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Abstract001

Large language models (LLMs) face signifi-002
cant challenges in sustaining long-term mem-003
ory for agentic applications due to limited con-004
text windows. To address this limitation, many005
work has proposed diverse memory mecha-006
nisms to support long-term, multi-turn interac-007
tions, leveraging different approaches tailored008
to distinct memory storage objects, such as KV009
caches. In this survey, we present a unified010
taxonomy that organizes memory systems for011
long-context scenarios by decoupling memory012
abstractions from model-specific inference and013
training methods. We categorize LLM memory014
into three primary paradigms: natural language015
tokens, intermediate representations and param-016
eters. For each paradigm, we organize existing017
methods by three management stages, includ-018
ing memory construction, update, and query,019
so that long-context memory mechanisms can020
be described in a consistent way across system021
designs, with their implementation choices and022
constraints made explicit. Finally, we outline023
key research directions for long-context mem-024
ory system design.025

1 Introduction026

Large Language Models (LLMs) are deployed in027

long-context and interactive settings, such as multi-028

turn dialogue, task-oriented assistants, and agent-029

based systems, where task completion requires in-030

formation to be retained and reused across extended031

temporal spans rather than within a single prompt032

(Qian et al., 2023; Gao et al., 2023; Wang et al.,033

2023e). As input sequences grow to thousands034

or even millions of tokens, performance often de-035

grades on tasks that require entity tracking, logical036

consistency, or recall of task-relevant facts across037

long interaction histories (Gao et al., 2024; Zhang038

et al., 2024c; Wu et al., 2025b). These observations039

indicate that the core difficulty in long-context and040

multi-turn scenarios lies not only in how much in-041

formation the model can observe, but in how in-042

formation is selectively retained, retrieved, and 043

integrated during inference (Shinwari and Usama, 044

2025; Maharana et al., 2024; Wan and Ma, 2025). 045

This has motivated the introduction of memory as 046

a key abstraction in LLM-based systems, enabling 047

task-relevant information to persist beyond the im- 048

mediate context window and to be reused for future 049

reasoning and decision-making. 050

Many existing studies have explored diverse 051

LLM memory mechanisms to support long-context 052

reasoning and multi-turn interaction (Shinn et al., 053

2023; Zhong et al., 2023; Modarressi et al., 2023; 054

Zhong et al., 2024b; Qian et al., 2024). Broadly, 055

memory enables task-relevant information to per- 056

sist beyond the immediate context window and 057

be reused across interactions, often drawing loose 058

analogies to human cognition, where short-term 059

working memory supports immediate reasoning 060

and long-term memory enables recall over time 061

(Baddeley, 2007; Budson and Kensinger, 2023). 062

The analogy serves as a useful intuition that ef- 063

fective memory depends not only on capacity, but 064

also on selective access and integration (Gao et al., 065

2024; Wu et al., 2025b). Corresponding surveys 066

have reviewed this literature from multiple perspec- 067

tives, including LLM-based agents and long-term 068

interaction (Zhang et al., 2025b), long-context mod- 069

eling and long-term memory (Huang et al., 2023b; 070

Jiang et al., 2024a; Wu et al., 2025b), personaliza- 071

tion (Liu et al., 2025a), and system-level efficiency 072

such as inference-time memory management (Pan 073

and Li, 2025; LI et al., 2025; Luohe et al.). These 074

works underscore the central role of memory across 075

application, modeling, and system dimensions. 076

In this survey, we take a system-level, operation- 077

centric view of LLM memory. Instead of cata- 078

loging methods by tasks or modules, we organize 079

the literature around a unified abstraction that con- 080

nects task knowledge requirements to memory 081

representations through shared management in- 082

terfaces. Figure 1 sketches this logic from ap- 083
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Figure 1: Overview of LLM memory applications, representation, and unified management abstraction.

