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Abstract

Data plays a fundamental role in training Large001
Language Models (LLMs). Efficient data man-002
agement, particularly in formulating a well-003
suited training dataset, is significant for enhanc-004
ing model performance and improving training005
efficiency during pretraining and supervised006
fine-tuning stages. Despite the considerable im-007
portance of data management, the underlying008
mechanism of current prominent practices are009
still unknown. Consequently, the exploration010
of data management has attracted more and011
more attention among the research community.012
This survey aims to provide a comprehensive013
overview of current research in data manage-014
ment within both the pretraining and supervised015
fine-tuning stages of LLMs, covering various016
aspects of data management strategy design.017
Looking into the future, we extrapolate exist-018
ing challenges and outline promising directions019
for development in this field. Therefore, this020
survey serves as a guiding resource for prac-021
titioners aspiring to construct powerful LLMs022
through efficient data management practices.023

1 Introduction024

Large Language Models (LLMs) have shocked025

the natural language processing (NLP) community026

with their strong performance and emergent abil-027

ities (OpenAI, 2023; Touvron et al., 2023a; Wei028

et al., 2022). According to previous studies (Ka-029

plan et al., 2020; Hoffmann et al., 2022b), LLMs’030

achievements depend heavily on self-supervised031

pretraining over processed vast volumes of text032

data. Recent research (Zhou et al., 2023a; Ouyang033

et al., 2022) further enhances LLMs’ instruction-034

following ability and performance on downstream035

tasks through Supervised Fine-Tuning (SFT) on036

deliberately curated instruction datasets.037

To construct suitable training datasets, data man-038

agement is vitally important and challenging in039

both the pretraining and SFT stages of LLMs,040

which we define as following:041

Data management: the process of orga-
nizing a well-suited training dataset with
collected data, including the data selection,
combination and utilization strategies, and
the evaluation of the chosen strategies.

042

In the pretraining stage, constructing datasets 043

with high-quality data is essential for efficient train- 044

ing (Jain et al., 2020; Gupta et al., 2021). To equip 045

LLMs with diverse and comprehensive abilities, 046

heterogeneous dataset composition with mixtures 047

of domains is also required (Gao et al., 2020; Long- 048

pre et al., 2023b; Shen et al., 2023). However, many 049

prominent LLMs do not enclose (Anil et al., 2023; 050

OpenAI, 2023) or only document (Brown et al., 051

2020; Workshop et al., 2022; Touvron et al., 2023a) 052

the techniques used in the construction of their pre- 053

training dataset, leaving the reasons and effects of 054

choosing specific data management strategies ab- 055

sent. In the SFT stage, LLMs’ performance and 056

instruction-following abilities are primarily evoked 057

by carefully constructed instruction datasets (Sanh 058

et al., 2022; Ouyang et al., 2022). Although a hand- 059

ful of instruction datasets/benchmarks have been 060

proposed (Wang et al., 2022, 2023c; Taori et al., 061

2023; Anand et al., 2023), practitioners still find it 062

confusing about the effects of instruction datasets 063

on the performance of fine-tuned LLMs, leading 064

to difficulties in choosing proper data management 065

strategies in LLM SFT practices. To address the 066

sparsity problem of existing data, collecting data 067

from multimodal source (Zhang et al., 2023a; Yang 068

et al., 2023b) and model synthesis (Maini et al., 069

2024; Li et al., 2024a) rise as new trends. 070

To address these challenges, researchers try to 071

discover and explore the underlying principles of 072

data management. With more and more works been 073

proposed to address different aspects, it is neces- 074

sary to conduct a systematic discussion consider- 075

ing the whole picture. This survey aims to provide 076
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a comprehensive overview of current research in077

