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Abstract

Adapting large language models (LLMs) to001
new and diverse knowledge is essential for their002
lasting effectiveness in real-world applications.003
This survey provides an overview of state-004
of-the-art methods for expanding the knowl-005
edge of LLMs, focusing on integrating various006
knowledge types, including factual informa-007
tion, domain expertise, language proficiency,008
and user preferences. We explore techniques,009
such as continual learning, model editing, and010
retrieval-based explicit adaptation, while dis-011
cussing challenges like knowledge consistency012
and scalability. Designed as a guide for re-013
searchers and practitioners, this survey sheds014
light on opportunities for advancing LLMs as015
adaptable and robust knowledge systems.016

1 Introduction017

As large language models (LLMs) are increasingly018

deployed in real-world applications, their ability019

to adapt to evolving knowledge becomes crucial020

for maintaining relevance and accuracy. However,021

LLMs are typically trained once and thus only have022

knowledge up to a certain cutoff date, limiting023

their ability to stay updated with new information.024

This survey provides a comprehensive overview of025

methods that enable LLMs to incorporate various026

types of new knowledge, including factual, domain-027

specific, language, and user preference knowledge.028

We survey adaptation strategies, including contin-029

ual learning, model editing, and retrieval-based030

approaches, and aim at providing guidelines for031

researchers and practitioners.032

To remain effective, LLMs require updates033

across multiple dimensions. Factual knowledge034

consists of general truths and real-time informa-035

tion, while domain knowledge pertains to special-036

ized fields, such as medicine or law. Language037

knowledge enhances multilingual capabilities, and038

preference knowledge aligns model behavior with039

user expectations and values. Ensuring that LLMs040

Continual Model
Learning Editing Retrieval

(§4) (§5) (§6)
Knowledge Type
Fact ✓ ✓ ✓

Domain ✓ ✗ ✓

Language ✓ ✗ ✗

Preference ✓ ✓ ✗

Applicability
Large-scale data ✓ ✗ ✓

Precise control ✗ ✓ ✓

Computational cost ✗ ✓ ✓

Black-box applicable ✗ ✗ ✓

Table 1: We compare three key approaches for adapt-
ing LLMs — continual learning, model editing, and
retrieval — based on their supported knowledge types
and applicability across different criteria.

can integrate updates across these dimensions is 041

essential for their sustained utility. 042

Existing LLM adaptation methods differ in ap- 043

proach and application. Continual learning en- 044

ables incremental updates to models’ parametric 045

knowledge, mitigating catastrophic forgetting (Mc- 046

Closkey and Cohen, 1989) while ensuring long- 047

term performance. Model editing allows for pre- 048

cise modifications of learned knowledge, providing 049

controlled updates without requiring full retrain- 050

ing. Unlike these implicit knowledge expansion 051

methods, which modify the model’s internal param- 052

eters, retrieval-based approaches explicitly access 053

external information dynamically during inference, 054

reducing dependency on static parametric knowl- 055

edge. The suitability of these methods for different 056

knowledge types and their general applicability 057

are summarized in Table 1. By leveraging these 058

strategies, LLMs can maintain accuracy, contextual 059

awareness, and adaptability to new information. 060

After placing our work into context (Section 2) 061

and defining knowledge types covered in this paper 062

(Section 3), we provide an overview of different 063

knowledge expansion methods as detailed in Fig- 064
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Retrieval-based Methods (§6)
Domain Adaptation (§6.2)

Updating Facts (§6.1)

Model Editing (§5)
Updating Preferences (§5.2)

Updating Facts (§5.1)

Continual Learning (§4)
Continual Preference Alignment (§4.4)

Continual Pretraining

Language Expansion (§4.3)
Programming Language

Natural Language
Domain Adaptation (§4.2)

Updating Facts (§4.1)

Figure 1: Taxonomy of current methods for expanding LLM knowledge. Due to space constraints, please refer to
Appendix A.1 for a comprehensive review of methods and their corresponding citations.