plications (top) to recurring representation choices084

(middle) and a common management interface over085

long interactions (bottom). Under this view, diverse086

methods can be compared by three questions: what087

is stored, where it is stored, and how it is oper-088

ated. We structure the survey along two recurring089

dimensions:090

• Memory representation describes where and091

in what form information resides: token-level092

memory in the input context, intermediate latent093

memory as inference-time states (e.g., Key–Value094

caches), and parameter-level memory in model095

weights via adaptation or editing.096

• Memory management describes how memory097

is operated over time to satisfy task requirements098

under practical constraints. Across representa-099

tions, we observe a shared interface of three core100

operations: memory construction (what to store101

and how to structure it), memory update (how to102

maintain, consolidate, or remove stored content),103

and memory query (how to select and integrate104

relevant information during inference).105

Following this organization, Sections 2–4 review106

memory mechanisms by aligning each representa-107

tion with the same construction–update–query in-108

terface and its key trade-offs. Section 5 synthesizes109

insights across memory types and outlines open110

challenges for reliable long-context and multi-turn111

LLM memory.112

2 Natural Language Tokens as Memory 113

Natural language tokens are the most explicit mem- 114

ory format that leverages the context window for 115

non-invasive information reuse. However, it is 116

limited by O(n2) computational costs and the ten- 117

dency to overlook information buried in the middle 118

of long sequences (Liu et al., 2024c). To address 119

these bottlenecks, Retrieval-Augmented Genera- 120

tion and Agentic Memory transform fragmented 121

histories into structured, retrievable knowledge. 122

Goal: Keep the right evidence in context for
reliable reasoning.
Challenge: Relevance under a context budget.
Token-level memory should be treated as an
auditable working set. Construction and up-
date must compress and organize information
so query returns a small, high-signal set rather
than long history.

123

2.1 Retrieval-Augmented Generation (RAG) 124

RAG here refers to retrieval-based memory sys- 125

tems centered around an external a vector database, 126

rather than full agent frameworks with explicit en- 127

vironment interaction. RAG offers a cost-effective 128

way to extend long-context behavior by retrieving 129

evidence and inserting it into the input. 130

Memory Construction. Construction in RAG 131

specifies what evidence is stored and how it is in- 132

dexed for retrieval. For what to store, early RAG 133

systems mainly ingest unstructured corpora and 134
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domain datasets (Li et al., 2023c; Yan et al., 2024).135