LLM data management and a guiding resource to078

practitioners attempting to build powerful LLMs079

with efficient data management practices.080

In Section 2 and 3, we respectively discuss cur-081

rent research in the pretraining and SFT stages of082

LLMs, covering multiple aspects in data manage-083

ment like domain/task composition, data quality,084

data quantity, etc., as shown in Figure 3. However,085

there still lacks a well-established and acknowl-086

edged general data management pipeline. Hence,087

We hope our work can inspire future research to088

establish and analyze such general pipelines. With089

the vision that the development of data manage-090

ment should keep pace with that of LLMs’ abil-091

itites, we present more existing challenges and092

promising future directions in Section 4.093

2 Pretraining of LLM094

Data management is found to be important in the095

pretraining stage of many prominent LLMs (Ope-096

nAI, 2023; Touvron et al., 2023a; Wei et al., 2022).097

In this section, we will discuss works trying to ex-098

plore data management in the pretraining stage099

of LLMs, including domain composition, data100

quantity and data quality, as shown in Figure 1(a).101

Strategies adopted by prominent pretrained models102

are listed in Table 1.103

2.1 Domain Composition104

Public available pretraining datasets (Gao et al.,105

2020) usually contain mixtures of data collected106

from multiple sources and domains. Many promi-107

nent models (Du et al., 2022; Gao et al., 2023;108

Zhang et al., 2023a) are also trained on a mixture of109

data from different domains. Figure 2 summarizes110

the revealed domain mixture ratios in the pretrain-111

ing datasets of prominent models.112

Early pretraining corpus mostly contain data113

with high diversity (Web and Wiki). With recent114

emphasis on the data quality and the requirement115

for advanced abilities, high quality text (Books116

and academic text) are integrated. Most recently,117

with improved importance of Coding LLM and118

essential finding that code-based pretraining can119

enhance reasoning capability of LLM, domain data120

like code and math take up higher ratio of the total121

pretraining data. A trend can be concluded that122

more and more domains are included to pretrain123

LLMs with more various and powerful abilities.124

The benefits of multi-domain composition are also125

proved in a recent study (Longpre et al., 2023b). 126

Proper domain mixture ratio is also important 127

in the pretraining of LLMs. Early attempts usu- 128

ally found the ratio by elaborated experiments and 129

intuitions (Gao et al., 2020; Du et al., 2022; Thop- 130

pilan et al., 2022). Recently, domain generalization 131

techniques are leveraged to automatically assign do- 132

main weights to form a suitable target distribution, 133

such as importance resampling (Xie et al., 2023b) 134

and Group Domain Robust Optimization (Xie et al., 135

2023a). Contribution of each domain measured via 136

gradients is also adopted to reweight domains (Fan 137

et al., 2023). Xia et al. (2023) assign batch-level 138

weights dynamically based on varying losses. Ye 139

et al. (2024) propose data mixing laws to predict 140

model performance with different mixing ratios. 141

Although proper domain composition is broadly 142

acknowledged as beneficial in the pretraining of 143

LLMs, some empirical analyses arrive at different 144

conclusions and leave open questions for future re- 145

search. For example, Longpre et al. (2023b) claim 146

that the inclusion of diverse web domains may per- 147

form better than specific mixtures in certain tasks. 148

CodeGen2 (Nijkamp et al., 2023) studies program- 149

ming and natural language mixtures and finds that 150

models trained with mixtures do not perform better 151

than but closely to domain-matched models given 152

the same computing budget. 153

2.2 Data Quantity 154

It is recognized that the pretraining of LLMs needs 155

large amounts of data. Scaling laws are proposed 156

to depict the relationships between data quantity 157

and model size. Repeatedly training on data is also 158

studied due to data exhaustion. 159

2.2.1 Scaling Laws 160

Before the popularization of LLMs, the relation- 161

ship between training dataset size and the per- 162

formance of Transformer-based language mod- 163

els (Vaswani et al., 2017) had already attracted 164

researchers’ attention. Kaplan et al. (2020) find 165

that the language model loss has a power-law re- 166

lationship with training dataset size or model size, 167

respectively, when not bottlenecked by each other 168

and the training computing budget. They further de- 169

pict the dependence between model size and train- 170

ing dataset size as: 171

L(N,D) =
[(Nc

N

)αN
αD +

Dc

D

]αD (1) 172

where L is the language model test loss, D is 173

the number of training tokens, N is the number of 174
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Figure 1: Data management pipelines for the pretraining and supervised fine-tuning of Large Language Models.

model parameters, αD and αN are the power-law175

components for the scaling of D and N , respec-176

tively, and Dc and Nc are constant numbers 1.177

Fitting Equation 1, they conclude that model178

loss decreases predictably as long as the model179

size and training dataset size are scaled up simul-180

taneously. Still, overfitting will happen if either181

of them is fixed while the other increases. Given182

fixed computing budget C, they analyze the opti-183

mal allocation of Dopt ∼ C0.27 and Nopt ∼ C0.73,184

showing that the model size should increase faster185

than the training dataset size.186

Following Kaplan et al. (2020), Hoffmann et al.187

(2022b) conduct experiments on much larger lan-188

guage models and arrive at a new scaling law, usu-189

ally called as Chinchilla Scaling Law:190

L(N,D) = E +
A

Nα
+

B

Dβ
(2)191

where they empirically fit E = 1.69, A = 406.4,192

B = 410.7, α = 0.34 and β = 0.28. The optimal193

1The precise numerical values of Dc and Nc depend on
vocabulary size and tokenization and do not have fundamental
meaning.

allocation of Dopt and Nopt are also analyzed as 194

Dopt ∼ C0.54 and Nopt ∼ C0.46. Hence, they 195

draw a different conclusion that model and training 196

dataset sizes should scale roughly at the same rate 197

with a larger computing budget. Su et al. (2024) 198

dig deeper into Kaplan’s scaling laws and provide 199

more detailed instructions to fit the constants. 200

2.2.2 Data Repetition 201

While Kaplan et al. (2020) and Hoffmann et al. 202

(2022b) both focus on scaling laws with unique 203

data trained only for one epoch, Hernandez et al. 204

(2022) study the scaling laws with a small fraction 205

of repeated data in the training dataset and find that 206

the text overlap may be harmful to model perfor- 207

mance, causing a divergence from Kaplan’s scaling 208

law on model size larger than 100M parameters. 209

With the models grow larger and larger, data 210

has becoming more and more demanding, raising 211

concerns about the exhaustion of high-quality train- 212

ing data (Villalobos et al., 2022; Hoffmann et al., 213

2022b). Addressing these concerns, several works 214

study the consequence of repeatedly pretraining on 215

the whole datasets for multiple epochs. Scaling law 216

3



T5 (2019)

GPT-3 (2020)

GLaM (2021)

LaMDA (2022)

Chinchilla (2022)

BLOOM (2022)

PaLM (2022)

LLaMA (2023)

AlphaCode (2022)

phi-1/1.5/2 (2023)

99

82

46

25

65

60

28

82

1

3

6

12.5

1

5

4

4.5

16

20

30

10

13

4.5

28

50

5

50

2

12.5

4

100

10

5

4.5

1

10

2.5

99

Web Wiki Books Dialog Code Academic

Figure 2: The domain composition of prominent Large Language Models.

on repeated training is proposed to depict the dimin-217

ishing of returns with more repetition and larger218

model sizes (Muennighoff et al., 2023) and shows219

a multi-epoch degradation phenomenon (Xue et al.,220

2023). Further analysis digs out that dataset size,221

model parameters, and training objectives are the222

key factors to this phenomenon, and classic regu-223

larization techniques may not be helpful, except for224

dropout (Xue et al., 2023).225

There are still positive results in the research226

of data repetition. Muennighoff et al. (2023) find227

that repeatedly training on the whole dataset up228

to 4 epochs only causes trivial harm to test loss229

compared to training on unique new data. Instead230

of simply repeating over the whole dataset, Tiru-231

mala et al. (2023) show that repeatedly training232

on carefully selected data can outperform that on233

randomly selected new data, suggesting a feasible234

way of repeating on intelligently selected data.235

Recently, pretraining with mixed real and syn-236

thesized data is adopted to meet the data exhaus-237

tion challenge (Javaheripi and Bubeck, 2023; Meta,238

2024). It is also gaining more an more attention239

and develops into a new trend as data synthesize.240

2.3 Data Quality241

In the pretraining of LLMs, Quality control tech-242

niques of the pretraining datasets usually form an243

order (Rae et al., 2021; Nguyen et al., 2023; Tiru-244

mala et al., 2023; Gan et al., 2023), namely quality245

filtering, deduplication and toxicity filtering. Data246

diversity and age are also explored.247

2.3.1 Quality Filtering248

Public datasets like Common Crawl 2 and multilin-249

gual datasets (Kreutzer et al., 2022) usually contain250

low-quality data that hampers the training of LLMs.251

2https://commoncrawl.org/, a large text corpus contains
raw web page data, metadata extracts, and text extracts.