ure 1. This work thus surveys diverse research ef-065

forts and may serve as a guide for researchers and066

practitioners aiming to develop and apply adaptable067

and robust LLMs. We highlight research opportuni-068

ties and provide insights into optimizing adaptation069

techniques for various real-world applications.070

2 Related Surveys071

The main goal of our work is to provide researchers072

and practitioners a broad overview of various types073

of methods to adapt LLMs to diverse types of new074

knowledge. In this section, we explain how other075

more specialized surveys relate to our paper.076

To the best of our knowledge, there is limited077

prior work that specifically focuses on continuous078

knowledge expansion for LLMs. Closest to our079

work, Zhang et al. (2023c) describe temporal fac-080

tual knowledge updates, while we take a broader081

perspective by examining methods for adapting082

LLMs to unseen domain knowledge, expanding083

language coverage, and incorporating user prefer-084

ences. Yao et al. (2023) and Zhang et al. (2024c)085

provide overviews of knowledge editing method-086

ologies, categorizing approaches of knowledge edit-087

ing. Similarly, Ke and Liu (2022), Wu et al. (2024b)088

and Wang et al. (2024b) offer a comprehensive089

overview of continual learning. In contrast, our sur-090

vey shifts the focus towards a task-oriented perspec-091

tive on knowledge expansion, detailing how various092

types of knowledge — including factual, domain-093

specific, language, and user preference knowledge094

— can be seamlessly integrated to ensure LLMs095

remain relevant and effective.096

3 Knowledge Types097

Integrating diverse types of knowledge into LLMs098

is essential to enhance their versatility and effec-099

tiveness. Depending on the use case, the type of100

knowledge that an LLM shall be adapted to, might101

differ. In this paper, we distinguish four key types 102

of knowledge, which cover a broad range of use 103

cases of researchers and practitioners: factual, do- 104

main, language, and preference knowledge. 105

(1) We define factual knowledge as general 106

truths or contextualized information about the 107

world that can be expressed in factual statements. 108

We adopt a broad, high-level definition, encom- 109

passing finer-grained categorizations, such as com- 110

monsense knowledge, cultural knowledge, tempo- 111

ral knowledge, and entity knowledge as subsets 112

of factual knowledge, in contrast to prior works 113

(Cao et al., 2024; Wu et al., 2024b) using more 114

granular classifications. This inclusive perspective 115

enables a comprehensive exploration of knowledge 116

expansion techniques for LLMs, providing flexibil- 117

ity beyond predefined categories and taxonomies. 118

(2) We define domain knowledge as special- 119

ized information relevant to specific fields, such as 120

medicine, law, or engineering, enabling LLMs to 121

perform well in targeted applications. Since LLMs 122

typically excel in general-domain tasks but strug- 123

gle with specialized content, incorporating domain 124

knowledge is crucial for bridging this gap and im- 125

proving performance in specific fields. 126

(3) We define language knowledge as the ability 127

of an LLM to understand, generate, and reason in 128

specific natural or programming languages.1 Its 129

integration focuses on adapting models to new lan- 130

guages and enhancing performance in underrepre- 131

sented ones for broader applicability. 132

(4) Finally, we define preference knowledge 133

as the capability of LLMs to tailor their behavior 134

to align with user-specific needs, preferences, or 135

values. Preference knowledge integration involves 136

1We distinguish language knowledge from linguistic
knowledge as defined by Hernandez et al. (2024). Language
knowledge refers to the multilingual capabilities of an LLM,
whereas linguistic knowledge falls under factual knowledge,
encompassing statements about syntax and grammar.
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adapting LLM behavior to meet diverse and dy-137