More recent settings extend to semi-structured136

documents such as PDFs, where table-aware pro-137

cessing is often required (e.g., table-to-text nor-138

malization or Text-to-SQL-style querying (Zha139

et al., 2023; Luo et al., 2023)). RAG can also140

build on structured sources such as knowledge141

graphs, where KnowledGPT (Wang et al., 2023j)142

and G-Retriever (He et al., 2024a) improve graph143

grounding and evidence selection via soft prompt-144

ing and PCST-style subgraph optimization. Some145

approaches leverage the model’s internal knowl-146

edge to reduce retrieval overhead or bootstrap147

contexts, for example by selectively invoking re-148

trieval (Wang et al., 2023k), generating aligned149

contexts (Yu et al., 2022b), or building unbounded150

memory pools (Cheng et al., 2023).151

For how to index, most RAG systems first de-152

fine the index unit, which determines the retrieval153

granularity: coarser units provide broader con-154

text but introduce redundancy, while finer units155

(e.g., tokens or phrases) improve precision at the156

risk of losing supporting context (Shi et al., 2023;157

Yu et al., 2023; Chen et al., 2023b; Jin et al.,158

2023; Wang et al., 2023g). A common approach159

splits documents into fixed-length spans (typically160

100-512 tokens) and builds an index over these161

units (Teja, 2023). Variants such as recursive split-162

ting, sliding windows, and Small2Big expansion163

preserve local coherence by attaching surrounding164

context (Langchain, 2023; Yang, 2023). Beyond165

unit definition, many systems enrich indexed en-166

tries with auxiliary fields (e.g., page numbers or167

generated cues) to improve matching (Gao et al.,168

2022). Indexes can further adopt hierarchical or169

graph-based structures to support multi-step evi-170

dence aggregation across documents (Wang et al.,171

2023l). Finally, embeddings govern retrieval, en-172

coding units as sparse or dense representations173

and ranking candidates via lexical matching (e.g.,174

BM25) or embedding similarity, often using dense175

retrievers such as AngIE, Voyage, or BGE (Li and176

Li, 2023; VoyageAI, 2023; BAAI, 2023). Hybrid177

sparse-dense retrieval is commonly used to improve178

robustness, especially for zero-shot queries or rare179

entities (Zhang et al., 2025c).180

Memory Update. RAG updates are primarily re-181

alized by modifying the external store and its in-182

dex, including adding new documents, re-chunking183

and re-embedding content, refreshing metadata,184

and restructuring the index (e.g., moving from185

flat chunking to hierarchical or KG-based orga- 186

nization) to better match evolving domains and 187

query patterns (Wang et al., 2023l; Gao et al., 2022; 188

Langchain, 2023; Yang, 2023). Some methods also 189

adjust retrieval invocation, for example, deciding 190

when retrieval is necessary or generating retrieval- 191

aligned contexts to stabilize generation (Wang et al., 192

2023k; Yu et al., 2022b; Cheng et al., 2023). 193

Memory Query. To improve robustness under 194

underspecified or noisy inputs, existing methods 195

enhance query quality from several complementary 196

angles. One line focuses on query reformulation, 197

including expansion (multi-query), decomposition 198

(e.g., least-to-most prompting), validation (CoVe), 199

and transformations (Zhou et al., 2023a; Dhuli- 200

awala et al., 2023; Ma et al., 2023; Peng et al., 201

2023; Gao et al., 2022), where step-back prompt- 202

ing (Zheng et al., 2024a) further abstracts the query 203

to retrieve complementary evidence. Another line 204

emphasizes query routing, selecting different re- 205

trieval pipelines based on metadata or semantic 206

routers to enable hybrid strategies (Wang et al., 207

2025a). A third line develops multi-step and con- 208

trollable querying, where retrieval and generation 209

are composed into modular pipelines (e.g., RRR, 210

GenRead, RECITE (Ma et al., 2023; Yu et al., 211

2022b; Sun et al., 2022)) and governed by dynamic 212

controllers such as DSP, FLARE, and Self-RAG, 213

sometimes combined with fine-tuning or reinforce- 214

ment learning (Khattab et al., 2022; Jiang et al., 215

2023c; Asai et al., 2023; Ke et al., 2024; Lin et al., 216

2023b). 217

2.2 Agentic Memory 218

In contrast to RAG, which retrieves evidence from 219

an external corpus, agentic memory targets state- 220

ful, multi-turn interaction and accumulates textual 221

records of observations, actions, and outcomes 222

across steps to support long-horizon reasoning. 223

Memory Construction. Memory construction 224

converts raw interaction traces into compact, re- 225

trievable textual units. A common baseline is to 226

summarize dialogue histories, key events, and sta- 227

ble facts (e.g., user preferences or task states), as in 228

MemoryBank and RET-LLM (Zhong et al., 2024b; 229

Modarressi et al., 2023). To enable efficient access, 230

constructed memories are organized using explicit 231

structures, including key-value slots (Modarressi 232

et al., 2023; Salama et al., 2025; Xi et al., 2024), se- 233

mantic vector representations (Zhong et al., 2024b; 234

Pan et al., 2025; mem0ai, 2024), and relation- 235
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aware graphs capturing dependencies among mem-236

