepa-
ration strategies.

As shown in Fig.2, this paper is organized as fol-
lows. Section 2 reviews data preparation for pre-train-
ing (PT), and Section 3 extends this to continual pre-
training (CPT). Section 4 details post-training data
preparation. Section 5 surveys commonly used data-
sets together with their end-to-end preparation work-
flows. Finally, Section 6 outlines open challenges and
future research directions for data preparation in
LLMs.

2 Pre-Training Data Preparation
2.1 Data Collection

Pre-training data collection for LLMs has evolved
through three main phases: scale-oriented crawling,
reproducibility-oriented mixtures, and capability-ori-
ented enrichment. This reflects a shift from collecting
everything to curating responsibly, with increasing at-

Data Collection:
Pre-Training
Data Filtering
Data Collection

Data Filtering

Data Evaluation SFT

tention to reproducibility, legal compliance, and do-
main specialization.

Scale-Oriented Crawling. Early scale-oriented cra-
wling pipelines prioritize the size and diversity, often
harvesting trillions of tokens from Common Crawl
snapshots®. A representative example is CCNetl7,
which introduces language identification, boilerplate
removal, and perplexity-based cleaning for multilin-
gual corpora. Subsequent corpora extend this
paradigm: WebText8 leverages Reddit upvotes as a
proxy for link quality; C41% applies large-scale filter-
ing and deduplication; ClueWeb22[10 adds browser
rendering, visual DOM features, and semantic annota-
tions to better extract page content. More recent mul-
tilingual resources further improve coverage for low-
languages, such as CulturaX[l and
GlotCCl2], Despite the corpora’s unprecedented scale,
this stage suffers from noisy quality, uneven domain
coverage, and limited reproducibility.

Reproducibility-Oriented Mixtures. RedPajama-
Data V2013l aggregates more than 80 Common Crawl
snapshots and provides a deduplicated pool with more
than 40 document-level quality signals. Dolmal'4 pro-
vides a 3-trillion (3T)-token open corpus plus a modu-
lar curation toolkit. FineWeb and FineWeb-Edull?l re-
port strong gains on knowledge- and reasoning-inten-
sive benchmarks with lightweight, scalable filters.
Common Corpusl!fl prioritizes permissively licensed/-

resource

public-domain sources at trillion-token scale to miti-
gate legal risk. DataComp-LMI[7l standardizes a 240T-
token corpus, pre-training recipes, and a broad evalu-
ation suite to enable controlled, data-centric compar-
Data Collection
Data Filtering
Continual Pre-Training

Data Evaluation

Data Generation

Data Generation

Data Preparation for LLMs]

Genreral Web PT
Pre-TraininggMultilingual PT

Specific-Domains PT
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Post Training Multillingual CPT
Data Filter RL Continual Pre—Training<
Datasets Specific-Domains CPT
Data Collection
General
Data Filtering
RLHF . Mathematics
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Fig.2. Overview of data preparation for LLMs. SFT: supervised fine-tuning, RL: reinforcement learning, PT: pre-training, CPT:

continual pre-training.

Ohttps://commoncrawl.org/, Jan. 2026.
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isons. Collectively, this stage shifted the community
from data at scale to open and composable mixtures,
with reproducibility and transparency as guiding prin-
ciples.

Capability-Oriented Enrichment. This extends cor-
pora for targeted domains and specialized skills. For
programming, the Stack v2 and StarCoder2® expand
coverage to more than 600 languages and show strong
code/reasoning results. For mathematics, OpenWeb-
Math[!8] preserves LaTeX at scale, OpenMathInstruct-
21191 contributes large problem-solution pairs, and
MegaMath/20) scales to 371 billion (B) mathematics
(math) tokens via web/code/synthetic integration
with extensive ablations. In biomedical domains, cor-
pora emphasize curated literature and clinical text:
PMC-LLaMAR! continually pre-trains on PubMed
Central; Me-LLaMA 2] releases a 129B-token biomed-
ical corpus plus instruction data; Biomed-Enriched[23]
applies LLM-based selection over PubMed. Overall,
targeted enrichment improves efficiency and special-
ization while introducing risks around overfitting, li-
censing, and benchmark contamination.

Data Parsing for More Information. OCR. books
provide coherent long-form discourse and rich docu-
ment structure (chapters, figures, tables, equations),
making them valuable for pre-training. Tools such as
MinerU enable high-precision PDF-to-Markdown and
JSON conversion with integrated layout parsing and
OCR, retaining math and code blocks and reading or-
der to boost long-context and domain skills while con-
trolling contamination risk[24].

2.2 Data Filtering

A fundamental step in data preparation is to fil-
ter inappropriate, redundant, or low-quality content
before it enters the pre-training corpus. Large-scale
crawled data may contain sensitive information, offen-
sive expressions, social biases, duplicated documents,
evaluation set leakage, or undesirable content such as
emojis and non-textual artifacts. Filtering methods
have thus been extensively developed along four pri-
mary dimensions: 1) sensitive and harmful content, 2)
bias and fairness, 3) redundancy and contamination,
and 4) language, format, and quality control.

Sensitive and Harmful Content. This category en-
compasses personally identifiable information (PII)
and toxic or offensive languages. PII refers to any da-

J. Comput. Sci. & Technol., Jan. 2026, Vol.41, No.1

ta linked to a specific individual, such as names, ad-
dresses, emails, or phone numbers?3. Heuristic ap-
proaches based on regular expressions and dictionary
matching are widely adopted26: 271 while named enti-
ty recognition (NER) models such as Presidio®, or
BERT-based NER systems trained on annotated re-
sources like WikiPII28], further improve detection ac-
curacy. Toxic content, often defined as rude or disre-
spectful expressions that may discourage participa-
tion[29 30 is filtered using sensitive word lists[26: 27, 31],
n-gram classifiers® 32, webpage-level URL blockli-
stsl® 1L 33 or model-based classifiers such as
FastTextB! 34 and BERT-based toxicity detectors(27.

Bias and Fairness. Filtering targets social biases
present in training corporaB®37. Counterfactual data
augmentation (CDA)BS41 mitigates bias by swap-
ping attribute words (e.g., “he”/“she”), while vari-
ants such as counterfactual data substitution
(CDS)12)] blindness replacement3l, and selective aug-
mentation[* further refine CDA’s effect. Beyond aug-
mentation, scoring documents with pre-trained lan-
guage models conditioned on trigger phrases!4’ en-
ables the exclusion of biased samples.

Redundancy and Contamination. Filtering en-
sures pre-training efficiency, data diversity, privacy or
security, and fairness in evaluation. Contamination
filtering prevents training-test overlap, which could
bias evaluation results. Exact string and substring
matching are widely used[46: 471, while n-gram overlap
criteria are adopted by large models: GPT-3 applies
13-gram matching(%8l, PaLM enforces 70% overlap in
8-grams9, and LLaMA2 flags contamination when
any >10-token n-gram overlaps between training and
evaluation datall. These strategies ensure that evalu-
ation is not compromised by memorized training con-
tent. Deduplication identifies and removes redundant
data to improve pre-training quality, efficiency, gener-
alization, and privacy/securityl®® 51l. Three paradigms
prevail. Exact-based methods detect identical spans
via whole-document hashing (e.g., MD5/SHA; used in
CCNet[™, LLaMAB2 53] The Stackl®¥; with Bloom fil-
ters for scale in Dolmal'¥l and RedPajama-V26) and
exact substring matching (the C4 rule of three consec-
utive sentencesl6l; EXACTSUBSTRP with suffix ar-
raysPl removing more than 50 token duplicates,
adopted by RefinedWebl33] and clinical corporal®”).
Fuzzy-based methods remove near-duplicates using
similarity-MinHash8: 9 (GPT-3148], The Pilel®), Go-

@https://huggingface.co/datasets/bigcode/the-stack-v2, Jan. 2026.