Hence, existing works usually perform quality fil- 252

tering using hand-crafted heuristics (Yang et al., 253

2019; Raffel et al., 2020; Nijkamp et al., 2022), a 254

trained classifier (Brown et al., 2020; Gao et al., 255

2020; Du et al., 2022; Touvron et al., 2023a; Wettig 256

et al., 2024), metric thresholding (Wenzek et al., 257

2020; Muennighoff et al., 2023) or combinations of 258

these techniques. Besides instance-level filtering, 259

embedding clustering is also adopted to filter one 260

cluster at a time (Kaddour, 2023). 261

Despite the reduction of training data quantity, 262

quality filtering is usually proven to be beneficial in 263

model performance improvement (Longpre et al., 264

2023b). Several carefully filtered high-quality 265

datasets are proposed to train lightweight language 266

models and achieve outstanding performances (Gu- 267

nasekar et al., 2023; Li et al., 2023d; Javaheripi and 268

Bubeck, 2023; Penedo et al., 2023). However, Gao 269

(2021) finds that aggressive filtering might lead to 270

performance degradation on a wide range of tasks 271

for GPT-like LLMs due to the poor representativ- 272

ity of the filtering proxy objectives. To address 273

this issue, Marion et al. (2023) comprehensively 274

examine different data quality estimators and find 275

that pruning datasets based on perplexity performs 276

better than more complicated techniques like mem- 277

orization. Gan et al. (2023) develop data-centric 278

scaling laws and show that improving semantic and 279

grammatical quality is more effective. However, 280

there still lacks a well-established and theoretically 281

efficient filtering strategy, leaving room for further 282

exploration. 283

2.3.2 Deduplication 284

Deduplication is a necessary step in many LLMs’ 285

pretraining data management procedures and 286

the preprocessing of many publicly available 287

datasets (Brown et al., 2020; Workshop et al., 2022; 288

Touvron et al., 2023a; Raffel et al., 2020). Lee et al. 289

(2021) find that deduplication is beneficial in mem- 290
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orization mitigation, train-test overlap avoidance,291

and training efficiency improvement while keep-292

ing model perplexity. Kandpal et al. (2022) also293

show that deduplication can considerably lower the294

success rate of privacy attacks aiming at model295

memorization.296

Among practices of deduplication, N-gram-297

and-hashing is the most commonly adopted tech-298

nique (Lee et al., 2021; Borgeaud et al., 2022; Rae299

et al., 2021). It can operate at line-level (Tou-300

vron et al., 2023a), document-level (Hoffmann301

et al., 2022a; Li et al., 2022b) or combinations302

of them. Recently, neural models are experimen-303

tally proven to outperform traditional N-gram-and-304

hashing methods (Silcock et al., 2022). Address-305

ing semantic deduplication, Abbas et al. (2023)306

propose SemDeDup to remove semantic duplicates307

that lie closely in the pretrained model’s embedding308

space and apply clustering to reduce the searching309

computation.310

2.3.3 Toxicity Filtering311

Toxicity refers to the text content which is312

"rude, disrespectful, or unreasonable language313

that is likely to make someone leave a discus-314

sion" (Gehman et al., 2020; Welbl et al., 2021).315

As raw text corpora usually contain toxic text (Luc-316

cioni and Viviano, 2021; Longpre et al., 2023b),317

toxicity filtering aims to remove text with undesir-318

able toxic text in the pretraining datasets, further319

preventing LLMs from generating toxic utterances.320

Similar to quality filtering, heuristic and rule-based321

filtering (Lees et al., 2022; Gargee et al., 2022;322

Friedl, 2023) and N-gram classifiers (Raffel et al.,323

2020) are usually adopted as toxicity filters.324

Although effective in model detoxifying, Long-325

pre et al. (2023b) discover that toxicity filtering326

reduces the risk of toxic generation by sacrific-327

ing model generalization and toxicity identifica-328

tion ability. Moreover, Xu et al. (2021) and Welbl329

et al. (2021) find that training dataset detoxifica-330

tion leads to the marginalization of minority groups331

like dialects and minority identity mentions, posing332

challenges in building unbiased LLMs.333

2.3.4 Data Diversity334

Some works focus on other aspects of data manage-335

ment in the pretraining stage of LLMs. Lee et al.336

(2023a) show that the format diversities of pub-337

licly available pretraining datasets are high when338

measured by Task2Vec diversity coefficient (Mi-339

randa et al., 2022). Maharana et al. (2023) propose340

D2 Pruning to balance data diversity and difficulty 341

in data selection by representing datasets as undi- 342

rected graphs and adopting forward-and-reverse 343

message passing strategy to select a subgraph en- 344

veloping both diverse and difficult data samples. 345

2.3.5 Data Age 346

In current practices, more recent LLMs are usually 347

pretrained using newer data 3. Some knowledge 348

learned by pretrained LLMs could also be time- 349

sensitive. Longpre et al. (2023b) study the impact 350

of data age and find that the temporal shift between 351

evaluation and pretraining data will lead to inaccu- 352

rate performance estimation. This temporal mis- 353

alignment might not be overcome by fine-tuning, 354

especially for larger models. 355

2.4 Relations Among Domain Composition, 356

Data Quantity and Data Quality 357

Recently, several scaling laws are proposed to ex- 358

plore the synergistic effect of different aspects on 359

the pretrained model performance, such as the bi- 360

variate model performance prediction regarding 361

data quantity and domain composition ratio (Ge 362

et al., 2024a), the quality-quantity tradeoff under 363

different computing budget (Goyal et al., 2024), 364

and the positive correlation between data quality 365

and model scale under the same data quantity (Bi 366

et al., 2024). What’s more, Shen et al. (2023) em- 367

phasize global deduplication to remove overlaps 368

among different domains. Longpre et al. (2023b) 369

claim that domains with high quality and diversity 370

are more beneficial than other domains. 371

3 Supervised Fine-Tuning of LLM 372

Based on the general knowledge and capabilities 373

learned in the pretraining stage, supervised fine- 374

tuning (SFT) is proposed to further improve LLMs 375

with instruction-following ability and alignment 376

with human expectations (Wei et al., 2021; Sanh 377

et al., 2022; Ouyang et al., 2022). Although LLMs 378

fined-tuned with existing instruction datasets have 379

achieved remarkable performance in various NLP 380

tasks, the impacts of instruction data management 381

on fine-tuned models are still under debate. The 382

data management process in the SFT stage can be 383

summarized as illustrated in Figure 1(b), including 384

task composition, data quality control, data quan- 385

tity control and dynamic data-efficient learning. 386

Table 2 summarizes the data management practices 387

of prominent fine-tuned LLMs. 388

3https://platform.openai.com/docs/models
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3.1 Task Composition389