ory fragments, e.g., CGSN, GraphReader, Hip-237

poRAG (Nie et al., 2022; Li et al., 2024c; Gutiér-238

rez et al., 2024). Construction is strengthened239

by auxiliary signals such as timestamps, sum-240

maries, or factual tags to improve retrievability,241

e.g., LongMemEval (Wu et al., 2024a), or by orga-242

nizing memories along temporal and causal axes243

for context-sensitive navigation (Theanine (iunn244

Ong et al., 2025)). To control storage and infer-245

ence cost, some systems apply token-level pruning,246

summarization, or soft compression at construc-247

tion time, and reuse frequent contexts via prompt248

caching (Jiang et al., 2023a; Chevalier et al., 2023;249

Liu et al., 2023a; Gim et al., 2024).250

Memory Update. Memory update refines, con-251

solidates, and revises stored content as interactions252

proceed. Early work controls growth through peri-253

odic summarization or restructuring, using explicit254

summarizers such as MemoryBank and ChatGPT-255

RSum (Zhong et al., 2024b; Wang et al., 2025d)256

or prompt-based extraction of salient topics as in257

MemoChat (Lu et al., 2023a). Beyond compres-258

sion, many methods treat updating as a reasoning-259

driven step: agents reflect on past actions and out-260

comes and write back reusable artifacts, includ-261

ing action-thought traces (Yao et al., 2022), self-262

critique and revision notes (Shinn et al., 2024),263

distilled reasoning templates (Yang et al., 2024e),264

and workflow-level records (Wang et al., 2024m).265

Experience-based agents refine memory through266

trial-and-error interaction and feedback, revising267

what to store and how to use it (Liu et al., 2023b;268

Zhu et al., 2023b; Wang et al., 2023b; Yao et al.,269

2023; Zhao et al., 2024a; Li et al., 2024a). More270

recent systems emphasize memory evolution, al-271

lowing memories to be edited, linked, or reorga-272

nized over time. Examples include A-MEM’s inter-273

connected note-style growth (Xu et al., 2025; Ka-274

davy, 2021), temporally adaptive structures such as275

Synapse, R2I, and SCM (Zheng et al., 2024c; Sam-276

sami et al., 2024; Wang et al., 2024a), as well as277

selective editing, recursive summarization, memory278

blending, and self-reflective verification to main-279

tain relevance and consistency (Bae et al., 2022;280

Wang et al., 2025c; Kim et al., 2024b; Sun et al.,281

2024).282

Memory Query. Memory query determines how283

relevant entries are selected and integrated to sup-284

port ongoing reasoning. Existing methods improve285

query effectiveness from complementary perspec-286

tives. Query-centered approaches reformulate or 287

refine the query itself, for example via forward- 288

looking rewriting or iterative refinement (Jiang 289

et al., 2023b; Jang et al., 2024). Memory-centered 290

approaches enhance ranking and selection through 291

richer indexing signals and reranking strategies, as 292

explored in LongMemEval and personalized long- 293

term memory retrieval (Wu et al., 2024a; Du et al., 294

2024). Finally, event- and structure-aware retrieval 295

leverages temporal, causal, or relational structure to 296

traverse memory graphs or timelines, enabling co- 297

herent recall across long interaction histories (e.g., 298

LoCoMo, CC, MSC, and graph-based multi-hop 299

retrieval (Maharana et al., 2024; Jang et al., 2023; 300

Xu et al., 2021; Gutiérrez et al., 2024; Qian et al., 301

2024)). Together, these strategies highlight that 302

effective agentic memory query relies not only on 303

semantic similarity, but also on adaptive, context- 304

aware access over evolving memory states. 305

3 Intermediate Latent as Memory 306

Intermediate latent (IL) refer to inference-time in- 307

ternal representations in LLMs, such as attention 308

activations or other continuous vectors, that can 309

be cached and reused as memory. This section fo- 310

cuses on two forms of intermediate latent memory: 311

the Key-Value (KV) cache, and other vector-based 312

memory mechanisms. 313

Goal: Enable low-latency continuity within a
session.
Challenge: State management under fixed ca-
pacity. IL memory is best viewed as runtime
state. Construction, update (merge / compress
/ evict), and query must be explicitly scheduled
to avoid churn, thrashing, and behavior drift.

314

3.1 KV Cache as Memory 315

Memory Construction. The KV cache stores in- 316

termediate key and value vectors produced by the 317

attention mechanism to accelerate autoregressive 318

decoding. Its construction is implicit and deter- 319

ministic: during prefilling, KV pairs for all prompt 320

tokens are computed and cached; during decod- 321

ing, only KV pairs for newly generated tokens 322

are appended, while attention reuses the cached 323

states. This reduces per-token complexity from 324

O(n2) to O(n) and is a core component of modern 325

LLMs (Touvron et al., 2023a,b; Grattafiori et al., 326

2024; DeepSeek-AI et al., 2025a,b). Unlike token- 327

based memory, KV cache construction involves no 328
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explicit selection of what to store: all tokens ini-329