Ohttps://www.presidio.com/, Jan. 2026.
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pherl6l, RefinedWebl33], SlimPajamal2, RedPajama-
V2065)), SimHashl63 (RedPajama-1T®), plus OSCAR-
23.019 (TLSH), TigerBot[64 (TF-IDF), and PaLM49)
(Levenshtein for code). Recent advances include Soft-
Dedupl®  (redundancy reweighting), LSHBloom!%
(faster web-scale MinHashL.SH), limits exposed by the
mosaic memory study®”, and practical pipelines like
FineWebl!5. Model-based methods embed texts and
cluster to flag semantic duplicates-SemDeDupl®8) (k-
means + cosine), extended by D469 (second-stage
pruning near centroids) with implementations in
MiniPilel™ and DataJuicerl”™; others fine-tune en-
coders include the Noise-Robust method™ with
SBERTI™! retrieval + cross-encoder re-ranking, and
generative approaches like GenDedupl™ that flag du-
plicates via confident keyword prediction as a memo-
rization signal.

Language, Format, and Quality Filters. These fil-
ters ensure that the pre-training corpus consists of
clean, usable, and consistent data. Large-scale crawled
datasets often contain non-textual elements such as
emojis, HTML boilerplate, embedded scripts, unde-
sired code snippets, malformed characters, truncated
documents, and content in unsupported languages. To
address these issues, preprocessing pipelines combine
heuristic rules, language classifiers, and format heuris-
tics. Language identification tools, including fastText
LID®, langid.py® implementations, are widely used
to retain only documents in the target language, of-
ten applying confidence thresholds to balance cover-
age and precision” 26l. Format cleaning typically in-
volves stripping HTML tags, scripts, and other boiler-
plate content, normalizing whitespace and punctua-
tion, and removing lines with excessive symbols or
non-natural text. This is accomplished using robust
extraction tools such as Trafilatural”™ and Boilerpi-
pel™l as well as dataset-specific pipelines[”> 33l. Quality
control further filters documents based on simple
structural features, such as length, alphabetic-con-
tent ratio, and symbol density, and on model-based
signals, including perplexity thresholds or classifier
scores. These measures eliminate extremely short,
malformed, or otherwise noisy texts that could hin-
der model training. Such comprehensive preprocess-
ing practices are standard across modern large-scale
pre-training pipelines, including T5[), CCNetl7, Re-
finedWebl33l, The Pilelfd, RedPajamall3l, SlimPaja-

mal62l, FineWebl!3 series, and Dolmall4l,

3 Continual Pre-Training Data Preparation

Continual pre-training (CPT) is typically inter-
posed between base pre-training and fine-tuning to in-
corporate new knowledge (domains, languages, and
up-to-date facts) without retraining from scratch. In
practice, this means further training a pre-trained
LLM on new, unlabeled corpora drawn from specific
sources such as recent publications, domain-specific
documents, or low-resource languages. This process
enriches the model with fresh content while preserv-
ing general language understanding. In the subse-
quent subsections of this section, we review CPT-spe-
cific data preparation strategies under the categories
of collection, filtering, evaluation, and generation.

3.1 Data Collection

Domain-Specific Corpora. Data collection empha-
sizes freshness and complementarity, targeting areas
where the base model remains undertrained. One ma-
jor direction is the collecting of domain-specific corpo-
ra, where large unlabeled collections such as medical
research papers, legal documents, or financial news
are gathered to bridge domain gaps. In finance, Fin-
Pythia-6.9B[77 leverages targeted selection from finan-
cial news, reports, and filings, while the Japanese fi-
nancial CPT corpusl™ is built from official policy
statements and institutional publications.

Language Coverage. Another major line of work
emphasizes language coverage, aiming to extend
LLMs to under-represented or low-resource languages.
Zilio et al. built a 120B-token Portuguese corpus from
web crawls and showed that continued pre-training
from an English-centric base model significantly
boosts performance in Portuguese[™. Similarly, multi-
lingual CPT projects such as Glot50080, EMMA-
500081, Sailor(82l, and AURORA-M®3 extend coverage
to low-resource and under-represented languages
through large-scale curation, filtering, and balancing
of multilingual corpora, while complementary efforts
in efficient CPT for low-resource languages(®4 empha-
size vocabulary adaptation and selective corpus ex-
pansion to achieve strong gains with limited data.

©https://github.com/togethercomputer/RedPajama-Data/, Jan. 2026.
©https://huggingface.co/datasets/oscar-corpus/ OSCAR-2301, Jan. 2026.
Ohttps:/ /fasttext.cc/docs/en/language-identification.html, Jan. 2026.

@https://pypi.org/project/langdetect/, Jan. 2026.
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Temporal Freshness. A third emphasis is on tem-
poral freshness, which ensures that models acquire
new knowledge aligned with evolving facts and con-
texts. For example, TemporalWikil®® is applied on the
incremental differences between consecutive Wikipe-
dia dumps, showing that training on the incremental
corpus achieves comparable perplexity improvements
with far less data. Similarly, Nemotron-CCB8 lever-
ages the most recent Common Crawl snapshots and
applies aggressive filtering to refine long-horizon pre-
training datasets, while NeuScraper87 introduces neu-
ral web scraping techniques to extract clean and up-
to-date web content. Collectively, these efforts high-
light that data collection for CPT prioritizes newness-
capturing fresh domains, novel content, and the lat-
est information to keep LLMs up to date and contex-
tually relevant.

3.2 Data Filtering

Long-Context Filters. In CPT, data filtering
serves distinct objectives compared with the initial
pre-training stage, as it must adapt corpora to evolv-
ing model capabilities and target applications. One
emerging direction is long-context filters, which focus-
es on identifying documents with coherent long-range
dependencies that can support training for extended
context windows.

Language and Genre Filters. Another important
line of work applies language and genre filters to en-
sure alignment with the intended domain or task. For
instance, in the construction of a large Portuguese
corpus, classifiers were trained to detect domain-spe-
cific categories such as science, technique, engineering,
math (STEM), education, and toxic content, thereby
retaining only relevant text segments(™. Similarly,
code-focused CPT isolates pure programming lan-
guage repositories by filtering out natural language,
ensuring that the model adapts specifically to soft-
ware-related tasks. Such strategies highlight the im-
portance of carefully segmenting data according to
linguistic or stylistic attributes so that models are ex-
posed to the most relevant distributions.

Quality Filters. Finally, quality filtering in CPT
largely follows the same technical route as in the pre-
training stage, relying on standard methods such as
rule-based cleaning, de-duplication, and lightweight
classifiers (e.g., FastText) to remove noisy, redun-
dant, or irrelevant text®% 88l However, a distinguish-
ing feature of CPT lies in the use of model-informed
filtering, where checkpoints from near-converged

J. Comput. Sci. & Technol., Jan. 2026, Vol.41, No.1

LLMs or smaller proxy models are employed to vali-
date the utility of new data. For instance, the Ultra-
FineWeb pipeline uses a near-final LLM checkpoint to
score candidate batches, while simple classifiers itera-
tively prune low-value segments, resulting in higher
corpus quality and downstream gains/89.

3.3 Data Evaluation

Similarity-Based Scoring. Evaluating the utility of
new data is crucial to ensure that added corpora
meaningfully enhance model performance rather than
introducing redundant or irrelevant information. One
common approach is similarity-based scoring, which
quantifies how new data relates to existing pre-train-
ing corpora or downstream tasks[%-9. Distributional
measures, such as token or embedding similarities,
can provide a coarse estimate of corpus alignment. Al-
though similarity measurements offer only rough
guidancel®l, large-scale experiments reveal consistent
patterns: measuring inter-corpus similarity through
embeddings or topic modeling can help design the
curriculum for CPT. Yildiz et al.[! further demon-
strated that the semantic ordering of domain corpora
significantly affects continual learning outcomes, suc-
cessively related domains strengthen specialization,
while interleaving diverse domains promotes broader
transfer. These findings confirm that strategic similar-
ity assessment is valuable for developing effective
CPT curricula.

Proxy Model Fvaluation. A complementary strate-
gy is proxy model evaluation, where candidate data is
directly tested through light training or small-scale pi-
lot experiments. Wang et al.% proposed an efficient
verification procedure in which a near-converged
checkpoint is exposed to new batches of data during
the final training epochs, and improvements on held-
out loss are monitored to quickly assess corpus utility.
This line of work highlights the importance of model-
informed evaluation, as opposed to relying solely on
generic quality metrics. Recent studies have demon-
strated the broader value of such proxy-based evalua-
tion. Recent studies highlight the broader value of
proxy-based evaluation in continual pre-training.
Chen et al.7 further demonstrated that lightweight
validation loops reliably predict long-term gains, while
Xie et al.[" confirmed their utility in uncovering do-
main-specific corpora with outsized impact. Domain-
oriented efforts such as AstroMLab 209 underscore
the necessity of proxy validation when curating high-
ly specialized scientific data. Collectively, these re-
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searches establish proxy model validation as a princi-
pled and efficient mechanism to align new corpora
with both the evolving state of LLMs and task-specif-
ic objectives.