Since LLMs have shown surprisingly emergent390

abilities in handling various NLP tasks, multitask391

fine-tuning appears to be promising to improve392

LLMs’ generalization performance on unseen tasks.393

The benefits of increasing the number of tasks in394

SFT have been experimentally proven on models395

with different sizes ranging from 3B to 540B pa-396

rameters (Wang et al., 2022; Sanh et al., 2022; Wei397

et al., 2021; Chung et al., 2022). With the scaling398

of tasks, the mixture ratio of data targeting differ-399

ent tasks is also found to be critical and usually400

decided by experiments and intuitions (Iyer et al.,401

2022; Longpre et al., 2023a). To enable LLMs402

to solve targeted tasks with specific skills, repre-403

sentation similarity (Ivison et al., 2023; Lee et al.,404

2024) and gradient similarity (Xia et al., 2024) is405

proposed to select relevant multitask subsets.406

However, conflicts might exist among the many407

tasks. Dong et al. (2023) focus on task composition408

among mathematical reasoning, code generation,409

and general human-aligning abilities. They find410

that model abilities are improved when the mixed411

data amount is small but decreased otherwise. The412

negative impact of large amount mixing data might413

lie in the similarity degree of data format and data414

distribution among different SFT tasks. Wang et al.415

(2023b) also experimentally show that different416

instruction datasets may correspond to different417

specific abilities. And winning across all evalua-418

tions using a single dataset or combination seems419

to be challenging.420

Divergent from compositing multiple tasks,421

some works claim that integration of LLMs tuned422

on single task data can outperform one LLM tuned423

on multiple tasks (Jang et al., 2023; Chen et al.,424

2023b). But fine-tuning more task-specific LLMs425

also means more resource consumption. How to426

efficiently equip LLMs with the ability to solve427

multiple tasks still demands more exploration.428

3.2 Data Quality429

Data quality is always a focal point in the SFT of430

LLMs, addressing instruction quality, diversity, and431

complexity. Here, we focus more on managing and432

analyzing existing instruction data instead of in-433

struction generation methods discussed in previous434

surveys (Zhang et al., 2023b; Wang et al., 2023e).435

3.2.1 Instruction Quality436

Many researchers have found that the quality of437

instruction data is one of the most important factors438

in improving model performance (Chia et al., 2023; 439

Zhou et al., 2023a; Ding et al., 2023). During the 440

construction of instruction dataset, there is usually 441

a filtering step to select high-quality instructions 442

generated by models. 443

Heuristic- and model-based natural language in- 444

dicators like perplexity and uncertainty are com- 445

monly adopted filtering criteria (Wang et al., 2023d; 446

Cao et al., 2023; Bhatt et al., 2024). What’s more, 447

losses (Zhou et al., 2023b; Li et al., 2023b, 2024b) 448

and output probabilities (Li et al., 2023a,e; Chen 449

and Mueller, 2024; He et al., 2024b; Liu et al., 450

2024) of LLMs are adopted to compute more com- 451

plex scores for data selection. Popular searching 452

approaches like BlendSearch (Wang et al., 2020) 453

are also leveraged to find high-quality instructions 454

satisfying the criteria (Cao et al., 2023). 455

In addition, LLMs are also queried to directly 456

evaluate the quality of instructions. Fine-tuned 457

LLMs are prompted to assign quality scores (Li 458

et al., 2023c) or provide self-feedback (Lu et al., 459

2023a; Madaan et al., 2023) to their own responses 460

to iteratively improve model prediction. Strong 461

LLMs like ChatGPT (Ye et al., 2023; Chen et al., 462

2023c; Li et al., 2023a) or reward models (Du et al., 463

2023) are also adopted as quality judges during 464

instruction data filtering. Recently, weak-to-strong 465

strategy is introduced to select high-quality data 466

with smaller and weaker models (Li et al., 2024c; 467

Yang et al., 2024; Mekala et al., 2024). 468

3.2.2 Instruction Diversity 469

The intention and semantic diversity of instructions 470

is another important factor that has shown positive 471

effects on model performance improvement and 472

robustness (Zhou et al., 2023a; Ding et al., 2023; 473

Taori et al., 2023; Bukharin and Zhao, 2023). How- 474

ever, there is no well-acknowledged measurement 475

to quantitatively indicate the diversity of an instruc- 476

tion dataset. #InsTag (Lu et al., 2023b) propose 477

to measure instruction diversity using fine-grained 478

tags generated by ChatGPT 4. Specifically, it quan- 479

tifies instruction diversity as the unique tag cover- 480

age rate in the overall tag set. 481

To maintain both diversity and data-efficiency in 482

the instruction datasets, Rouge-L similarity (Wang 483

et al., 2023c), embedding distance (Wu et al., 2023; 484

Bukharin and Zhao, 2023; Huang et al., 2024) and 485

scoring models (Ge et al., 2024b) are proposed to 486

select instructions that are different from each other 487

in literal, semantic and human-aligning level. 488

4https://chatgpt.openai.com/
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Due to data constraints, diversity can be chal-489