namic user expectations.138

In the next sections, we survey knowledge ex-139

pansion methods and explain for which of these140

four knowledge types they are suitable.141

4 Continual Learning142

Continual learning (CL) is a machine learning143

paradigm that mimics the human ability to con-144

tinuously learn and accumulate knowledge without145

forgetting previously acquired information (Chen146

and Liu, 2018). In the context of knowledge ex-147

pansion, CL allows LLMs to integrate new corpora148

and incrementally update the knowledge stored in149

their parameters. This ensures that LLMs remain150

adaptable, relevant, and effective as facts, domains,151

languages, and user preferences evolve over time.152

In the era of LLMs, the training of language153

models usually includes multiple stages: pretrain-154

ing, instruction tuning, preference alignment, and155

potentially fine-tuning on a downstream task (Shi156

et al., 2024a). Depending on the stage, continual157

learning can be categorized into continual pretrain-158

ing, continual instruction tuning, continual prefer-159

ence alignment, and continual end-task learning160

(Ke et al., 2023; Shi et al., 2024a). For knowledge161

expansion, the focus lies on continual pretraining162

(CPT) and continual preference alignment (CPA).163

In contrast, continual instruction tuning and contin-164

ual end-task learning primarily aim to sequentially165

fine-tune pretrained LLMs for acquiring new skills166

and solving new tasks, which fall outside the scope167

of this survey.168

In the following sections, we review existing169

studies that leverage continual pretraining for up-170

dating facts, adapting domains, and expanding lan-171

guages, and continual alignment for updating user172

preferences.173

4.1 Continual Pretraining for Updating Facts174

This line of research focuses on updating a lan-175

guage model’s outdated internal factual knowl-176

edge by incrementally integrating up-to-date world177

knowledge (Jang et al., 2022; Ke et al., 2023).178

Early studies (Sun et al., 2020; Röttger and Pier-179

rehumbert, 2021; Lazaridou et al., 2021; Dhingra180

et al., 2022) empirically analyze continual pretrain-181

ing on temporal data, demonstrating its potential182

for integrating new factual knowledge. Jin et al.183

(2022) and Jang et al. (2022) apply traditional con-184

tinual learning methods to factual knowledge up-185

dates in LLMs, evaluating their effectiveness in 186

continual knowledge acquisition. Similarly, Jang 187

et al. (2022) and Kim et al. (2024) classify world 188

knowledge into time-invariant, outdated, and new 189

categories — requiring knowledge retention, re- 190

moval, and acquisition, respectively — and bench- 191

mark existing continual pretraining methods for 192

knowledge updates. 193

Additionally, Hu et al. (2023) introduce a meta- 194

trained importance-weighting model to adjust per- 195

token loss dynamically, enabling LLMs to rapidly 196

adapt to new knowledge. Yu and Ji (2024) inves- 197

tigate self-information updating in LLMs through 198

continual learning, addressing exposure bias by 199

incorporating fact selection into training losses. 200

4.2 Continual Pretraining for Domain 201

Adaptation 202

Continual domain adaptative pretraining (Ke et al., 203

2022, 2023; Wu et al., 2024b) focuses on incre- 204

mentally adapting an LLM using a sequence of 205

unlabeled, domain-specific corpora. The objective 206

is to enable the LLM to accumulate knowledge 207

across multiple domains while mitigating catas- 208

trophic forgetting (McCloskey and Cohen, 1989) 209

of previously acquired domain knowledge or gen- 210

eral language understanding. 211

Gururangan et al. (2020) introduced the term of 212

domain-adaptive pretraining, demonstrating that 213

a second phase of pretraining on target domains 214

can effectively update an LLM with new domain 215

knowledge. It is important to note that further pre- 216

training can lead to catastrophic forgetting of gen- 217

eral concepts by overwriting essential parameters. 218

To mitigate this, recent works utilize parameter- 219

isolation methods which allocate different parame- 220

ter subsets to distinct tasks or domains and keep the 221

majority of parameters frozen (Razdaibiedina et al., 222

2023; Wang et al., 2024d,e). DEMix-DAPT (Gu- 223

rurangan et al., 2022) replaces every feed-forward 224

network layer in the Transformer model with a do- 225

main expert mixture layer, containing one expert 226

per domain. When acquiring new knowledge, only 227

the newly added expert is trained while all others 228

remain fixed. Qin et al. (2022) propose ELLE for 229

efficient lifelong pretraining on various domains. 230

ELLE starts with a randomly initialized LLM and 231

expands the PLM’s width and depth to acquire new 232

knowledge more efficiently. Ke et al. (2022) intro- 233

duce a continual pretraining system which inserts 234

continual learning plugins to the frozen pretrained 235

language models that mitigate catastrophic forget- 236
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ting while effectively learn new domain knowledge.237