3.4 Data Generation

Raw Text Reformatting. Synthetic data genera-
tion has emerged as a key strategy to enhance contin-
ual pre-training corpora, providing additional reason-
ing signals, instructions, and domain knowledge be-
yond what is available in raw text collections. One
important category is raw text reformatting, which
restructures existing corpora into supervision-friendly
formats such as question-answer pairs or instruction-
style prompts. For instance, paraphrasing and stylis-
tic rewrites of large-scale web data have been proven
to substantially improve data efficiencyl97> 99, 100, Simi-
larly, YuLan-Minill9] and the Phi-4[192] highlight the
value of dialogue reformulation and mixed-style con-
versions in creating compact yet versatile corpora
that retain knowledge coverage while reducing redun-
dancy. Collectively, these studies indicate that refor-
matting strategies, such as style conversion, language
adaptation, and dialogue recasting, play a crucial role
in making raw text more suitable for continual pre-
training and better aligned with downstream applica-
tion requirements.

Reasoning Ability Augmentation. A second line of
work explicitly targets reasoning ability augmenta-
tion by injecting synthetic thought processes into
training corpora. Reasoning CPTI!03] prompts LLMs
to reconstruct hidden reasoning steps behind STEM
and law texts, leading to consistent improvements on
multi-domain reasoning benchmarks. Similarly, con-
tinual pre-training with entity-linked corpus expan-
sion in EntiGraphl'™l provides richer semantic struc-
tures that foster reasoning over inter-entity relations.
MINDU03] generates synthetic dialogues with knowl-
edge gaps to strengthen problem-solving ability.
These methods demonstrate that injecting explicit
reasoning behavior through synthetic data is an effec-
tive strategy for deepening inference capacity in con-
tinual pre-training.

Domain Expansion. Furthermore, domain expan-
sion methods have been increasingly used in CPT to
overcome sparse domains or task corpora by synthe-
sizing or selecting additional relevant data. For in-
stance, FinPythia-6.9B["7 extends financial corpora
through targeted continual pre-training, while Ma-
chineLearningLM[06] MIND[05] and the AstroMLab

series!] enrich scientific and mathematical domains;
across these disciplines, domain-focused CPT lever-
ages carefully filtered or augmented corpora to
achieve substantial gains in specialized reasoning and
knowledge-intensive tasks. TRAITI07 applies a task-
oriented in-domain augmentation framework, select-
ing domain-matched examples from general corpora
and then generating synthetic passages that guide the
model on how to apply domain knowledge to down-
stream tasks like advertisement.

4  Post-Training Data Preparation

After the pre-training stage, LLMs possess broad
world knowledge and general linguistic competence,
yet they often lack alignment with specific tasks and
human-preferred behaviors. This gap underscores the
critical importance of post-training data preparation,
particularly for supervised fine-tuning (SFT). Unlike
the pre-training phase, which emphasizes scale and di-
versity, SFT relies on carefully curated, task-relevant,
and instruction-oriented datasets that refine model
behavior toward reliability, safety, and usability. Re-
cent studies have highlighted that high-quality post-
train data can significantly improve instruction-fol-
lowing ability, mitigate biases inherited from pre-
training corpora, and enhance robustness across di-
verse downstream scenarios. Therefore, the prepara-
tion of post-train data should not merely focus on
quantity, but rather prioritize coverage of task diver-
sity, balance of domain distributions, and stringent
quality control. In this sense, post-train data serves as
the foundation for transforming a knowledge-rich but
unaligned model into a task-effective, human-aligned
assistant.

4.1 SFT

Supervised fine-tuning (SFT) has become a key
step in aligning pre-trained models during the post-
training phase. The primary objective of SFT is to
perform supervised learning on high-quality (instruc-
tion, output) pairs, thereby can teach the model how
to understand and follow human instructions.

To facilitate effective supervised fine-tuning, di-
verse datasets that align with the target domain and
task are used. These datasets typically include a com-
bination of instruction-response pairs and text-only
SFT data. By exposing the LLMs to this rich variety
of data, the model can develop a comprehensive un-
derstanding of the target domain and acquire the nec-
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essary skills to perform the desired tasks effectively.

The preparation of supervised fine-tuning datasets
usually includes the following steps.

e Data collection: acquire raw data from diverse
sources.

e Data filtering: remove low-quality, redundant, or
irrelevant samples while retaining high-quality data.

e Data evaluation: assess data diversity, authen-
ticity, and task relevance using manual or automated
metrics.

e Data generation: expand and reformulate data
according to different task types, converting them in-
to instruction-response pairs.

e Data preparation workflows: integrate and auto-
mate the above steps to build standardized data
preparation pipelines.

4.1.1 Data Collection

We mainly collect data from the following main
categories: existing corpora, manually-constructed da-
ta, and LLM generated data.

Ezisting Corpus. A “ready-to-use” approach of
constructing data is to collect open-source traditional
natural language process (NLP) datasets105-110], This
method entails minimal overhead and ensures an am-
ple quantity of data. Aside from gathering open-
source traditional NLP datasets, there is also a ple-
thora of real-world dialog examples for LLMs on high-
quality web-based QA communities. LIMAI! sam-
ples 75% of its instructions from two high-quality
web-based QA communities (Stack Exchange, wiki-
How).

Manually-Constructed Data. Free Dolly® con-
tains 15000 pieces of manually constructed English
instruction data, which is directed to refrain from uti-
lizing external AI systems or sourcing information
from web sources. Ouyang et al.ll'2l curated an SFT
dataset (13000 training prompts) with labeler demon-
strations. Open-Assistant(13] contains 35 different lan-
guages, and consists of 161 443 conversation data dis-
tributed 66 497 trees. Aya
Dataset114 collects and annotates via the Aya Anno-
tation Platform. OL-CC® is the first open-source Chi-
nese instruction dataset generated through crowd-

acCross conversation

sourcing and manual efforts.
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LLM Generated Data. As LLMs increasingly
demonstrate conversational and text generation capa-
bilities on par with human performance, a growing
line of work leverages their outputs as raw data for
SFT. This approach typically collects user-LLM inter-
action logs. For example, Vicuna® gathers around
70000 conversations from ShareGPT.com, where
users can share their ChatGPT interactions. Instruc-
tion Wild? collects (110K in the v2 dataset, 429 in
the vl dataset) instructions from ChatGPT usage
sharing and released both English and Chinese ver-
sions. Recent research has moved toward more re-
fined strategies that hybridize LLMs and real-world
data to balance scale and authenticity. WebR/[115 em-
ploys a web reconstruction approach to automatical-
ly identify potential (instruction, response) pairs from
raw webpages, which are then rewritten and expand-
ed by strong generative models. BARE[!S] uses a du-
al-model strategy where a base model ensures diversi-
ty and an instruction-tuned model enhances authen-
ticity.

4.1.2 Data Filtering

After the data collection, the data filtering sec-
tion aims to ensure that the corpus is clean, diverse,
and suitable for supervised fine-tuning. Some filtering
operations are shared with the pre-training stage. Be-
yond these general approaches, SFT requires task-spe-
cific filtering methods that directly target the quality
of (instruction, response) pairs. Repairityl!7l system-
atically filters out low-quality reasoning traces and re-
tains only high-quality samples for SFT. He et al.l118]
found that the step-wise error rate in complex reason-
ing tasks significantly affects model performance, sug-
gesting that data filtering should remove samples
with high logical error rates or unreliable intermedi-
ate steps. TFPY filters out SFT samples with large
contextual discrepancies during the packing stage, sig-
nificantly improving the efficiency and effectiveness of
the fine-tuning process.

4.1.3 Data Evaluation

SFT is essential for adapting LLMs with down-
stream applications. Studies[!20122] showed that even

@https://aigloballab.com/free-dolly-introducing-the-worlds-first-truly-open-instruction-tuned-llm/, Jan. 2026.

©https:/ /opendatalab.com/OpenDataLab/OL-CC, Jan. 2026.

Ohttps://lmsys.org/blog/2023-03-30-vicuna/, Jan. 2026.