lenging in some domain-specific tasks. Thus, Wan490

et al. (2023) propose to enlarge the data coverage491

through active searching variations and possibili-492

ties of instructions using LLMs.493

3.2.3 Instruction Complexity494

Instruction complexity is found to be crucial495

in developing LLMs with complex instruction-496

following and reasoning abilities (Xu et al., 2023a;497

Luo et al., 2023b; Mukherjee et al., 2023; He et al.,498

2024a). Several works endeavor to quantify and499

evaluate instruction complexity. Using aforemen-500

tioned tags, #InsTag (Lu et al., 2023b) quantifies501

complexity as the average tag number assigned to502

each query in a dataset. He et al. (2023) evaluate503

complex instruction with eight features addressing504

the length, contents, and formats of input texts and505

task descriptions.506

It is also empirically showed that complexity en-507

hancement is necessary for performance improve-508

ment (Zhao et al., 2023b). To increase the in-509

struction complexity in SFT datasets, some works510

propose to incrementally augment existing instruc-511

tions by adding nodes to semantic tree (Zhao et al.,512

2023b) or performing operations such as increasing513

reasoning, adding constraints, in-breadth evolving,514

deepening, and so on (Xu et al., 2023a; Luo et al.,515

2023b; Jiang et al., 2023b; Sun et al., 2024a).516

3.3 Data Quantity517

Different with the acknowledged scaling laws of518

pretraining data, explorations of the relationship519

between scaling instruction data quantity and fine-520

tuned model performance diverge in two directions.521

In the earlier stage, researchers follow the obser-522

vations in the pretraining of LLMs and argue that523

scaling up the instruction data quantity is crucial524

for success (Wei et al., 2021; Sanh et al., 2022).525

Recently, more works claim that data quality is526

more important than data quantity in the SFT of527

LLMs, and propose to scaling down the instruction528

datasets with limited high-quality data (Zhou et al.,529

2023a; Chen et al., 2023b). However, Zhang et al.530

(2024) propose a power-based multiplicative joint531

scaling law, showing that increased fine-tuning data532

could lead to improved model performance after533

achieving good results with limited data.534

Addressing this conflict, several works attempt535

to analyze the scaling patterns for different tasks536

or different model abilities. A consensus of these537

works is that different abilities have different scal-538

ing patterns and develop at different paces. Dong 539

et al. (2023) find that general ability can be en- 540

hanced with about 1,000 samples and improves 541

slowly after then, while mathematical reasoning 542

and code generation improve consistently with the 543

increasing of instruction data amount. Similarly, 544

Yuan et al. (2023) observe a log-linear relation be- 545

tween instruction data amount and models’ math- 546

ematical reasoning performance, but stronger pre- 547

trained models improve less with more instruction 548

data. Surprisingly, the empirical study of Ji et al. 549

(2023) on 12 major real-world online user cases 550

draws to an exactly opposite point. Song et al. 551

(2023) also show that some abilities have com- 552

pletely different patterns from others. 553

3.4 Dynamic Data-Efficient Learning 554

While works discussed above focus more on the 555

static management of instruction datasets without 556

interaction with model fine-tuning, some works try 557

to combine data selection with model fine-tuning, 558

achieving data-efficient learning in a dynamic way. 559

Training affects data. Some works propose to 560

dynamically change the datasets along with the 561

fine-tuning process. Attendu and Corbeil (2023) 562

propose a dynamic data pruning method that pe- 563

riodically filters out unimportant examples during 564

SFT using extended versions of EL2N metric (Paul 565

et al., 2021; Fayyaz et al., 2022). AlShikh et al. 566

(2023) predict the responses as "answer-like or not" 567

by a binary classifier, in order to measure LLMs’ 568

instruction-following ability and serve as an early- 569

stopping criterion. Kung et al. (2023) conduct ac- 570

tive task searching to select informative tasks based 571

on prompt uncertainty and fine-tune in a loop. 572

Data affects training. Instead of manipulating 573

instruction datasets, some works propose special 574

training strategies to accommodate the datasets. To 575

mitigate forgetting and negative task impact, Yin 576

et al. (2023a) and Wang et al. (2024) treat task selec- 577

tion as a replay strategy in continual learning sce- 578

narios; DMT (Dong et al., 2023) learns specialized 579

and general abilities sequentially while keeping a 580

small proportion of specialized data. To efficiently 581

learn mixed-quality data acquired from LLMs with 582

different level of abilities, OpenChat (Wang et al., 583

2023a) proposes C-RLFT strategy that considers 584

different data sources as coarse-grained reward la- 585

bels; Xu et al. (2023b), Sun et al. (2024a) and Kim 586

and Lee (2024) propose to make the model progres- 587

sively learn from easy to hard, respectively regard- 588
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ing different data quality, instruction complexity589

and task hardness.590

3.5 Relations Among Task composition, Data591

Quality and Data Quantity592

Similar as in the pretraining stage, different aspects593

of supervised fine-tuning data management can af-594

fect model performance jointly. Lu et al. (2023b)595

analyze popular open-set SFT datasets using #In-596

sTag and show that larger dataset sizes tend to be597

more diverse and induce higher performance. Cur-598

rent research on data selection tends to uniformly599

consider instruction quality and diversity (Bukharin600

and Zhao, 2023; Xu et al., 2023c). Since different601

model abilities have different scaling patterns as602

discussed in Section 3.3, more efficient task com-603

position strategies are required to build stronger604

multi-task LLMs.605

In summary, we provide a list of takeaways in606

Appendix A. Some other aspects of data manage-607

ment are discussed in Appendix B.608

4 Challenges and Future Directions609

The exploration of data management and its impact610

on LLM pretraining and SFT is still an ongoing611

task. In this section, we point out several challenges612

and corresponding future directions in the research613

of training data management for LLMs.614

General data management framework Al-615

though data management systems are proposed616

to compose various data recipes in either the pre-617

training or SFT stage of LLM (Chen et al., 2023a;618

Zhou et al., 2023c; Sun et al., 2024b), practitioners619

still need to spend efforts on organizing suitable620

datasets. A well-established general data manage-621

ment framework suitable for a broad range of ap-622

plications is an urgent and worthy future direction623

in developing and promoting LLMs.624

Beyond that, a more autonomous data manage-625

ment system is also needed to greatly save human626

efforts. To build such systems, LLMs might be627

leveraged and serve as different roles such as qual-628

ity examinator, data augmentor, and so on.629

Data debiasing and detoxifying Current pre-630

training corpora and instruction datasets might con-631

tain harmful information and social biases, which632

lead to negative social impacts and undesirable633

model behavior. With the application of LLMs634

keeps extending to more demanding fields, the fair-635

ness and harmlessness of LLMs will become more636

and more innegligible. Hence, as one way to build 637

ideal LLMs without biases and harmful output, de- 638

biasing and detoxifying of pretraining and instruc- 639

tion data is an important research direction. 640

Multimodal data management Current re- 641

search in data management mostly focuses on nat- 642

ural language processing. With the application of 643

LLMs extending to modalities like vision, audio, 644

etc., it is necessary to see the impacts of multimodal 645

data management on the performance of fine-tuned 646

multimodal LLMs. 647

Data management for LLM self-exploration 648

The ability to actively explore the unknown envi- 649

ronment and tasks is one of the future perspectives 650

in LLM development. Learning from large-scale 651

interaction data requires efficient data management 652

system to construct suitable datasets. 653

Efficient filtering for synthesized data As data 654

annotation requires intensive human labors and ex- 655

isting data will be exhausted, automatically synthe- 656

sizing new data using LLMs is newly proposed as 657

a promising solution (Maini et al., 2024; Li et al., 658

2024a). In this process, efficient filtering for syn- 659

thesized data is required to ensure its quality. 660

Fine-grained data ordering Some works start 661

to pay attention to the ordering of data in both the 662

pretraining (Gan et al., 2023; Guo et al., 2024) and 663

SFT stage (Xu et al., 2023b; Yin et al., 2023a). It is 664

shown that more fine-grained data ordering could 665

be beneficial to model performance improvement. 666

Conflicted data separation In multi-task fine- 667

tuning, negative impact of mixing data is observed 668

and attribute to conflicts among different task 669

data (Dong et al., 2023). Thus, separating and 670

effectively learning from conflicted data samples is 671

a challenging problem in multi-task learning. 672

5 Conclusions 673

This paper overviews the training data manage- 674

ment of LLMs. We discuss the pretraining and 675

supervised fine-tuning stages of LLM successively 676

and summarize the up-to-date research efforts ac- 677

cording to the data management process of each 678

stage. Finally, we highlight several challenges and 679

future directions for LLM training data manage- 680

ment. We hope this survey can provide insightful 681

guidance for practitioners and inspire further re- 682

search in efficient training data management for 683

the development of LLMs. 684
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Limitations685