tially contribute full KV representations, and mem-330

ory management is deferred to post-construction.331

From a memory perspective, the KV cache thus332

provides a transient, high-fidelity record of recent333

context tightly coupled to attention computation.334

Memory Update. Memory update for KV cache335

focuses on controlling storage cost while preserv-336

ing attention quality. Existing methods fall into337

several recurring strategies.338

Eviction and dropping selectively discard KV339

entries using static patterns or dynamic importance340

signals. Representative approaches include fixed341

sparsity schemes (Xiao et al., 2024a; Han et al.,342

2024a), layer-wise retention (Wu and Tu, 2024),343

and attention- or query-aware dropping such as344

H2O, FastGen, Radar, and NACL (Zhang et al.,345

2023a; Ge et al., 2024; Hao et al., 2025; Chen et al.,346

2024d). Variants further exploit attention statistics347

across heads, layers, or tasks (Liu et al., 2023e;348

Devoto et al., 2024; Yao et al., 2024; Jiang et al.,349

2024b; Zhong et al., 2024a; Zhou et al., 2025).350

Merging and semantic compression reduce re-351

dundancy by consolidating similar KV entries352

rather than removing them outright. This includes353

similarity-based merging (Liu et al., 2024a; Kim354

et al., 2024a; Agarwal et al., 2024) and semantic-355

preserving compression at token, chunk, or sen-356

tence granularity (Zhang et al., 2025a; Liu et al.,357

2024d, 2025d; Zhu et al., 2025c).358

Quantization and low-rank approximation lower359

per-entry storage cost by reducing numerical pre-360

cision or exploiting low-rank structure. Represen-361

tative methods apply low-bit or asymmetric quan-362

tization (Liu et al., 2024e; Duanmu et al., 2024;363

Dong et al., 2024b; Hooper et al., 2024; Zhang364

et al., 2024b; Li et al., 2025b), attention- or layer-365

aware scaling (Lin et al., 2025; Yang et al., 2024d),366

and low-rank compression with residual preserva-367

tion (Dong et al., 2024a; Saxena et al., 2024; Kang368

et al., 2024). Dynamic precision schemes further369

adapt quantization to runtime conditions (Sheng370

et al., 2023; Zhao et al., 2024b; He et al., 2024b).371

System- and task-aware allocation adapts KV372

storage to deployment constraints and task char-373

acteristics. Examples include disaggregated and374

multi-GPU KV storage (Chen et al., 2024c; Li375

et al., 2025a), layer- or chunk-level budget assign-376

ment (Yang et al., 2024a; Liu et al., 2025d), and377

preference- or workload-aware allocation strate-378

gies (Zhu et al., 2025b).379

Memory Query. Memory query determines how 380

cached KV states are accessed during attention 381

when attending to all entries is inefficient or un- 382

necessary. 1) KV selection restricts attention to a 383

subset of relevant entries using query-dependent 384

signals: QUEST and TokenSelect estimate token 385

importance via attention statistics or learned pre- 386

dictors (Tang et al., 2024b; Wu et al., 2025a), Se- 387

lective Attention prunes targets across heads and 388

layers (Leviathan et al., 2025), and RetrievalAt- 389

tention treats KV states as retrievable items using 390

approximate nearest neighbor search (Liu et al., 391

2024b). 2) KV reuse avoids redundant computa- 392

tion by sharing cached states across overlapping 393

contexts or requests. Prefix-based reuse organizes 394

caches with tree structures, as in RadixAttention 395

and ChunkAttention (Zheng et al., 2024b; Ye et al., 396

2024), while cross-request reuse shares KV states 397

based on semantic similarity (Yang et al., 2025a; 398

Agarwal et al., 2025; Tan et al., 2025). More recent 399

systems extend reuse across retrieval and reranking 400

stages in RAG pipelines (Yang et al., 2025b; Yao 401

et al., 2025; Hu et al., 2025; Zhu et al., 2025a; An 402

et al., 2025; Jiang et al., 2025), or externalize KV 403

cache to support long-context inference beyond a 404

single device (Wu et al., 2022; Tworkowski et al., 405

2023; Di et al., 2025). 406

3.2 Other Vectors as Memory 407

External Vectors. External vector memory aug- 408

ments LLMs with a separate vector store that re- 409

tains intermediate latents for retrieval and reuse, 410

alleviating the quadratic cost of long-context at- 411

tention (Al Adel and Burtsev, 2021). Early work 412

explored sentence-level memory slots for sequence 413

modeling, while later systems such as kNN-LM 414

and the Memorizing Transformer leveraged pre- 415

trained embedding spaces and internal representa- 416

tions to enable scalable retrieval over large mem- 417

ory banks (Khandelwal et al., 2019; Wu et al., 418

2022). Subsequent designs, including MemGPT 419

and Neurocache, maintain vector caches supporting 420

dynamic retrieval and update for long-context or 421

multi-session tasks (Packer et al., 2023; Safaya and 422

Yuret, 2024). More recent architectures introduce 423

structured or associative memory modules, such 424

as CAMELoT, consolidating token representations 425

while balancing novelty and recency (He et al., 426

2024c), and MemOS or Memory3, which external- 427

ize knowledge via vector memory with metadata 428

or sparsification, without modifying core model 429

parameters (Li et al., 2025c; Yang et al., 2024c). 430

5