Dhttps://github.com/XueFuzhao,/InstructionWild, Jan. 2026.
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a small set of high-quality instructions can yield
strong instruction-following performance. To further
enhance efficiency, data selection methods have been
explored, mainly falling into four categories: coreset-
based, LLM-based, gradient-based, and self-instruc-
tion based approaches.

Coreset-Based Methods. Coreset-based approach-
es evaluate data quality by selecting a small yet rep-
resentative subset that reflects the overall distribu-
tion, thereby identifying which samples are most in-
formative for SFT. Early work applied geometric and
clustering perspectives, such as the greedy k-center al-
gorithml!23]| to measure representativeness in the fea-
ture space. Subsequent methods introduce submodu-
lar optimization to maintain diversity and reduce re-
dundancy[!24 125 or adopt sensitivity-based impor-
tance sampling to capture the contribution of each
data point to model performancel!26: 1271, More recent
work combines task relevance with influence-based
evaluation, proposing data-driven selection strategies
tailored for instruction tuning['2!; 122],

LLMs-Based Methods. LLMs have been increas-
ingly used as evaluators to quantify the quality, diffi-
culty, and reasoning reliability of SFT data. [128]
demonstrates that generative LLMs can serve as ro-
bust scoring functions for generated text, enabling
customizable evaluation with prompting and in-con-
text examples. Subsequent studies incorporate LLM-
derived judgements as evaluation signals for instruc-
tion data, either directly as scores or as annotations
of complexity and validity, such as MoDS[29 and Se-
lectLLM30]. [131] explores how LLM-based rewriting
and self-refinement can offer an indirect evaluation of
the quality of instruction data. Recent work[!32] has
highlighted potential biases when using LLMs as eval-
uators, as LLMs may prefer responses that resemble
their own stylistic patterns, which can undermine ob-
jective evaluation. To address this, studies have pro-
posed more robust prompting designs to improve reli-
ability. [118] introduces an evaluation method for
step-wise reasoning traces, showing that intermediate
error rates measured by LLMs are predictive of mod-
el performance. [133] provides a comprehensive sur-
vey of reasoning-trace evaluation, highlighting how
LLM-based assessments can be integrated with com-
plementary signals.

Gradient-Based Methods. Gradient-based evalua-
tion methods aim to measure the contribution of sam-
ples by analyzing their effect on model gradients. The
EL2U scorell34 quantifies how removing a single data

point alters the gradient, though it is limited to sin-
gle-task scenarios. [135] extends this approach to mul-
ti-task NLP by computing EL2U for each task and
aggregating the scores with an L2 norm. [136] adapts
influence function formulations to work with the
Adam optimizer, storing compressed gradient fea-
tures in a gradient datastore for efficient evaluation.
Recent research has further improved scalability: Lo-
Grall37 uses low-rank projection to reduce computa-
tional and memory overhead. QLESS[38 combines
gradient quantization and random projection within
the LESS framework to compress gradient representa-
tions while preserving evaluation accuracy.
Self-Instruction Based Methods. For self-instruc-
tion-based methods, the evaluation and selection of
data do not require the involvement of any external
models. [139] proposes a self-instruction method for
LLMs to autonomously identify and select challeng-
ing data. [140] identifies high-quality data as those
that, when included as part of a few-shot example,
can enhance the model’s performance. [141] proposes
a novel task-level uncertainty metric that measures
the sensitivity of LLMs to instruction perturbations
for a task, to identify high-quality data, and com-
bines this with the concept of active learning to itera-
tively select data. SelectIT[!42 scores data at three
granular levels: token, sentence, and model. Each lev-
el’s scoring is calculated based on the previous level,
with the model-level score serving as the final score.

4.1.4 Data Generation

This stage aims to generate high-quality (instruc-
tion, response) pairs. Depending on the requirements
of different downstream tasks, data generation can be
categorized into the following five types of tasks.

Generation and Creative Tasks. These datasets
aim to enhance the model’s ability in text generation
and creative writing. The key idea is to transform ex-
isting structured text pairs into instruction-based for-
mats. For example, summarization tasks such as
CNN/DailyMail4 and XSuml[*4 convert (article,
summary) pairs into (article, prompt, summary)
triplets, with the summary serving as the target out-
put. To increase creativity, community-sourced data,
such as Reddit stories are often reformulated into
writing or continuation prompts[145; 146],

Question Answering and Information Eztraction.
The goal of this type is to train models as reliable
tools for knowledge retrieval and information extrac-
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tion. Extractive QA datasets such as SQuADI4T re-
structure (context, question, answer) triplets into
(given passage, question, answer) triplets. For open-
domain QA, datasets like Natural Questions[48] and
TriviaQA[!9 directly use (question, answer) pairs as
instructions and outputs. Information extraction tasks
(e.g., relation extraction) are reformulated into gener-
ative instructions, aligning them with the unified
framework[150; 151],

Reasoning and Problem-Solving. These datasets
aim to improve complex reasoning skills, with a focus
on providing both the answer and the reasoning pro-
cess. Chain-of-Thought (CoT)[!52 explicitly annotates
step-by-step reasoning rather than only the final an-
swer. Math datasets such as GSMS8K[5] and
MATHI construct CoT annotations via manual or
semi-automatic methods. Code generation tasks refor-
mulate the problem into: write a program to solve
this problem- executable code, with datasets includ-
ing HumanEvalll®] and MBPPU56], Further approach-
es such as PALIST and PoT[%] extend this idea by
transforming reasoning chains into programmatic pro-
cesses, where the instruction is the problem and the
response is code with explanations. Logical and com-
mon reasoning tasks use datasets like StrategyQAI[59],
The latest research no longer merely satisfies itself
with the correctness of the final answer, but pays
more attention to the quality of the reasoning process.
BiRMI60] proposes a process supervision method with
bidirectional reward signals, which also predicts the
probability of future success. Diverse Chains of
Thought (DCoT)[61 proposed generating multiple
distinct chains of thought within a single reasoning
process, allowing the model to continuously self-cor-
rect. This thereby enhances the robustness of the
model in the tasks.

Natural Language Understanding and Classifica-
tion. The central approach here is to convert tradi-
tional datasets into the unified (instruction, response)
format. Pioneering work such as Flan[% and TOQ[62]
systematically reformulated dozens of classic tasks
(many from GLUE[N®] and SuperGLUEN®Y) into in-
struction-based tasks. Extensive experimentsl165 166]
have shown that fine-tuning on diverse instructions
significantly improves zero-shot generalization on un-
seen tasks.

Dialogue and Conversational Al. Dialogue datasets
are constructed by structuring real conversational da-
ta into (instruction, response) pairs. For example,
ShareGPT collects user-ChatGPT interactions and re-
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formats them as (user input, assistant reply), which
has been widely adopted by open-source models such
as Vicunall67l. More advanced alignment strategies,
such as InstructGPTI12] first performing SFT on in-
struction data, then collecting human-ranked multi-
ple responses. The initial SFT data combined with
human-annotated preference data forms the founda-
tion of high-quality conversational ability.

4.1.5 SFT Data Preparation Workflows

In SFT, different workflows may pursue different
objectives, but they generally rely on a shared set of
fundamental operators, which form the basic building
blocks of all pipelines. Common operators include:
template-based conversion (mapping existing text
pairs into a unified format), data cleaning (language
identification, normalization, noise removal), dedup-
lication (exact, fuzzy, or embedding-based), quality
filtering (rule-based, lightweight classifiers, or LLM-
as-a-judge), safety and privacy filtering (toxic con-
tent detection), and metadata and provenance log-
ging (recording source, version, and processing histo-
ry)[48, 109, 162, 168-173]  Tn practice, SFT preparation can
be broadly categorized into the following representa-
tive workflows.