In this survey, we provide an overview of train-686

ing data management for LLMs. Despite our best687

efforts, there may still be several limitations re-688

maining in our work.689

The exploration of training data management690

expands across a wide range of datasets from dif-691

ferent sources, models with different architectures692

and sizes, and tasks addressing the different abil-693

ities of LLMs. Due to the page limit, we do not694

include the technical details for each work, which695

may lead to certain confusion. Thus, we recom-696

mend interested researchers to read specific papers697

for more information.698

As the research of LLMs develops vigorously,699

works are published or preprinted at a rapid speed.700

We tried our best to cover the up-to-date works701

proposed in the recent two years, but some works702

may be inevitably missed in this survey. We will703

continually pay close attention to the latest research704

developments to supplement our work.705

In this work, we put our main efforts into train-706

ing data management for LLMs. However, the707

management strategy for evaluation data are also708

important in the development of LLMs. Here, we709

leave discussion in this field in our future work.710
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A Takeaways 1638

In the pretraining stage of LLMs: 1639

• The coverage of more domains and proper do- 1640

main mixture ratio are important. Recently, 1641

researchers try to automatically find the proper 1642

domain mixture weights, which still show 1643

room for improvement. 1644

• Large amount of data is widely considered 1645

critical, and proper data repetition may also 1646

bring positive impacts to model performance. 1647

• Data quality control is necessary usually form 1648

an order, namely quality filtering, deduplica- 1649

tion and toxicity filtering.. However, over- 1650

aggressive quality and toxicity filtering may 1651

lead to performance degradation and social 1652

biases, which is still under-explored. 1653

• Data diversity and temporal misalignment also 1654

have impacts on model performance, which 1655

call for future study. 1656

In the supervised fine-tuning stage of LLMs: 1657

• Multitask fine-tuning is widely adopted nowa- 1658

days. However, conflictions may exist among 1659

tasks and hinders the model abilities. Hence, 1660

dealing with negative task confliction is also 1661

calling for better answers. Ensembling multi- 1662

ple single-task experts instead of training one 1663

multitask model also arises as an new trend. 1664

• Quality control are usually achieved through 1665

heuristics, human evaluation or LLMs as qual- 1666

ity judges. Instruction diversity and complex- 1667

ity are also beneficial and enhanced by several 1668
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works. The exploration of more diverse and1669

complex instructions is still an open question.1670

• Works have shown that the SFT of LLM rely1671

more on data quality than data quantity. How-1672

ever, digging deeper into the influence of data1673

quantity, some researchers find that the learn-1674

ing of different tasks may require different1675

amount of data.1676

• Instead of keep instruction datasets unchanged1677

during fine-tuning, works propose to adjust1678

the datasets dynamically through fine-tuning.1679

Special fine-tuning strategies are also contin-1680

ually shown up to utilize the instruction data1681

more efficiently.1682

B Other Aspects of Data Management1683

For LLMs1684

B.1 Social Bias1685

Besides the marginalization of minority groups1686

caused by data detoxifying mentioned in Sec-1687

tion 2.3.3, several works (Kurita et al., 2019; Nan-1688

gia et al., 2020; Meade et al., 2022; Feng et al.,1689

2023) find that pre-trained LLMs can capture social1690

biases contained in the large amounts of training1691

text. Evaluating on the C4.EN (Raffel et al., 2020)1692

dataset, Dodge et al. (2021) recommend document-1693

ing the social biases and representational harms as1694

well as excluded voices and identities in large web1695

text corpora. Using a dataset of U.S. high school1696

newspaper articles, Gururangan et al. (2022) also1697

argue that the quality filters used for GPT-3 (Brown1698

et al., 2020) prefer newspapers published by larger1699

schools located in wealthier, educated, and urban1700

ZIP codes, leading to a language ideology. Feng1701

et al. (2023) conduct a comprehensive case study1702

focusing on the effects of media political biases in1703

the pretraining corpus on the fairness of hate speech1704

detection and misinformation detection w.r.t. parti-1705

san leanings and how it is propagated to language1706

models even further to downstream tasks.1707

As addressed in previous research, there is still1708

a large gap between current prominent LLMs and1709

ideal LLMs without social biases. Many questions1710

are worth exploring, such as how to mitigate the1711

potential biases in pretraining datasets, the exis-1712

tence of bias in the SFT datasets, and whether it is1713

feasible to reduce social bias through SFT.1714

B.2 Prompt Design 1715

Current instructions are either heuristically de- 1716

signed by human (Wang et al., 2022; Köpf et al., 1717

2023) or synthetically generated by prominent mod- 1718

els (Peng et al., 2023; Ding et al., 2023). The choice 1719

of prompts might cause significant model perfor- 1720

mance variation (Gonen et al., 2022; Weber et al., 1721

2023). Early attempts include manual reformula- 1722

tion of prompts into the ones easier to follow for 1723

language models (Mishra et al., 2022), and choos- 1724

ing prompts with the lowest perplexity to get the 1725

most significant gains in model performance (Go- 1726

nen et al., 2022). Recently, Liang et al. (2023) 1727

develop a format transfer framework UIT to trans- 1728

fer instructions from different datasets into unified 1729

formats automatically. 1730

Some works focus on studying the impact of 1731

prompt phrasing. Khashabi et al. (2022) surpris- 1732

ingly find that the discretized interpretation of con- 1733

tinuous prompts is not always consistent with the 1734

discrete prompts describing the same task as heuris- 1735

tically expected. Yin et al. (2023b) find that remov- 1736

ing the descriptions of task output, especially the 1737

label information, might be the only reason for 1738

performance degradation. They also propose an 1739

automatic task definition compression algorithm 1740

to remove almost half or more of the tokens while 1741

improving model performance. Kung and Peng 1742

(2023) also remove all semantic components in 1743

task definitions but the output space information. 1744

They achieve comparable model performance using 1745

the modified task definitions and delusive examples 1746

containing incorrect input-output mappings. Based 1747

on their experiment results, they cast doubts on the 1748

performance gain of fine-tuned models and state 1749

that the model may only learn superficial patterns 1750

during instruction tuning. 1751

Besides the choice of phrasing, the generation 1752

source of prompts is another factor in prompt de- 1753

sign. Gudibande et al. (2023) raise questions on 1754

fine-tuning a weaker language model on outputs of 1755

a stronger model and find that the imitation model 1756

might adapt to mimic the stronger model’s style but 1757

not its functionality. Similarly, Song et al. (2023) 1758

also observe that human-designed data can out- 1759

perform synthetically generated data from GPT- 1760

4 (OpenAI, 2023) to a relatively large extent. 1761

B.3 Hallucinations 1762

Despite their strong power, LLMs are notorious for 1763

their hallucinations, i.e. the generation of input-, 1764
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context- or fact-conflicting contents (Zhang et al.,1765