Steering Vectors. Steering vectors function as431

intermediate memory for behavioral control rather432

than factual storage. Unlike interaction-heavy KV433

caches or external memories, they encode persis-434

tent biases as directions in activation space, origi-435

nating from PPLM (Dathathri et al.). These vectors436

modulate hidden states to achieve alignment and in-437

terpretability via either contrastive or optimization-438

based approaches. Contrastive methods derive439

steering vectors from activation differences be-440

tween datasets exhibiting desired versus undesired441

behaviors, encoding behavioral preferences as sta-442

ble directions in activation space. Representative443

studies demonstrate control over sentiment, tox-444

icity, refusal, or factuality using single or multi-445

ple contrastive prompts (Turner et al., 2023; Liu446

et al., 2023c; Zou et al., 2023; Arditi et al., 2024).447

While effective, these approaches often require448

carefully constructed contrastive data and may449

capture spurious correlations that limit robustness450

and generalization (Chugtai and Bushnaq, 2025).451

Optimization-based methods instead learn steering452

vectors by optimizing simple objectives, such as453

maximizing target sequence likelihood or apply-454

ing lightweight affine transformations to hidden455

states, sometimes with only a single example (Sub-456

ramani et al., 2022; Hernandez et al., 2023; Dunef-457

sky and Cohan, 2025; Mack and Turner, 2024).458

More recent work explores probe-based or low-459

shot steering to induce truthfulness, suppress re-460

fusal, or support personalization, though empirical461

effectiveness varies across models and tasks (Li462

et al., 2024b; Turner et al., 2025; Cao et al., 2024).463

4 Parameter as Memory464

Goal: Persist knowledge across sessions and
deployments via weight updates.
Challenge: Safe and localized writing.
Parameter-level memory represents consoli-
dated knowledge. Updates must add new infor-
mation while limiting interference with exist-
ing capabilities.

465

Memory Construction. Unlike token- or cache-466

based memory that relies on input context and run-467

time storage, parametric memory encodes knowl-468

edge directly into model weights through pretrain-469

ing or fine-tuning, providing long-term and context-470

independent storage. The capacity and structure471

of this memory are strongly influenced by training-472

time factors, including training data composition473

and augmentation, sequence or context length, 474

and model scale. Data augmentation strategies 475

such as rephrasing, reordering, or stylistic trans- 476

formation can significantly increase memorization 477

strength (Allen-Zhu and Li, 2024), while data du- 478

plication leads to superlinear memorization effects 479

and raises privacy concerns (Carlini et al., 2021; 480

Lee et al., 2022; Kandpal et al., 2022). Longer train- 481

ing sequences expose models to richer contextual 482

dependencies, increasing the likelihood of verba- 483

tim recall (Carlini et al., 2023; Wang et al., 2024l). 484

Model size further amplifies parametric memory 485

capacity, with memorization scaling approximately 486

log-linearly with parameter count (Tirumala et al., 487

2022; Carlini et al., 2023; Freeman et al., 2024). 488

Mechanistic analyses suggest that this constructed 489

memory is not uniformly distributed: MLP layers 490

can be interpreted as key-value memories (Geva 491

et al., 2021), and factual knowledge may localize 492

to specific neurons (Dai et al., 2021), providing a 493

structural basis for later updates. 494

Memory Update. Memory update at the param- 495

eter level concerns how knowledge embedded in 496

model weights can be modified, extended, or reor- 497

ganized without reconstructing parametric memory 498

from scratch. Unlike construction, which writes 499

memory through large-scale training, update mech- 500

anisms aim to incorporate new information, person- 501

alize behavior, or combine task knowledge while 502

mitigating interference with existing parameters. 503

Continual learning provides a foundational view 504

of parametric memory update by explicitly address- 505

ing catastrophic forgetting (Wang et al., 2024e). 506

Regularization-based methods constrain updates to 507

parameters deemed critical for previously learned 508

knowledge, as in EWC, TaSL, SELF-PARAM, 509

and POCL (Kirkpatrick et al., 2017; Feng et al., 510

2024; Wang et al.; Wu et al., 2024b). Replay- 511

based strategies instead reinforce memory by rein- 512

troducing past samples or synthetic pseudo-data, 513

enabling retention without full retraining; for ex- 514

ample, DSI++ maintains retrieval performance via 515

generative replay with pseudo-queries (Mehta et al., 516

2022). Agent-centric extensions such as LSCS fur- 517

ther adapt continual learning to interactive settings, 518

incrementally encoding external experiences into 519

parameters over time (Wang et al., 2024k). 520

Parameter-efficient fine-tuning (PEFT) updates 521

parametric memory by introducing lightweight, 522

task- or user-specific adaptations while freezing 523

the backbone (Han et al., 2024b). This paradigm 524
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supports personalization and long-term adapta-525