o Corpus-to-Instruction Workflow: 1) start with
existing NLP datasets (e.g., QA, summarization, clas-
sification); 2) apply data cleaning and deduplication
operators to remove noise and redundancy; 3) use
template-based conversion operators; 4) apply quali-
ty filtering operators to discard anomalous samples;
and 5) the pipeline outputs a large-scale, structurally
SFT dataset[109, 162],

e Human/Crowdsourced Annotation Workflow: 1)
begin with task descriptions and manually designed
examples; 2) engage human annotators or crowdwork-
ers to create candidate instruction-response pairs; 3)
apply consistency checking and expert adjudication
operators to ensure reliability; 4) use formatting and
deduplication operators to standardize outputs into
the SFT format; and 5) the pipeline outputs a small
but high-quality SFT datasetl13, 114, 174],

o LLM-Synthetic Workflow: 1) construct a set of
seed instructions from human input or existing corpo-
ra; 2) employ LLMs to generate instruction-response
pairs; 3) apply automatic quality filtering operators to
eliminate low-quality outputs; 4) perform human
spot-checking as final validation; and 5) the pipeline
outputs a large and diverse SFT dataset[175-178],
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e Dialogue and Process-Supervision Workflow: 1)
begin with multi-turn user-assistant interaction logs;
2) apply conversation segmentation operators to pre-
serve context and label speaker roles; 3) use structur-
ing operators to convert into instruction-response for-
mat; 4) for reasoning-intensive tasks, insert process
supervision operators; 5) apply privacy redaction and
safety filtering operators to remove sensitive or un-
safe content; and 6) the pipeline outputs a dataset
tailored for conversational and reasoning capabili-
tiesl112, 152, 179-181]

To better systematize operators and workflows,
recent studies have introduced the concept of data
preparation systems. An example is our DataFlow
framework(173], which abstracts core SFT operators in-
to composable modules and supports their automated
execution. Compared with single workflows, DataFl-
ow emphasizes modularity, flexibility, and repro-
ducibility, enabling researchers to efficiently build and
optimize SFT pipelines within a unified platform.

4.2 Reinforcement Learning

Reinforcement learning (RL) data is typically
constructed based on algorithms such as Group Rela-
tive Policy Optimization (GRPO)[I82 183 where re-
wards are computed from model outputs. The data
collection process often resembles that of SFT, but in
many cases only the final answers are required to de-
termine the reward. Consequently, this subsection fo-
cuses primarily on the filtering strategies applied to
RL data.

A central challenge in RL for LLM reasoning is
that many prompts are either too easy (nearly al-
ways solved) or too hard (almost never solved), yield-
ing little or no learning signal under policy-gradient
style objectives. This motivates data filtering strate-
gies that preferentially train on examples with infor-
mative gradients. We summarize offline and online
difficulty-aware filters.

Difficulty-Aware Offline Filtering. Before RL run,
one can estimate a prompt-level pass rate by sam-
pling k rollouts from the current (or reference) policy
and verifying correctness with a task-specific checker.
rates  (e.g.,
p €1[0.2,0.8]) are retained, while very-easy or very-

Prompts with intermediate pass
hard items are downweighted or removed. This mid-
difficulty curation is now common in reasoning-fo-
cused RL with verifiable rewards (RLVR) because

mid-band pass rates maximize the chance of receiv-
ing differentiated rewards across rollouts, hence infor-
mative gradients(!84].

Difficulty-Aware Online Filtering. Under GR-
POM82 183 difficulty can be tracked during training
by computing the on-the-fly pass rate per prompt
from the group of rollouts used to form GRPO’s
group-relative advantage. A recent study provides
theoretical and empirical support for balanced online
difficulty filtering, i.e., retaining prompts whose cur-
rent pass rate stays near the middle band and replac-
ing the rest with alternatives, thus keeping batch dif-
ficulty centered around the model’s evolving compe-
tence. This improves both sample and time efficiency,
delivering up to 10 percentage points on American In-
vitational Mathematics Examination (AIME) over
plain GRPO while needing fewer steps to surpass the
baseline’s best reward[!®3. In practice, asynchronous
sampling is used to maintain fixed batch size while re-
placing filtered-out prompts(185),

Effective RL with GRPO relies on carefully fil-
tered data and reliable reward signals. A central
strategy is to use verifiable rewards and enforce strict
output formats (e.g., boxed final answers, tags, or
compile/run checks) so that correctness remains un-
ambiguous and filterablel!83. GRPO’s groupwise sam-
pling further enables online estimation of per-prompt
pass rates by targeting a mid-band difficulty level—
the zone of proximal development— while refreshing
the prompt pool as the model improves, thereby
maintaining strong learning signalsl!83. Together,
these practices ensure that compute is concentrated
on examples with high information value, yielding re-
producible gains in reasoning RL.

4.3 Reinforcement Learning from Human
Feedback

Reinforcement learning from human feedback
(RLHF) has become a cornerstone technique for align-
ing LLMs with human preferences. In contrast to
SFT, which directly learns from instruction-response
pairs, and pure RL, which uses a golden answer to
verify rewards, RLHF leverages human preference da-
ta to train a reward model (RM), which subsequently
guides the optimization of the LLM through reinforce-
ment learning. The preparation of RLHF data is there-
fore critical, as it directly impacts the reliability, sta-
bility, and generalization of the resulting model[186-188],
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4.3.1 Data Collection

The first step in RLHF is the collection of human
preference data. A common paradigm is to generate
multiple candidate responses for a given prompt and
then ask human annotators to provide preferences
through pairwise comparisons or rankings/!86], For ex-
ample, InstructGPTM2 utilizes pairwise annotations
to construct a large-scale preference dataset. Beyond
binary choices, recent work explores natural language
feedbacks such as critiques and revisions, which pro-
vide richer signals and have shown higher data effi-
ciency187,

Data sources for RLHF include: 1) synthetic re-
sponses generated by SFT models or diverse model
checkpoints, which ensure response variety; 2) crowd-
sourced preference annotations, often with domain-
specific guidelines to ensure consistency; and 3) hy-
brid approaches that combine limited human feed-
back with auxiliary signals such as proxy models or
heuristics to reduce labeling costs!!88l. Ensuring do-
main diversity and balanced coverage across different
prompt categories is essential for avoiding bias in re-
ward model training.

4.3.2 Data Filter

After collecting preference data, an essential stage
in RLHF is data filtering, which aims to eliminate
low-quality or noisy samples and improve the signal-
to-noise ratio of the training corpus. Typical strate-
gies include checking inter-annotator consistency and
discarding samples with low agreement, calibrating
annotators with gold-standard examples to reduce
bias, and removing toxic, factually incorrect, or bi-
ased responses that compromise alignment. In addi-
tion, normalization and de-duplication ensure consis-
tent annotation formats, while margin-based filtering
discards pairs with negligible preference differences or
low annotator confidence. More advanced methods
compare annotated responses with model outputs and
remove samples that are not clearly superior!89. Re-
cent work also emphasizes targeted annotation of
hard cases where the model is most likely to fail,
thereby maximizing the utility of limited annotation
budgets190. Collectively, these approaches highlight
that careful data filtering is critical for constructing
robust and reliable reward models in RLHF.

4.3.3 Data Evaluation

Evaluating RLHF data is critical for ensuring that
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reward models generalize and align with human in-
tent. Beyond basic inter-annotator agreement[186], re-
cent work emphasizes adjusting training with data
quality estimates!!9l, validating reward models th-
rough held-out preference prediction/!12], and probing
consistency across semantically similar prompts/192].
More advanced approaches incorporate hierarchical
reward evaluation193], systematic benchmarks such as
RewardBench(194, and analyses of RM quality im-
pactsl19]. Fine-grained methods like intra-trajectory
consistency1%] and data-efficient strategies such as
targeted human feedback[9 further highlight that ro-
bust evaluation requires both statistical reliability and
downstream alignment testing.
4.3.4 RLHF Data Generation

Beyond human-annotated preferences, a growing
line of work constructs synthetic RLHF data by re-
placing or supplementing human raters with Al feed-
back (RLAIF) and related judge-based signals. Con-
ATI[197]
pipelines guided by a set of principles (e.g., harmless-

stitutional introduces critique-and-revision

ness, helpfulness), yielding preference pairs and
rewritten outputs without human labels for safety.
RLAIF scales this idea: a strong LLM (or a commit-
tee of LLMs) is prompted as a judge to produce pair-
wise preferences or scalar rewards that train an RM
or drive on-policy optimization; direct RLAIF (d-
RLAIF) removes the RM entirely by querying the
judge online during RL[%], Self-rewarding approach-
es go further: the policy (or a sibling model) learns to
produce its own rewards via LLM-as-a-judge prompt-
ing, improving both the policy and its internal judge
through rounds of preference optimization/%]. Be-
cause LLM-as-a-judge introduces biases and variance,
recent studies emphasize reliability techniques such as
pairwise (rather than score-only) judging, rubric-
grounded prompts,

multi-judge aggregation, and

meta-evaluation against human labels[200; 201],

5 Datasets and Corresponding Workflows

In this section, we summarize commonly used
datasets that are readily applicable for LLM research,
together with the typical data preparation workflows
associated with them. For better clarity, Table 1 com-
pares the contrasts of data preparation in the Pre-
Training, Continual Pre-Training, and Post-Training
stage.
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Table 1.