2023c). Several works in hallucination trace down1766

the occurrence of hallucination to the lack of per-1767

tinent knowledge and the internalization of false1768

knowledge from the pretraining corpora (Li et al.,1769

2022a; McKenna et al., 2023; Dziri et al., 2022).1770

To mitigate hallucination, the curation of pretrain-1771

ing corpora is adopted by many LLMs, mainly fo-1772

cusing on the extracting of high-quality data, e.g.,1773

GPT-3 (Brown et al., 2020), Llama 2 (Touvron1774

et al., 2023b), and Falcon (Penedo et al., 2023).1775

The manually curated (Zhou et al., 2023a) and au-1776

tomatically selected (Chen et al., 2023c; Cao et al.,1777

2023; Lee et al., 2023b) high-quality instruction1778

data are also experimentally shown to be effective1779

in reducing hallucination during the SFT stage. It1780

can be seen from the previous research that data1781

management in both the pretraining and SFT stages1782

can be a promising solution to hallucination.1783

C Related Surveys1784

As LLMs draw more and more attention, a hand-1785

ful of surveys have been published or preprinted1786

addressing different aspects of their development.1787

Related to our work, several of them also include1788

parts of the data preparation process in the pretrain-1789

ing or SFT of LLM. Zhao et al. (2023a) review the1790

development of LLMs and the latest advancements1791

covering a wide range of topics. Yang et al. (2023a)1792

also provide an overview of the LLM evolution and1793

discuss the related techniques from model, data,1794

and downstream tasks. Also concentrating on data,1795

Zha et al. (2023) introduce data-centric AI and1796

its related tasks and methods for general machine1797

learning models instead of LLMs. Zhang et al.1798

(2023b) survey the instruction tuning of LLMs and1799

its related methodologies, data construction, appli-1800

cations, and so on. Wang et al. (2023e) review the1801

technologies aligning LLMs with human expecta-1802

tions including data collection, training methodolo-1803

gies, and model evaluation.1804

Unlike previous surveys, this survey provides1805

a systematic and detailed overview of data man-1806

agement at both the pretraining and SFT stages1807

of LLMs. We focus on the proper organization1808

of training datasets and discuss recent research1809

addressing the effects of different data manage-1810

ment strategies, the evaluation of curated train-1811

ing datasets, and the latest advances in training1812

data management strategies, providing a guiding1813

resource for practitioners aiming to build powerful1814

LLMs through efficient data management. 1815

D Comparison of Data Management 1816

Strategies Used by Representative 1817

LLMs 1818

We provide two summary tables, Table 1 for pre- 1819

trained LLMs and Table 2 for SFT LLMs, with bet- 1820

ter and clearer comparison of the data management 1821

strategies used by current representative LLMs. 1822

E Taxonomy 1823

The full taxonomy of research discussed in this 1824

survey is illustrated in Figure 3 1825
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Pretrained LLMs Open-
sourced Quantity Deduplication Quality

Filters
Toxicity
Filters Domian Composition

T5
(Raffel et al., 2020)

√
750GB N-gram Heuristic Heuristic 99% Web, < 1% Wiki

GPT-3
(Brown et al., 2020)

499B
tokens

MinHash,
LSH Classifier 82% Web, 16% Books,

3% Wiki

GLaM
(Du et al., 2022)

1.6T
tokens Classifier 46% Web, 28% Dialog,

20% Books, 6% Wiki

LaMDA
(Thoppilan et al., 2022)

1.56T
words

50% Dialog, 25% Web,
12.5% Wiki,
12.5% Code

Chinchilla
(Hoffmann et al., 2022a)

1.4T
tokens

N-gram,
Doc-level Heuristic Heuristic 65% Web, 30% Books,

4% Code, 1% Wiki

AlphaCode
(Li et al., 2022b) 715.1GB Doc-level Heuristic 100% Code

GLM
(Zeng et al., 2022)

√ 400B
tokens

50% Pile,
50% Chinese Web data

BLOOM
(Workshop et al., 2022)

√ 1.61TB
text

SimHash,
Substring
clustering

Heuristic Heuristic

60% Web, 10% Books,
10% Code,
10% Academic,
5% Dialog, 5% Wiki

PaLM
(Anil et al., 2023)

780B
tokens

Levenshtein
distance

Heuristic,
Classifier Classifier

50% Dialog, 28% Web,
13% Books, 5% Code,
4% Wiki

LLaMA
(Touvron et al., 2023a)

√ 1.4T
tokens

Line-level,
Book-level

Heuristic,
Classifier Classifier

82% Web, 4.5% Code,
4.5% Wiki,
4.5% Books,
2.5% Academic,
2% Dialog

Mistral
(Jiang et al., 2023a)

√
- - - - -

phi-1/1.5
(Gunasekar et al., 2023)

(Li et al., 2023d)

√ 7B
tokens Classifier 99% Academic,

<1% Code

phi-2
(Javaheripi and Bubeck, 2023)

√ 1.4B
tokens Classifier

GPT-4
(OpenAI, 2023) - - - - -

LLaMA 2
(Touvron et al., 2023b)

√ 2.0T
tokens Heuristic

QWen
(Bai et al., 2023)

√ 3T
tokens

Exact Match,
MinHash,
LHS

Heuristic,
Classifier Classifier Web, Books,

Codes, Academic

Deepseek LLM
(Bi et al., 2024)

√
- - - - -

Table 1: The data management strategies used by representative pretrained models. The blank units mean no specific
design of corresponding strategies according to the original papers. The ’-’ means the data management process is
not released. Part of the data is adopted from (Longpre et al., 2023b)
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SFT LLMs Dataset Quantity Quality
Control

Diversity
Control

Complexity
Enhancing

No. of
Tasks

Task
Balancing

Tk-Instruct
(Wang et al., 2022) NIv2 5M Heuristic

Human 1616
Limited
instances
per task

Flan-T5
(Longpre et al., 2023a) Flan 2022 15M Input

Inversion 1836 Experiments
intuitions

OPT-IML
(Iyer et al., 2022)

OPT-IML
Bench 18M 2000 Experiments

Alpaca
(Taori et al., 2023) Alpaca 52K Heuristic ROUGE-L

similarity 80

Vicuna
(Chiang et al., 2023) ShareGPT 70K Heuristic

LIMA
(Zhou et al., 2023a) LIMA 1K Heuristic

Human
Heuristic,
Human

Dolly
(Conover et al., 2023) dolly-15k 15K Human

Orca
(Mukherjee et al., 2023)

sampled
Flan 2022 5M

Chat-GPT/
GPT-4
augmentation

WizardLM
(Xu et al., 2023a)