Similarly, Lifelong-MoE (Chen et al., 2023) ex-238

pands expert capacity progressively, freezing pre-239

viously trained experts and applying output-level240

regularization to prevent forgetting.241

In a later work, Ke et al. (2023) apply regular-242

ization to penalize changes to critical parameters243

learned from previous data, preventing catastrophic244

forgetting. Their approach computes the impor-245

tance of LLM components, such as attention heads246

and neurons, in preserving general knowledge, ap-247

plying soft-masking and contrastive loss during248

continual pretraining to maintain learned knowl-249

edge while promoting knowledge transfer.250

4.3 Continual Pretraining for Language251

Expansion252

Continual pretraining (CPT) has emerged as a piv-253

otal strategy for adapting LLMs to new languages,254

or enhancing performance in underrepresented lan-255

guages without full retraining (Wu et al., 2024b).256

Below, we discuss two major areas of expansion257

enabled by CPT: natural language expansion and258

programming language expansion.259

Natural Language Expansion. Several recent260

studies have demonstrated the effectiveness of CPT261

in expanding language coverage. Glot500 (Imani262

et al., 2023) and EMMA-500 (Ji et al., 2024) en-263

hance multilingual capabilities using CPT and vo-264

cabulary extension. Glot500, based on XLM-R265

(Ruder et al., 2019), and EMMA-500, built on266

LLaMA 2 (Touvron et al., 2023), expand language267

support up to 500 languages using extensive mul-268

tilingual corpora. Similarly, Aya (Üstün et al.,269

2024) applies continual pretraining to the mT5270

model (Xue et al., 2021) using a carefully con-271

structed instruction dataset, achieving improved272

performance across 101 languages. Furthermore,273

LLaMAX (Lu et al., 2024) enhances multilingual274

translation by applying continual pretraining to275

the LLaMA model family. Supporting over 100276

languages, it improves translation quality and pro-277

motes language inclusivity.278

While covering many languages, many multilin-279

gual models exhibit suboptimal performance on280

medium- to low-resource languages (Ruder et al.,281

2019; Touvron et al., 2023; Imani et al., 2023).282

To bridge this performance gap, researchers have283

focused on expanding training corpora and strate-284

gically applying continual pretraining to enhance285

the multilingual capabilities of LLMs. Alabi et al.286

(2022), Wang et al. (2023a), Fujii et al. (2024), 287

and Zhang et al. (2024b) show that continual pre- 288

training on one or more specific languages signif- 289

icantly improves performance across related lan- 290

guages. Blevins et al. (2024) extend this approach 291

to the MoE paradigm for better parameter effi- 292

ciency, while Zheng et al. (2024) investigate scaling 293

laws for continual pretraining by training LLMs of 294

varying sizes under different language distributions 295

and conditions. Additionally, Tran (2020), Minix- 296

hofer et al. (2022), Dobler and de Melo (2023), 297

Liu et al. (2024b), and Minixhofer et al. (2024) ex- 298

plore advanced tokenization and word embedding 299

techniques to further improve LLMs’ multilingual 300

performance in low-resource settings. 301

Programming Language Expansion. Going be- 302

yond natural languages, continual pretraining has 303

demonstrated significant potential in enhancing the 304

capabilities of LLMs for understanding and gener- 305

ating programming languages. 306

CERT, proposed by Zan et al. (2022), addresses 307

the challenges of library-oriented code generation 308

using unlabeled code corpora. It employs a two- 309

stage framework to enable LLMs to effectively 310

capture patterns in library-based code snippets. 311

CodeTask-CL (Yadav et al., 2023) offers a bench- 312

mark for continual code learning, encompassing a 313

diverse set of tasks such as code generation, sum- 314

marization, translation, and refinement across mul- 315

tiple programming languages. Furthermore, con- 316

tinual pretrained models specifically for code un- 317

derstanding and programming from natural lan- 318

guage prompts emerged with LLMs, such as Code- 319

LLaMA (Grattafiori et al., 2023), Llama Pro (Wu 320

et al., 2024a), CodeGemma (Team et al., 2024) and 321

StarCoder 2 (Lozhkov et al., 2024), consistently 322

outperform general-purpose LLMs of comparable 323

or larger size on code benchmarks. 324

4.4 Continual Preference Alignment 325

Preference alignment ensures that large language 326

models generate responses consistent with human 327

values, improving usability, safety, and ethical 328

behavior. While techniques like Reinforcement 329

Learning from Human Feedback (RLHF) (Ziegler 330

et al., 2019; Lambert et al., 2022) align LLMs with 331

static preferences, societal values evolve, requiring 332

continual preference alignment (CPA). It enables 333

LLMs to adapt to emerging preferences while pre- 334

serving previously learned values, ensuring rele- 335

vance, inclusivity, and responsiveness to shifting 336
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societal expectations. Despite its importance, CPA337