Comparison of Recurring Data Operations Across Different Training Stages

Stage Typical Data Scale

Data Collection Cost Data Filtering

Pre-training 102102 tokens
107-109 tokens

103-10% samples

Continual pre-training

Post-training

Heuristic & scalable
Hybrid

Fine-grained & strict

Low per-sample, high total
Medium
High per-sample

5.1 Pre-Training and Continual
Pre-Training Datasets: Overview and
Practical Notes

Pre-training datasets are foundational for the ini-
tial training of LLMs, as well as for their continual re-
finement. The distinction between pre-training (PT)
and continual pre-training (CPT) is crucial, as PT
datasets aim to provide a broad, diverse knowledge
base, while CPT datasets focus on keeping models up
to date with emerging trends, new facts, and shifting
language patterns. As summarized in Table 2, the
datasets discussed here are essential for these train-
ing stages, offering both general knowledge and do-
main-specific expertise, while also ensuring that mod-
els can adapt to new challenges over time.

General Web Pre-Training. General web corpora
provide the foundation for large-scale pre-training by
offering broad and diverse coverage of knowledge.
Early efforts such as C4M46l and The Pilel% demon-
strated the value of large curated web datasets: C4 fo-
cuses on English text derived from Common Crawl,
while The Pile aggregates 22 carefully selected sources
to balance diversity and quality. Building on these
foundations, RedPajama-Data-1T® scales to over a
trillion tokens, recreating the LLaMA-style mixture
that spans web data, code, and academic content.
More recent initiatives, including FineWeb[!?l and Zy-
da-2203] further push scale and refinement, leverag-
ing cross-source deduplication, model-based filtering,
and advanced cleaning pipelines to deliver multi-tril-
lion-token corpora. Across these generations, the com-
mon thread is the reliance on large-scale web crawls
combined with increasingly sophisticated filtering and
deduplication techniquesl®® 63 to ensure both cover-
age and quality.

Multilingual Pre-Training. Multilingual corpora
extend pre-training beyond English by covering di-
verse linguistic contexts, usually built from large-scale
crawls and refined with language identification, clean-
ing, deduplication, and licensing checks. Early large-
scale efforts such as ROOTS[20 set a benchmark with

59 languages, emphasizing ethical and legal considera-
tions alongside rigorous filtering. Subsequent work
scaled further: CulturaX[ll expands coverage to 167
languages with 6.3T tokens processed through ad-
vanced filtering pipelines, while HPLTv2(2%4 pushes
toward even larger and more balanced multilingual
corpora, addressing issues of underrepresented lan-
guages with improved quality control. Across these
generations, the common trajectory is toward broad-
er coverage and higher-quality cross-lingual represen-
tation, enabling models to achieve robust multilin-
gual capabilities.

Domain-Specific Pre-Training. Beyond general
and multilingual corpora, specialized datasets in tech-
nical domains play a key role in enabling models to
Early
large-scale efforts such as The Stack v2[205] drew from
Software Heritage, offering 67.5 TB of raw code re-
duced to about 900B tokens after filtering and dedu-
plication, covering a wide range of programming lan-

reason about structured symbolic content.

guages together with documentation and develop-
ment artifacts. More recently, OpenWebMath[!8] tar-
gets math-heavy web content, applying math-aware
filtering to curate 14.7B tokens of equations and ex-
planations, tailored for mathematical reasoning tasks.
Together, these corpora illustrate a trajectory from
broad code collections to more focused datasets for
symbolic domains like mathematics, reflecting a
broader shift toward training models capable of han-
dling programming, algorithmic reasoning, and prob-
lem-solving in technical contexts.

Multilingual Continual Pre-Training. Multilingual
continual pre-training datasets ensure that models
stay aligned with emerging knowledge, evolving lan-
guage patterns, and shifting global contexts across di-
verse languages. EMMA-500 (MaLA corpus)B! con-
tains 74B tokens spanning 546 languages with exten-
sive cleaning and deduplication, enabling multilin-
gual models to remain updated. Building on this, AU-
RORA-MB3] have 435B tokens of multilingual and
code data, introducing synthetic rephrasing and hu-
man-reviewed safety red-teaming for a controlled two-

@https://github.com/togethercomputer/RedPajama-Data/, Jan. 2026.
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Representative PT and CPT Datasets with Their Data Preparation Workflows Across Domains (Simplified)

Dataset (Link) Domain/Task Data Workflow Detail Size Time Stage
FineWeb General/Web Crawl CC — text extraction — language detect — About 18.5T 2024 PT
PT quality filter — dedup — PII handling tokens (v1.4)
RefinedWeb General/Web CC only; heavy cleaning and dedup; public research 600B tokens 2023 PT
PT extract
RedPajama- General/LLaM Recreate LLaMA mix (web, code, arXiv, Wiki, SE) — About 1.2T 2023 PT
Data-1T A-style mix clean — dedup tokens
The Pile General/English 22 curated sources — cleaning — dedup — mixture spec About 825 2020 PT
GiB
C4 General/Web From CC — English detection — heuristic cleaning — About 807 2019 PT
dedup GiB (c4/en)
ROOTS Multilingual/ 59 languages; ethics/licensing review — cleaning — 1.6 TB 2022 PT
(BigScience) Web+ dedup
CulturaX Multilingual/ 167 languages; language ID — filters — dedup — per- 6.3T tokens 2023 PT
Web language release
HPLT v2 Multilingual/ CC + Internet archive — quality filters — dedup — About 8T 2025 PT
Web PT CCO release tokens; 193
languages
Dolma Mixed Combine multiple sources — clean — dedup — safety 3T tokens 2023 PT
filters
The Stack v2 Code/pre- From software heritage — license/language detect — 67.5 TB 2024 PT
training filter + dedup — repository splits raw/About
900B tokens
OpenWebMath Math/Web PT Identify math-heavy pages — clean boilerplate — math-  14.7B tokens 2023 PT
aware filter — dedup
EMMA-500 Multilingual Compile & curate MaL A across 546 languages — heavy 546 languages 2024 CPT
(MaLA corpus) cleaning/dedup — continual pre-training of Llama-2-7B; (> 74B 2025
corpus & weights released tokens)
AURORA-M Multilingual + Two-stage CPT: CAP on multilingual web/code 435B tokens 2024 CPT
Code (processed) + CAT alignment mix; human-reviewed
safety red-teaming
Nemotron-CC General/Web Multi-CC snapshots (2024-2025) — English filter — About 6.586T 2025 PT
(v2) synthetic rephrasing (LLM) — global dedup; includes tokens
Diverse QA (15-language translations)
Nemotron- Math Convert OpenWebMath math text — multi-style > 138B 2025 CPT
MIND synthetic dialogues (7 styles) — heuristic filtering — tokens
CPT 7B models
YuLan-Mini Code/Math/Sci  Open pre-training resources (cleaning, 1.08T tokens;  2024- PT
Datasets ence schedule/annealing, curated + synthetic math/code) HF release: 2025
with per-phase composition detailed subsets
MegaMath- Math/Web Common Crawl math-heavy pages — math/quality 69.2 million 2025 CPT
Web-Pro- scoring (math_score, finemath_score, lang_score) — (M) rows
Max[202] language detect & filters — global dedup — structured

Parquet with cc-path, domain, timestamp, URL

Note: The electronic version of the paper provides jump links to the websites of each dataset. In “Domain/Task”, if the “/” symbol
is absent, the term should be interpreted as referring to Domain; dedup: deduplication.

stage process. At larger scale, Nemotron-CC v2[80 is
constructed from multi-snapshot Common Crawl with
LLM-based rephrasing, producing 6.6T tokens to re-
fresh global web content. Nemotron-MINDII03] fur-
ther extends CPT to mathematical reasoning, trans-
forming OpenWebMath into 138B tokens of multi-
style synthetic dialogues. Collectively, these corpora
illustrate a trajectory from multilingual coverage to
diverse, safety-aware, and large-scale updates across
both general and specialized domains.
Domain-Specific Continual Pre-Training. Beyond

multilingual updates, domain-specific CPT datasets
sustain expertise in rapidly evolving technical areas.
YuLan-Minill®] provides 1.08T tokens across math,
code, and science, combining curated and synthetic
data for continual domain adaptation. MegaMath-
Web-Pro-Max[?0 focuses narrowly on math, extract-
ing math-heavy content from Common Crawl and ap-
plying domain-specific filtering and quality scoring to
refine reasoning capabilities. These efforts demon-
strate a shift from broad multilingual corpora toward
targeted resources that maintain high precision in
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specialized fields such as science, math, and program-
ming.