tion with reduced computational cost. Repre-526

sentative systems encode character traits or per-527

sonal histories into parameters (e.g., Character-528

LLM (Shao et al.)), compress evolving user mem-529

ory through lifelong personal models (AI-Native530

Memory (Shang et al., 2024)), or enhance dialogue531

coherence via episodic parametric memory (Mem-532

oRAG (Qian et al., 2024), Echo (Liu et al., 2025b)).533

Model merging updates parametric memory by534

combining multiple pretrained or fine-tuned mod-535

els without access to original data. Basic param-536

eter averaging, widely used in federated learning537

(e.g., FedAvg), offers simplicity and efficiency but538

often degrades performance due to parameter con-539

flicts (McMahan et al., 2017; Marczak et al., 2024).540

To address this, weighted merging prioritizes im-541

portant parameters using Taylor approximations,542

task vectors, or Fisher information (Lee et al., 2019;543

Qu et al., 2022; Matena and Raffel, 2022; Jhunjhun-544

wala et al., 2024; Daheim et al., 2024). Subspace-545

based approaches further mitigate conflicts by prun-546

ing or masking parameters before merging, leverag-547

ing over-parameterization to preserve task-relevant548

memory (e.g., TIES, DARE, Model Breadcrumbs,549

TALL-masks) (Yadav et al., 2023; Yu et al., 2024a;550

Davari and Belilovsky, 2023; Wang et al., 2024c).551

Routing-based methods generalize merging to in-552

ference time, dynamically selecting or weighting553

parameters or experts based on inputs, as in MoE-554

style or soft-routing frameworks (Shazeer et al.,555

2017; Muqeeth et al., 2024; Lu et al., 2024a; Tang556

et al., 2024a). LoRA-based routing further en-557

ables dynamic composition of low-rank updates,558

although decomposition-induced degradation re-559

mains a concern (Huang et al., 2023a; Wei et al.,560

2025; Lai et al., 2025).561

Task arithmetic treats parameter updates as vec-562

tor operations in weight space, enabling addition563

or subtraction of task-specific knowledge (Ilharco564

et al., 2022). Methods like TIES and AdaMerg-565

ing explicitly resolve conflicts by trimming low-566

magnitude parameters or learning adaptive merging567

coefficients (Yadav et al., 2023; Yang et al., 2024b),568

while TwinMerge refines task fusion through super-569

vised low-rank adaptation (Lu et al., 2024b). These570

approaches frame parameter update as algebraic571

composition, balancing flexibility and sensitivity572

to hyperparameters and task compatibility.573

Model editing focuses on precise, targeted up-574

dates to parametric memory, enabling the insertion,575

modification, or deletion of specific facts (Wang576

et al., 2024h). Recent systems such as Memo- 577

ryLLM support self-updating and long-term re- 578

tention, while WISE introduces a dual-memory 579

design that separates stable pretrained knowledge 580

from edited content and routes queries accord- 581

ingly (Wang et al., 2024j,g). Compared to broader 582

adaptation methods, model editing offers fine- 583

grained control over parametric memory, but often 584

relies on assumptions about knowledge localization 585

and may accumulate errors over repeated edits. 586

Memory Query. Querying parametric memory 587

differs fundamentally from querying token-level or 588

KV-cache memory. Rather than retrieving stored 589

entries, parametric memory is accessed implic- 590

itly through forward computation and analyzed 591

via memorization phenomena. Exact memoriza- 592

tion refers to verbatim reproduction of training 593

sequences under suitable prompts (Carlini et al., 594

2021, 2023; Nasr et al., 2023), while approximate 595

memorization captures semantic or structural sim- 596

ilarity without exact copying (Ippolito et al., 2023). 597

Prompt-based memorization further shows that 598

carefully designed prompts can elicit stored con- 599

tent from partial prefixes, revealing the conditional 600

nature of parametric recall (Biderman et al., 2023). 601

5 Discussion 602

From Knowledge Requests to Memory Back- 603

ends. Table 1 links task knowledge requirements 604

to representation choice by showing what domi- 605

nant management challenge are. We summarize 606

requirements using two human memory-inspired 607

axes (Tulving and Donaldson, 1972; Begg, 1984; 608

Squire, 2009): retention (short-term vs. long-term) 609

and functional form (episodic, semantic, procedu- 610

ral); details are in Appendix B. Token-level mem- 611

ory primarily serves short-term explicit content, 612

but is query-limited under long contexts, where se- 613

lecting and integrating the right evidence becomes 614

the bottleneck (Liu et al., 2024c). Intermediate la- 615

tent memory supports short-horizon continuity, but 616

is update-limited because gains depend on cache 617

budgeting under fixed capacity (Xiao et al., 2023). 618

Parametric memory supports long-term consolida- 619

tion, but is write-limited: construction and update 620

are costly and must control interference and forget- 621

ting (Kirkpatrick et al., 2017; Meng et al., 2023). 622

Unified Interfaces as System Glue. The table 623

suggests a simple system lesson: representation 624

choice shifts the bottleneck to a different operation, 625

7



Memory Preferred Knowledge Requirements Management Challenge Strategic Gain
Representation Retention Functional Construction Update Query (Return)