remains a relatively underexplored area. Below,338

we briefly discuss two representative works that339

highlight the potential of this approach:340

Zhang et al. (2023b) propose a non-341

reinforcement learning approach for continual342

preference alignment in LLMs. Their method uses343

function regularization by computing an optimal344

policy distribution for each task and applying it345

to regularize future tasks, preventing catastrophic346

forgetting while adapting to new domains. This347

provides a single-phase, reinforcement learning-348

free solution for maintaining alignment across349

diverse tasks. Zhang et al. (2024a) introduce350

Continual Proximal Policy Optimization (CPPO),351

integrating continual learning into the RLHF352

framework to accommodate evolving human353

preferences. CPPO employs a sample-wise354

weighting strategy to balance policy learning and355

knowledge retention, consolidating high-reward356

behaviors while mitigating overfitting and noise.357

As the demand for responsive and inclusive AI358

grows, CPA is key to keeping LLMs ethical and359

aligned with evolving user needs, requiring further360

research to reach its full potential.361

4.5 Applicability and Limitations362

Continual learning is a versatile framework for ex-363

panding LLM knowledge across facts, domains,364

languages, and preferences. It excels in large-scale365

knowledge integration, retaining previously learned366

knowledge, making it well-suited for tasks like do-367

main adaptation and language expansion (Bu et al.,368

2021; Jin et al., 2022; Cossu et al., 2024).369

However, CL has notable limitations, including370

a lack of precise control compared to model edit-371

ing (cf. Section 5) and retrieval-based methods (cf.372

Section 6), inefficiency due to the computational373

demands of retraining, and limited applicability374

in black-box models. These challenges highlight375

the need for alternative approaches like model edit-376

ing and retrieval, which offer more targeted and377

efficient updates.378

5 Model Editing379

Model editing offers a controllable and efficient380

solution to update factual knowledge and user pref-381

erences in LLMs. Introduced by Zhu et al. (2020),382

De Cao et al. (2021) and Mitchell et al. (2022a),383

it aims at modifying the model’s predictions for384

specific inputs without affecting unrelated ones.385

Yao et al. (2023) and Zhang et al. (2024c) define 386

four key evaluation metrics for model editing: (1) 387

reliability, ensuring the edited model produces the 388

target prediction for the target input; (2) generaliza- 389

tion, requiring the edited knowledge to apply to all 390

in-scope inputs — inputs that are directly related to 391

the target input, including rephrasings and seman- 392

tically similar variations; (3) locality, preserving 393

original outputs for unrelated out-of-scope inputs; 394

and (4) portability, extending the generalization 395

metric by assessing how well updated knowledge 396

transfers to complex rephrasings, reasoning chains, 397

and related facts. 398

While recent works (Mitchell et al., 2022b; 399

Madaan et al., 2022; Zhong et al., 2023; Zheng 400

et al., 2023) use model editing and knowledge edit- 401

ing interchangeably for updating factual knowl- 402

edge, we distinguish between them: model edit- 403

ing is a subset of knowledge editing that modifies 404

model parameters, whereas retrieval-based meth- 405

ods update knowledge dynamically without alter- 406

ing the model’s parameters (see Section 6). 407

5.1 Model Editing for Updating Facts 408

To address outdated or incorrect information 409

(Lazaridou et al., 2021), model editing research 410

focuses on selectively modifying this knowledge. 411

Below, we highlight key works in this area. 412

KnowledgeEditor (De Cao et al., 2021) uses a 413

hypernetwork to predict parameter shifts for mod- 414

ifying a fact, trained via constrained optimization 415

for locality. Similarly, MEND (Mitchell et al., 416

2022a) trains a hypernetwork per LLM layer and 417

decomposes the fine-tuning gradient into a precise 418

one-step parameter update. Given the findings that 419

feed-forward layers in transformers function as 420

key-value memories (Geva et al., 2021), Dai et al. 421

(2022) introduce a knowledge attribution method 422

to identify these neurons and directly modify their 423

values via knowledge surgery. 424

Recent works employ a locate-and-edit strat- 425

egy for precise model editing. Using causal trac- 426

ing, Meng et al. (2022) identify middle-layer feed- 427

forward networks as key to factual predictions and 428

propose ROME, which updates facts by solving 429

a constrained least-squares problem in the MLP 430

weight matrix. MEMIT (Meng et al., 2023) extends 431

ROME to modify thousands of facts simultaneously 432

across critical layers while preserving generaliza- 433

tion and locality. BIRD (Ma et al., 2023) intro- 434

duces bidirectional inverse relationship modeling 435

to mitigate the reverse curse (Berglund et al., 2003) 436
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in model editing. While editing FFN layers has437