Workflow Patterns and Cautions. Across pre-
training and continual pre-training corpora, we ob-
serve recurring steps: large-scale crawling or standard-
ized mixtures for reproducibility, filtering against
harmful content, social bias, redundancy and contam-
ination, quality and format issues, enrichment with
domain or multilingual data, synthetic augmentation,
and structured reformatting. For evaluation, it is im-
portant to emphasize contamination checks, freshness
validation, and targeted benchmarks to ensure sus-
tained relevance. Practically, we recommend begin-
ning with one large-scale general corpus (e.g.,
FineWeb or RedPajama), one reproducible mixture
(e.g., C4 or HPLTv2), and one specialized dataset
(e.g., OpenWebMath or The Stack v2), then comple-
menting with continual refreshes such as Nemotron-
CC v2 or AURORA-M.

5.2 Post-Training Datasets: Overview and
Practical Notes

Post-training data for alignment and RLHF com-
monly falls into the following four buckets: 1) general
instruction and chat corpora, 2) domain-specialized
reasoning sets (e.g., math, science), 3) code datasets
with verifiable signals (e.g., tests, executors), and 4)
tool-use/web-agent datasets. Below, we highlight
widely used, easy-to-start datasets corresponding to
Table 3 and summarize why they are practical.

General Instruction and Chat. Infinity-Instruct
provides a two-phase pipeline that first selects high-
quality instructions from an over 100M pool (hybrid
curation) and then synthesizes chat-style data via in-
struction evolution and diagnostic filtering, covering
both foundational and multi-turn capabilities/206],
OpenHermes 2.5 aggregates 1M open instruction and
chat samples (largely synthetic) with a focus on
breadth and cleanliness, and is frequently used to
quickly bootstrap SFT for assistant-style behavior®.
ShareGPT52K traces back to user-shared, multi-turn
conversations; typical curation includes markup nor-
malization, safety filtering, and deduplication, and its
usage was popularized by Vicuna-style instruction tun-
ing[207.

Math Instruction and Reasoning. OpenMathln-
struct-2 (14M pairs) distills from strong teachers (e.g.,

Llama-3.1-405B) with explicit length or format con-
trol; it is effective for SF'T and offers clear scaling be-
havior[!9. NuminaMath-CoT unifies CoT templates
over competition-level problems at scale (0.86M),
making it a strong resource for training and analysis
of mathematical reasoning208; 209 For challenging
evaluation, Omni-MATH (4428 olympiad-level prob-
lems) introduces a broad taxonomy and difficulty lad-
der that stresses high-level reasoning beyond
GSMSK /MATHI=210],

General Reasoning (Cross-Domain). SYNTHET-
IC-1 releases a large synthetic, verifier-backed reason-
ing set across math, code, and logic; it is useful as a
high-signal complement for post-training, with LLM
or symbolic verifiers enhancing filter quality®.

Code Pre-Training and SFT with Verifiability.
The Stack v2 underpins code pre-training (over 3B
files, over 600 languages) with licensing and dedupli-
cation heuristics, and is the base for many modern
code LLMSs[203l, At the SFT level, EpiCoder-func-380k
synthesizes function-level tasks guided by feature
mining and complexity control (Python), enabling
fine-grained capability shapingl!ll. KodCode-V1 con-
tributes diverse, challenging tasks with unit tests and
verified solutions across multiple sub-domains, which
is particularly helpful for RL/SFT with automatic re-
jection sampling[212,

Software-Engineering Evaluation. SWE-bench Ve-
rified provides a human-validated subset of real
GitHub issues, strengthening reliability over the origi-
nal SWE-bench; it remains a de facto target for coding
agents, though recent work warns about contamina-
tion/memorization and calls for robust protocols[213-215],

Science and Tool-Use/Web Agents. ScienceQA
(NeurIPS 2022) offered multimodal K-12 questions
with explanations/rationales, supporting SFT and ra-
tionale-aware evaluation216. ToolBench (ToolLLM)
scales tool-use instruction data over more than 16 000
real APIs, automating instruction construction and
denoising to train tool-invocation competencel2l7.
WebWalkerQA evaluates web traversal and deep in-
formation seeking across multi-hop site navigation,
useful for training and testing web agents218].

Common Workflow Patterns and Cautions. Across
these corpora, we observe recurring workflow stages:
data selection (hybrid heuristics and embedding-based
retrieval), synthetic generation with strong teacher
models, structured formatting (e.g., role tags, length

Ohttps:/ /huggingface.co/datasets/teknium/OpenHermes-2.5, Jan. 2026.

®

https://www.primeintellect.ai/blog/synthetic-1-release, Jan. 2026.


https://huggingface.co/datasets/teknium/OpenHermes-2.5
https://huggingface.co/datasets/teknium/OpenHermes-2.5
https://huggingface.co/datasets/teknium/OpenHermes-2.5
https://www.primeintellect.ai/blog/synthetic-1-release
https://www.primeintellect.ai/blog/synthetic-1-release
https://www.primeintellect.ai/blog/synthetic-1-release
https://www.primeintellect.ai/blog/synthetic-1-release
https://www.primeintellect.ai/blog/synthetic-1-release

304 J. Comput. Sci. & Technol., Jan. 2026, Vol.41, No.1
Table 3. Representative Post-Training Datasets and Their Data Preparation Workflows Across Different Domains
Dataset (Link) Domain/Task Data Workflow Detail Size Time Stage
Infinity-Instruct General/instruction ~ Phase-1: curate foundational instructions 7.4M 2025 SFT
& chat from > 100M pool via hybrid selection & (foundational)
dedup — Phase-2: synthesize chat + 1.5M (chat)
instructions via instruction evolution —
diagnostic filtering — formatting
OpenHermes 2.5 General/instruction ~ Compile open instruction/chat sets + GPT-  About 1.0M 2024 SFT
& chat 4-distilled samples — cleaning/curation — samples
dedup — ShareGPT-style multi-turn
formatting
ShareGPT General/dialogue User-shared ChatGPT conversations from About 90000 2023 SFT/RLHF
ShareGPT.com — HTML-to-Markdown (90k)
conversion — cleaning & safety filtering — conversations
dedup — multi-turn formatting
OpenMathInstruct- Math/instruction Seed from GSM8K/MATH — Llama-3.1- 14M pairs 2024 SFT
2 405B teacher generation — format/length
control — light filtering
NuminaMath-CoT  Math/reasoning Competition problems scraping — CoT About 860k 2024 SFT
templating — normalization — filtering pairs
Omni-MATH Math/benchmark Olympiad problems curated — 4428 problems 2024 Evaluation
taxonomy/difficulty labels — formatting
SYNTHETIC-1 General reasoning DeepSeek-R1 generation — crowdsourced >1.4M tasks 2025 SFT (reasoning)
(Math and Code) compute — verifier checks (LLM/symbolic)
— filtered splits
The Stack v2 Code/pre-training SWHIDs crawl — license detection — 67.5 TB 2024 PT
dedup/heuristic filters — repository-grouped raw/About
training split 900B tokens
EpiCoder-func-380k Code/function-level  Instruction synthesis — function-level code 380k samples 2025 SFT
(Python) — diversity/complexity curation
— cleaning
KodCode-V1 Code/instruction &  Synthetic tasks — verifiable solutions+unit 487k items 2025 SFT/RLHF
RL tests — auto-evaluation — dedup — multi-
style (Instruct/Complete/OJ)
SWE-bench Code/software Eng.  GitHub issues — human-validated solvable 500 issues 2024 Evaluation
Verified subset — unit-test verification protocol
ScienceQA Science K-12 science questions collection — image- 21208 2022 Evaluation/SFT
QA /multimodal text context curation — questions
MCQ rationale/explanation annotation (usable as
CoT) — formatting
ToolBench Tool use/instruction Crawl 16 464 REST APIs (RapidAPI) — 16k+ APIs 2023 SFT (tool-use)
(ToolLLM) tuning LLM-generated single/multi-tool instructions (large
& solutions — automatic evaluation & instruction
denoising — instruction-style formatting corpus)
WebWalkerQA Tool use/web Curate deep multi-hop site tasks — author 680 QAs 2025 Evaluation

traversal QA

QAs with gold navigation paths — bilingual
(EN/ZH) formatting — test split

Note: In “Domain/Task”, if the “/” symbol is absent, the term should be interpreted as referring to Domain; dedup: deduplication,
EN: English, ZH: Chinese.

or step control, schema normalization), safety filter-
ing, and deduplication. For code and tool-use data,
additional verifiable signals—such as unit tests, ex-
ecutors, and API schemas—are commonly employed
to ensure correctness.