WizardCoder
(Luo et al., 2023b)

WizardMath
(Luo et al., 2023a)

WizardLM
WizardCoder
WizardMath

250K Evol-Instruct Evol-Instruct

AlpaGasus
(Chen et al., 2023c) AlpaGasus 9K Chat-GPT

grading

Platypus
(Lee et al., 2023b)

Open-
Platypus 25K Dedup,

Heuristic

OpenChat
(Wang et al., 2023a) ShareGPT 6K C-RLFT

MAmmoTH
(Yue et al., 2023) MathInstruct 260K 7 math

fields
Combining
CoT and PoT

Table 2: The data management strategies used by representative supervised finetuned models. The blank units
mean no specific design of corresponding strategies according to the original papers. "NIv2" is the abbreviation for
"Super-NaturalInstructions". "Dedup" is the abbreviation for "Deduplication".
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Domain Composition (§2.1)
Longpre et al. (2023b), Nijkamp et al. (2023), Shen et al. (2023),
Xie et al. (2023b), Xie et al. (2023a), Fan et al. (2023), Ye et al. (2024),
(Xia et al., 2023)

Data Quantity (§2.2)
Scaling Laws Kaplan et al. (2020), Hoffmann et al. (2022b), Su et al. (2024)

Data Repetition
Villalobos et al. (2022), Muennighoff et al. (2023), Hernandez et al. (2022),
Xue et al. (2023), Tirumala et al. (2023)

Data Quality (§2.3)

Quality Filtering

Gao (2021), Kreutzer et al. (2022), Gunasekar et al. (2023), Li et al. (2023d),
Penedo et al. (2023), Marion et al. (2023), Longpre et al. (2023b),
Kaddour (2023), Javaheripi and Bubeck (2023), Gan et al. (2023),
Wettig et al. (2024)

Deduplication
Lee et al. (2021), Kandpal et al. (2022), Silcock et al. (2022),
Abbas et al. (2023)

Toxicity Filtering
Luccioni and Viviano (2021), Xu et al. (2021), Welbl et al. (2021),
Longpre et al. (2023b)

Diversity & Age Lee et al. (2023a), Maharana et al. (2023), Longpre et al. (2023b)

Social Bias*
Dodge et al. (2021), Meade et al. (2022), Gururangan et al. (2022)
Feng et al. (2023)

Hallucinations* Li et al. (2022a), McKenna et al. (2023), Dziri et al. (2022)

Relations Among
Different Aspects (§2.4)

Ge et al. (2024a), Goyal et al. (2024), Bi et al. (2024), Shen et al. (2023),
Longpre et al. (2023b)

Su
pe

rv
is

ed
Fi

ne
-T

un
in

g
(§

3)

Task Composition (§3.1)

Wei et al. (2021), Wang et al. (2022), Sanh et al. (2022), Chung et al. (2022),
Longpre et al. (2023a), Jang et al. (2023), Chen et al. (2023b), Xia et al. (2024)
Dong et al. (2023), Iyer et al. (2022), Wang et al. (2023b), Ivison et al. (2023),
Lee et al. (2024)

Data Quality (§3.2)

Instruction Quality

Chia et al. (2023), Zhou et al. (2023a), Li et al. (2023b), Li et al. (2024b)
Ding et al. (2023), Wang et al. (2023d), Li et al. (2023c), Zhou et al. (2023b),
Cao et al. (2023), Madaan et al. (2023), Du et al. (2023), Li et al. (2024c)
Lu et al. (2023a), Ye et al. (2023), Chen et al. (2023c), Li et al. (2023a),
Li et al. (2023e), Bhatt et al. (2024), Chen and Mueller (2024),
Yang et al. (2024), Mekala et al. (2024), He et al. (2024b), Liu et al. (2024)

Instruction Diversity
Ding et al. (2023), Zhou et al. (2023a), Bukharin and Zhao (2023)
Taori et al. (2023), Lu et al. (2023b), Wang et al. (2023c),
Wan et al. (2023), Wu et al. (2023), Ge et al. (2024b), Huang et al. (2024)

Instruction Complexity
Lu et al. (2023b), Xu et al. (2023a), Luo et al. (2023b), Mukherjee et al. (2023),
Zhao et al. (2023b), He et al. (2023), Jiang et al. (2023b), Sun et al. (2024a)
He et al. (2024a)

Prompt Design*
Mishra et al. (2022), Khashabi et al. (2022), Gonen et al. (2022),
Yin et al. (2023b), Kung and Peng (2023), Liang et al. (2023),
Weber et al. (2023), Gudibande et al. (2023), Song et al. (2023)

Hallucinations* Zhou et al. (2023a), Chen et al. (2023c), (Cao et al., 2023), Lee et al. (2023b)

Data Quantity (§3.3)
Ji et al. (2023), Zhou et al. (2023a), Yuan et al. (2023), Zhang et al. (2024)
Chen et al. (2023b), Dong et al. (2023), Song et al. (2023)

Dynamic
Data-Efficient Learning (§3.4)

Training Affects Data Attendu and Corbeil (2023), AlShikh et al. (2023), Kung et al. (2023)

Data Affects Training
Yin et al. (2023a), Wang et al. (2023a), Dong et al. (2023),
Xu et al. (2023b), Wang et al. (2024), Sun et al. (2024a), Kim and Lee (2024)

Relations Among
Different Aspects (§2.4)

Lu et al. (2023b), Bukharin and Zhao (2023), Xu et al. (2023c)

Figure 3: Taxonomy of research in data management for pretraining and supervised fine-tuning of Large Language
Models (LLM).

22


	Introduction
	Pretraining of LLM
	Domain Composition
	Data Quantity
	Scaling Laws
	Data Repetition

	Data Quality
	Quality Filtering
	Deduplication
	Toxicity Filtering
	Data Diversity
	Data Age

	Relations Among Domain Composition, Data Quantity and Data Quality

	Supervised Fine-Tuning of LLM
	Task Composition
	Data Quality
	Instruction Quality
	Instruction Diversity
	Instruction Complexity

	Data Quantity
	Dynamic Data-Efficient Learning
	Relations Among Task composition, Data Quality and Data Quantity

	Challenges and Future Directions
	Conclusions
	Takeaways
	Other Aspects of Data Management For LLMs
	Social Bias
	Prompt Design
	Hallucinations

	Related Surveys
	Comparison of Data Management Strategies Used by Representative LLMs
	Taxonomy