proven effective, PMET (Li et al., 2024d) extends438

editing to attention heads, achieving improved per-439

formance. Wang et al. (2024g) further shift the440

focus to conceptual knowledge, using ROME and441

MEMIT to alter concept definitions, finding that442

concept-level edits are reliable but have limited443

influence on concrete examples.444

5.2 Model Editing for Updating Preferences445

Recent works expand model editing beyond factual446

corrections to aligning LLMs with user preferences,447

such as ensuring safety, reducing bias, and preserv-448

ing privacy .449

Wang et al. (2024c) use model editing to detox-450

ify LLMs, ensuring safe responses to adversarial451

inputs and preserving general LLM capabilities,452

such as fluency, knowledge question answering,453

and content summarization. Their results show that454

model editing is promising for detoxification but455

slightly affects general capabilities. Since LLMs456

can exhibit social biases (Gallegos et al., 2024),457

Chen et al. (2024a) propose fine-grained bias miti-458

gation via model editing. Inspired by Meng et al.459

(2022), they identify key layers responsible for bi-460

ased knowledge and insert a feed-forward network461

to adjust outputs with minimal parameter changes,462

ensuring generalization, locality, and scalability.463

For privacy protection, Wu et al. (2023) extend Dai464

et al. (2022)’s work by identifying privacy neurons465

that store sensitive information. Using gradient466

attribution, they deactivate these neurons, reduc-467

ing private data leakage while preserving model468

performance. Moreover, Mao et al. (2024) apply469

model editing techniques like MEND to modify470

personality traits in LLMs, aligning responses to471

opinion-based questions with target personalities.472

While effective, this approach can degrade text gen-473

eration quality.474

5.3 Applicability and Limitations475

Model editing complements continual learning476

by allowing fine-grained knowledge updates with477

lower computational costs. However, research has478

primarily focused on structured, relational, and479

instance-level knowledge, with limited exploration480

of other knowledge types, multilingual generaliza-481

tion, and cross-lingual transfer (Nie et al., 2024;482

Wei et al., 2025).483

Additionally, model editing faces several tech-484

nical challenges, including limited locality and485

gradual forgetting in large-scale edits (Bu et al.,486

2019; Mitchell et al., 2022b; Gupta et al., 2024; 487

Li et al., 2024b), making it more suitable for mi- 488

nor updates. Additionally, it can impact general 489

LLM capabilities (Gu et al., 2024b; Wang et al., 490

2024f) and downstream performance (Gupta et al., 491

2024), potentially causing model collapse (Yang 492

et al., 2024b). Addressing these issues will enhance 493

model editing’s role alongside continual learning 494

and retrieval, ensuring greater precision in dynamic 495

knowledge adaptation. 496

6 Retrieval-based Methods 497

Continual learning and model editing modify a 498

model’s parameters to update its internal knowl- 499

edge, making them implicit knowledge expansion 500

methods (Zhang et al., 2023c). In contrast, retrieval- 501

based methods (Lewis et al., 2020) explicitly inte- 502

grate external knowledge, allowing models to over- 503

write outdated or undesired information without 504

parameter modifications. These methods leverage 505

external sources, such as databases, off-the-shelf 506

retriever systems, or the Internet, and thus provide 507

up-to-date or domain-specific knowledge (Zhang 508

et al., 2023c), making them effective for factual 509

updates and domain adaptation. 510

6.1 Retrieval-based Methods for Updating 511

Facts 512

Retrieval-based methods enhance LLMs by pair- 513

ing them with an updatable datastore, ensuring 514

access to current factual information. An early 515

approach, retrieval-augmented generation (RAG) 516

(Lewis et al., 2020), fine-tunes a pre-trained re- 517

triever end-to-end with the LLM to improve knowl- 518

edge retrieval. Similarly, kNN-LM (Khandelwal 519

et al., 2020) interpolates the LLM’s output distribu- 520

tion with k-nearest neighbor search results from the 521

datastore, with later works optimizing efficiency 522

(He et al., 2021; Alon et al., 2022) and adapting it 523

for continual learning (Peng et al., 2023b). 524

For factual knowledge editing, Tandon et al. 525

(2022) store user feedback for post-hoc corrections, 526

while Mitchell et al. (2022b), Madaan et al. (2022), 527

and Dalvi Mishra et al. (2022) retrieve stored edits 528

to guide responses. Chen et al. (2024b) introduce 529

relevance filtering to efficiently handle multiple 530

edits. Retrieval-based in-context learning (Zheng 531

et al., 2023; Ram et al., 2023; Mallen et al., 2023; 532

Yu et al., 2023; Shi et al., 2024b; Bi et al., 2024) 533

enables dynamic factual updates. 534

For complex reasoning, retrieval supports multi- 535
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hop question answering and iterative prompting:536