Importantly, these workflows differ substantially
in scale and emphasis across training stages. While
pre-training pipelines typically prioritize throughput
and operate on extremely large corpora, post-training

data preparation is usually conducted at much small-
er scales (often ranging from thousands to millions of
samples) and places greater emphasis on fine-grained
quality control, verification, and task alignment. This
makes post-training workflows particularly suitable
for small research teams, low-resource domains, and
resource-constrained settings.

For software engineering-style evaluation, we rec-
ommend contamination checks, stronger test-set aug-
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mentation, and human validation when feasiblel214: 215],
In practice, a lightweight yet effective setup is to
start with one general assistant dataset (e.g., Infinity-
Instruct or OpenHermes), one domain-specialized
dataset (e.g., OpenMathInstruct-2 or NuminaMath-
CoT), and one verifiable code dataset (e.g., EpiCoder
or KodCode), and then introduce targeted bench-
marks (e.g., Omni-MATH, SWE-bench Verified, Sci-
enceQA) to iteratively refine data quality.

5.3 Comparative Analysis of Workflow
Strategies

The impact of data preparation on downstream
model performance depends on task characteristics,
model capacity, and training stage. Despite this vari-
ability, empirical studies consistently show that rule-
based and model-based data preparation strategies
differ in efficiency, scalability, and quality control. As
a result, effective large-scale workflows are rarely
monolithic. Instead, they are best viewed as composi-
tional systems that combine complementary mecha-
nisms through a coarse-to-fine processing paradigm,
adapted to different stages of model training. A cen-
tral consideration in data preparation is the trade-off
between efficiency and quality.

Rule-Based Methods. These methods are distin-
guished by low computational cost and strong scala-
bility, enabling their application to pre-training cor-
pora with trillions of tokens. In practice, they serve as
a foundational sanitation layer by removing duplicate
content, boilerplate text, and surface-level noise.
Their contribution to model performance is primarily
preventative, reducing risks such as memorization and
benchmark contamination. However, because these
methods rely on shallow lexical signals, they have lim-
ited ability to improve semantic diversity or informa-
tional density.

Model-Based Methods. These approaches offer fin-
er-grained quality control by leveraging learned repre-
sentations or inference from trained models. Tech-
niques such as semantic deduplication and model-
driven scoring can identify semantic redundancy, logi-
cal inconsistencies, and low-value samples that rule-
based heuristics often miss. These methods frequent-
ly improve training efficiency by increasing the effec-
tive value per token. Their main limitation is compu-
tational cost, which restricts their direct application
to raw web-scale corpora and motivates their use on
smaller or higher-value data subsets.

The relative importance of these strategies varies
across training stages. During pre-training, data scale
is the dominant constraint, and workflows prioritize
coverage while maintaining basic cleanliness. Effi-
cient rule-based filtering therefore plays a central role,
with model-based components used sparingly. In con-
tinual pre-training and supervised fine-tuning, the fo-
cus shifts toward value per token, as data volumes de-
crease and precision becomes critical. At these stages,
model-based operators are increasingly employed to
support domain adaptation and instruction alignment.

Recent data pipelines demonstrate that the
strongest performance is achieved by integrating rule-
based and model-based strategies within a unified
workflow. Typically, inexpensive rule-based filters re-
move most low-quality data, after which model-based
methods are applied to the remaining candidates.
This coarse-to-fine structure balances scalability and
effectiveness, concentrates computational resources on
high-impact data, and aligns naturally with the
staged process of LLM training.

Empirical Takeaways (Impact vs Cost). As a sur-
vey, we synthesize empirical evidence reported in pri-
or work rather than introduce new experiments.
Across the literature, the data components with the
largest impact on downstream performance are typi-
cally 1) high-quality data synthesis (especially when
guided by strong teachers or verifiable signals) and 2)
principled data cleaning (e.g., filtering, deduplication,
and contamination removal), which consistently im-
proves generalization. In contrast, formatting and
normalization usually provide more incremental gains
by improving training stability and efficiency. From a
cost perspective, selection and lightweight cleaning
are relatively inexpensive at scale, whereas synthesis
and verification are the most compute-intensive. This
cost-benefit trade-off explains why post-training com-
monly favors smaller data volumes with higher per-
sample quality, while pre-training emphasizes through-
put at scale.

6 Future Directions
6.1 Data Preparation Systems

The future of data preparation for LLMs lies in
building more systematic, automated, and scalable
pipelines that can continuously adapt to the growing
complexity of multimodal and multilingual data. Cur-
rent approaches are often fragmented, relying on ad
hoc heuristics or task-specific curation. A promising
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direction is the design of unified data preparation sys-
tems that integrate data acquisition, cleaning, filter-
ing, augmentation, and evaluation into a cohesive
framework[173], Such systems should be modular, al-
lowing researchers to flexibly plug in rule-based meth-
ods, statistical techniques, or LLM-powered agents
depending on the target application. Moreover, fu-
ture systems will need to emphasize efficiency and re-
producibility, supporting large-scale yet transparent
data management that ensures traceability of training
corpora and facilitates responsible AI development.

6.2 Next Generation of Data Management

A crucial future direction is to advance from tra-
ditional data management practices toward more fine-
grained and semantically meaningful organization of
training corpora. Unlike conventional database-style
management, which focuses primarily on storage and
access efficiency, data preparation for LLMs demands
multi-dimensional quality characterization. For exam-
ple, each dataset should be annotated with quality la-
bels that indicate not only its domain and scale, but
also its strengths and weaknesses across dimensions
such as factual accuracy, linguistic diversity, safety,
and alignment with human instructions. While plat-
forms like Hugging Face have enabled unprecedented
accessibility to a vast collection of datasets, the lack
of standardized quality-oriented metadata limits their
effective reuse. Future work should therefore explore
principled frameworks for dataset documentation,
benchmarking, and labeling, so that researchers can
better match data resources to intended applications.
This richer perspective on data management will play
a critical role in ensuring that LLMs are trained on
data that is not only abundant, but also trustworthy,
transparent, and purpose-driven.

7 Conclusions

In this survey, we provided a comprehensive
overview of data preparation for large language mod-
els (LLMs), covering the full pipeline from pre-train-
ing to continual pre-training and post-training. We
introduced a novel taxonomy that begins from data
operators as fundamental processing units and ex-
tends to data workflows as their compositions. This
perspective not only highlights the modularity and
flexibility of data preparation but also clarifies how
different operators and workflows can be tailored to

J. Comput. Sci. & Technol., Jan. 2026, Vol.41, No.1

the unique demands of LLM training.

Beyond theoretical categorization, we also com-
piled and organized widely used datasets together
with their associated preparation workflows. This
serves as a practical reference for both beginners en-
tering the field and experienced practitioners seeking
to design or improve data-centric pipelines for LLMs.
By combining methodological summaries with hands-
on resources, this survey lowers the entry barrier to
data preparation while also providing a structured un-
derstanding of the state of the art.

Looking forward, we believe that data prepara-
tion will continue to play a pivotal role in the evolu-
tion of LLMs. Challenges such as dynamic data quali-
ty assessment, workflow automation, multi-modal in-
tegration, and scalable data management remain
largely open. Addressing these issues requires not on-
ly more sophisticated operators and workflows but al-
so systematic evaluation frameworks and community-
shared resources. We hope this survey can serve as
both a roadmap and a catalyst for future research on
advancing data preparation for LLMs.
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