Zhong et al. (2023) propose iterative prompting537

for multi-hop knowledge editing, while Gu et al.538

(2024a) use a scope detector to retrieve relevant539

edits and improve question decomposition via en-540

tity extraction and knowledge prompts. Similarly,541

Shi et al. (2024c) enhance multi-hop question an-542

swering by retrieving fact chains from a knowledge543

graph with mutual information maximization and544

redundant fact pruning.545

In multi-step decision-making, retrieval is com-546

bined with Chain-of-Thought (CoT) reasoning547

(Trivedi et al., 2023; Press et al., 2023). Retrieval548

also aids post-generation fact-checking and refine-549

ment (Gao et al., 2023; Peng et al., 2023a; Song550

et al., 2024) by revising generated text or prompts551

based on retrieved facts.552

For a more comprehensive review of retrieval-553

based factual knowledge updates, we refer to Zhang554

et al. (2023c).555

6.2 Retrieval-based Methods for Domain556

Adaptation557

Retrieval-based methods have been widely adopted558

for various domain-specific tasks, e.g., in science559

and finance. By integrating retrieved external560

knowledge, these models enhance their adaptabil-561

ity to specialized domains, improving decision-562

making, analysis, and information synthesis.563

In the biomedical domain, retrieval-based ap-564

proaches facilitate tasks, such as molecular prop-565

erty identification and drug discovery by inte-566

grating structured molecular data and information567

about biomedical entities like proteins, molecules,568

and diseases (Wang et al., 2023b; Liu et al., 2023;569

Wang et al., 2024h; Yang et al., 2024a). For in-570

stance, Wang et al. (2023b) and Li et al. (2024a)571

introduce retrieval-based frameworks that extract572

relevant molecular data from databases to guide573

molecule generation. In protein research, retrieval-574

based approaches enhance protein representation575

and generation tasks (Ma et al., 2024; Sun et al.,576

2023). Additionally, Lozano et al. (2023) develop577

a clinical question-answering system that retrieves578

relevant biomedical literature to provide more ac-579

curate responses in medical contexts.580

The finance domain, characterized by its data-581

driven nature, also benefits from retrieval-based582

methods (Li et al., 2024f,g). Zhang et al. (2023a)583

enhance financial sentiment analysis by retrieving584

real-time financial data from external sources. Fur-585

thermore, financial question-answering also bene-586

fits from retrieval-based methods, which involves 587

extracting knowledge from professional financial 588

documents. Lin (2024) introduces a PDF parsing 589

method integrated with retrieval-augmented LLMs 590

to retrieve relevant financial insights. 591

6.3 Applicability and Limitations 592

Despite their advantages, retrieval-based meth- 593

ods also come with several limitations. A major 594

challenge is their reliance on external knowledge 595

sources, which can introduce inconsistencies or out- 596

dated information if not properly curated (Jin et al., 597

2024; Xu et al., 2024). Their effectiveness also 598

depends on the quality and scope of the retrieval 599

system (Bai et al., 2024; Liu et al., 2024a); poor 600

indexing or noisy retrieval may lead to irrelevant 601

or misleading information. Another key issue is 602

maintaining knowledge consistency across queries. 603

Since retrieval-based methods do not update model 604

parameters, contradictions can arise between re- 605

trieved facts and previously generated responses, 606

affecting coherence (Njeh et al., 2024; Zhao et al., 607

2024; Li et al., 2024c). 608

Addressing these challenges is essential to im- 609

proving retrieval-based approaches and ensuring 610

their seamless integration with other LLM adapta- 611

tion techniques. 612

7 Challenges, Opportunities, Guidelines 613

Solving Knowledge Conflicts. An inherent chal- 614

lenge of expanding a model’s knowledge is the 615

emergence of knowledge conflicts, which can un- 616

dermine the consistency and trustworthiness of 617

LLMs (Xu et al., 2024). Studies have identified 618

various types of conflicts following knowledge up- 619

dates, including (i) temporal misalignment (Luu 620

et al., 2022), where outdated and newly learned 621

facts coexist inconsistently, (ii) model inconsis- 622

tencies (Huang et al., 2021), where responses to 623

similar queries vary unpredictably, and (iii) hallu- 624

cinations (Ji et al., 2023), where the model gener- 625

ates fabricated or contradictory information. While 626

some efforts have been made to address these is- 627

sues (Zhang and Choi, 2023; Mallen et al., 2023; 628

Zhou et al., 2023; Xie et al., 2024), they remain an 629

open challenge that requires further research and 630

more robust solutions. 631

Minimizing Side Effects. Continual learning 632

and model editing, both of which involve modi- 633

fying model parameters, inevitably introduce side 634

effects. A major challenge in continual learning 635

7



is catastrophic forgetting (McCloskey and Cohen,636

1989), where newly acquired knowledge overwrites637

previously learned information. In LLMs, the638

multi-stage nature of training exacerbates this is-639

sue, leading to cross-stage forgetting (Wu et al.,640

2024b), where knowledge acquired in earlier stages641

is lost as new training phases are introduced. For642

model editing, recent studies have shown that large-643

scale edits, particularly mass edits, can significantly644

degrade the model’s general capabilities, such as645

its language modeling performance (Wang et al.,646

2024f) or accuracy on general NLP tasks (Li et al.,647

2024e,b; Wang et al., 2024a). Effectively address-648

ing these challenges is crucial for maximizing the649

potential of these methods for large-scale knowl-650

edge expansion while maintaining model stability651

and overall performance.652

Comprehensive Benchmarks. Although this pa-653

per explores the properties, strengths, and weak-654

nesses of various methods for knowledge expan-655

sion, the discussion remains largely theoretical due656

to the lack of a comprehensive benchmark datasets657

for a uniform evaluation and a proper comparison.658

Existing works, such as Jang et al. (2022), Liska659

et al. (2022), and Kim et al. (2024), provide factual660

knowledge-based datasets and evaluate continual661

pretraining and/or retrieval-based methods. How-662

ever, their experiments are limited in scale and fail663

to offer a comprehensive assessment. Developing664

benchmarks that encompass a variety of knowl-665

edge types and enable the evaluation of all methods666

would provide a more holistic and systematic un-667

derstanding of their relative effectiveness.668

General Guideline. Selecting the appropriate669

method for knowledge expansion in LLM depends670

on the application context and type of knowledge671

that needs to be updated.672

(i) For factual knowledge, model editing is673

ideal for precise, targeted updates, such as correct-674

ing specific facts, due to its efficiency and high675

level of control. Retrieval-based methods are effec-676

tive for integrating dynamic or frequently chang-677

ing facts, as they allow updates without modify-678

ing the model’s parameters, making them suitable679

for black-box applications. For large-scale factual680

updates, continual learning is preferred as it en-681

ables the incremental integration of new knowledge682

while preserving previously learned information.683

(ii) For domain knowledge, both continual684

learning and retrieval-based methods are applica-685

ble. Continual learning excels in large-scale adap-686

tation, using domain-specific corpora to ensure the 687

model retains general knowledge while adapting 688

to specialized contexts. Retrieval-based methods 689

complement this by dynamically providing domain- 690

specific information without requiring model modi- 691

fications, making them valuable in scenarios where 692

static updates are impractical. 693

(iii) For language knowledge, continual learn- 694

ing is the only method capable of supporting large- 695

scale language expansion. It facilitates the integra- 696

tion of multilingual corpora and provides the foun- 697

dational updates necessary for underrepresented or 698

low-resource languages. 699

(iv) For preference updates, such as aligning 700

models with evolving user values or ethical norms, 701

continual alignment is typically achieved by com- 702

bining continual learning techniques with prefer- 703

ence optimization methods, such as reinforcement 704

learning from human feedback. These approaches 705

enable models to dynamically adapt to changing 706

preferences while retaining alignment with previ- 707

ously learned values. 708

Summary. Continual learning is indispensable 709

for large-scale updates like domain adaptation and 710

language expansion, where foundational and incre- 711

mental updates are required. Model editing excels 712

at precise factual updates, while retrieval-based 713

methods offer dynamic access to factual and do- 714

main knowledge without altering the model. A 715

well-informed selection or combination of these 716

methods ensures efficient and effective knowledge 717

expansion tailored to specific use cases. 718

8 Conclusions 719

Adapting large language models to evolving knowl- 720

edge is essential for maintaining their relevance and 721

effectiveness. This survey explores three key adap- 722

tation methods — continual learning for large-scale 723

updates, model editing for precise modifications, 724

and retrieval-based approaches for external knowl- 725

edge access without altering model parameters. We 726

examine how these methods support updates across 727

factual, domain-specific, language, and user prefer- 728

ence knowledge while addressing challenges like 729

scalability, controllability, and efficiency. By con- 730

solidating research and presenting a structured tax- 731

onomy, this survey provides insights into current 732

strategies and future directions, promoting the de- 733

velopment of more adaptable and efficient large 734

language models. 735
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Limitations736

This survey provides a comprehensive overview of737

knowledge expansion techniques for LLMs. How-738

ever, due to page constraints, we had to limit its739

scope and prioritize certain aspects:740

First, the paper only provides a high-level741

overview of each method rather than an in-depth742

analysis. This can limit the understanding of the nu-743

ances and specific applications of each technique,744

as well as implementation details.745

Second, our work is a literature review of adap-746

tation methods rather than an empirical study eval-747

uating their actual performance. While we analyze748

existing strategies, we do not benchmark or experi-749

mentally compare their effectiveness, leaving room750

for future studies to assess their practical impact751

under real-world conditions.752

Third, we focus solely on text-based models and753

do not cover vision-language models, which inte-754

grate multi-modal learning for textual and visual755

understanding. While the methods covered in this756

survey could be used to adapt the language en-757

coders of such models in theory, extending these758

adaptation methods to vision-language models re-759

mains an open research direction.760

Finally, this survey reflecting the current state of761

research might become outdated as new research is762

published, as the field of LLMs is rapidly evolving763

and new methods for knowledge expansion are764

continuously being developed.765
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A Appendix1636

A.1 Comprehensive Taxonomy of Methods1637
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Retrieval-based
Methods

(§6)

Domain
Adaptation

(§6.2)

Khandelwal et al. (2020), Lewis et al. (2020), He et al. (2021), Alon et al. (2022), Shi
et al. (2022), Wang et al. (2023b), Liu et al. (2023), Lozano et al. (2023), Peng et al.
(2023b), Ram et al. (2023), Sun et al. (2023), Zhang et al. (2023a), Li et al. (2024a), Li
et al. (2024f), Li et al. (2024g), Lin (2024), Ma et al. (2024), Wang et al. (2024h), Yang
et al. (2024a), Yepes et al. (2024)

Updating
Facts
(§6.1)

Khandelwal et al. (2020), Lewis et al. (2020), He et al. (2021), Alon et al. (2022),
Dalvi Mishra et al. (2022), Madaan et al. (2022), Mitchell et al. (2022b), Tandon et al.
(2022), Gao et al. (2023), Mallen et al. (2023), Peng et al. (2023b), Peng et al. (2023a),
Press et al. (2023), Ram et al. (2023), Si et al. (2023), Trivedi et al. (2023), Yu et al.
(2023), Zheng et al. (2023), Zhong et al. (2023), Bi et al. (2024), Chen et al. (2024b), Gu
et al. (2024a), Shi et al. (2024b), Shi et al. (2024c), Song et al. (2024)

Model
Editing

(§5) Updating
Preferences

(§5.2)

Wu et al. (2023), Chen et al. (2024a), Mao et al. (2024), Patil et al. (2024), Wang et al.
(2024c)

Updating
Facts
(§5.1)

Zhu et al. (2020), De Cao et al. (2021), Dai et al. (2022), Meng et al. (2022), Mitchell et al.
(2022a), Huang et al. (2023), Ma et al. (2023), Meng et al. (2023), Li et al. (2024d), Wang
et al. (2024g)

Continual
Learning

(§4)

Continual
Preference
Alignment

(§4.4)

Zhang et al. (2023b), Zhang et al. (2024a)

Continual
Pretraining

Language
Expansion

(§4.3)

Programming
Language

Zan et al. (2022), Grattafiori et al. (2023), Yadav
et al. (2023), Lozhkov et al. (2024), Team et al.
(2024), Wu et al. (2024a)

Natural
Language

Tran (2020), Minixhofer et al. (2022), Alabi
et al. (2022), Wang et al. (2023a), Imani et al.
(2023), Dobler and de Melo (2023), Blevins
et al. (2024), Fujii et al. (2024), Liu et al.
(2024b), Lu et al. (2024), Ji et al. (2024), Minix-
hofer et al. (2024), Üstün et al. (2024), Zhang
et al. (2024b), Zheng et al. (2024),

Domain
Adaptation

(§4.2)

Gururangan et al. (2020), Gururangan et al. (2022), Ke et al. (2022),
Qin et al. (2022), Chen et al. (2023), Ke et al. (2023), Razdaibiedina
et al. (2023), Wang et al. (2024e), Wang et al. (2024d)

Updating
Facts
(§4.1)

Sun et al. (2020), Jang et al. (2022), Lazaridou et al. (2021), Röttger
and Pierrehumbert (2021), Dhingra et al. (2022), Jin et al. (2022), Hu
et al. (2023), Kim et al. (2024), Yu and Ji (2024)

Figure 2: Taxonomy of methods for expanding LLM knowledge.
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