Token-level Short-term Episodic + Semantic Medium Medium High Editability
Intermediate latent Short-term Episodic Low High Low Efficiency

Parameter-level Long-term Procedural + Semantic High High Low Persistence

Table 1: Decision-support matrix for LLM memory management. Knowledge requirements summarize the task
regimes each representation most naturally supports. Management challenge indicates where engineering effort is
typically concentrated under construction-update-query.

so memory should be engineered through a unified626

construction-update-query interface rather than as627

representation-specific pipelines. With shared in-628

terfaces, systems can mix backends (tokens for629

editable evidence, caches for session continuity, pa-630

rameters for durable consolidation) while keeping631

a consistent control plane for when to store, how to632

maintain, and what to use at inference time. This633

also improves portability across tasks and deploy-634

ments by decoupling task requirements from back-635

end choice, and makes failures easier to diagnose636

by localizing them to query selectivity (Liu et al.,637

2024c), cache policy (Xiao et al., 2023; Zhang638

et al., 2023c), or unsafe writes (Meng et al., 2023).639

Future Directions Specialized Memory Struc-640

tures. The growing scale and diversity of LLM641

memory workloads expose limitations of general-642

purpose memory hierarchies for long-context and643

agentic applications (Yao et al., 2022). Mem-644

ory mechanisms such as KV caches (Pope et al.,645

2022), vector databases (Lewis et al., 2020), and646

graph-structured memories (Park et al., 2023)647

exhibit heterogeneous access patterns and up-648

date behaviors, motivating specialized memory649

structures for different abstractions. Meanwhile,650

the high cost of data movement highlights soft-651

ware–hardware co-design, where memory-aware652

algorithms and hardware support jointly reduce la-653

tency and energy (Wulf and McKee, 1995; Jouppi654

et al., 2017; Dao et al., 2022). Future work should655

explore dedicated memory layouts and tighter soft-656

ware–hardware integration to support memory con-657

struction, update, and query at scale (Yu et al.,658

2022a; Zhong et al., 2024d).659

Unified Training–Inference Systems. Current660

LLM systems largely separate training from in-661

ference, limiting adaptation to evolving users and662

environments (Brown et al., 2020a; Bommasani663

et al., 2022). While this survey focuses on infer-664

ence memory, long-term agentic settings increas-665

ingly blur this boundary through continual learning666

and personalization during deployment (Park et al.,667

2023; Shinn et al., 2023). This trend motivates 668

unified training–inference designs that integrate 669

memory management with lightweight updates and 670

inference-time adaptation while mitigating catas- 671

trophic forgetting (Hu et al., 2021). Future work 672

should explore integrated architectures to enable 673

continuous learning and personalized behavior. 674

Cross-Domain Methodology Transfer. LLM 675

memory challenges often parallel classic problems 676

in operating systems (OS) and databases. For ex- 677

ample, KV cache management adopts OS-level 678

paradigms like paging, eviction, and tiered hierar- 679

chies to handle limited memory (Kwon et al., 2023; 680

Xiao et al., 2024b; Zhang et al., 2023a). RAG 681

systems leverage database techniques for index- 682

ing, query optimization, and execution planning 683

(Karpukhin et al., 2020; Khattab and Zaharia, 2020; 684

Izacard et al., 2023; Asai et al., 2023). Further- 685

more, distributed systems and cloud computing 686

inspire solutions for scaling long-context work- 687

loads through partitioning and remote memory 688

(Zhong et al., 2024d; Fu et al., 2024; Jin and Wu, 689

2025). These established paradigms provide a foun- 690

dational blueprint for scalable and efficient LLM 691

memory orchestration. 692

6 Conclusion 693

This survey presents a unified management view 694

of LLM memory that links task knowledge require- 695

ments to concrete memory representations through 696

shared interfaces, including construction, update, 697

and query. By treating memory as a system-level 698

capability rather than a collection of task-specific 699

tricks, the survey provides a coherent way to com- 700

pare diverse designs, reason about effectiveness– 701

efficiency trade-offs, and guide the composition of 702

hybrid memory backends for long-horizon agents. 703

We hope this perspective helps standardize how 704

future work specifies requirements, evaluates mem- 705

ory behavior over extended interaction, and designs 706

reusable memory components that remain reliable 707

under realistic deployment constraints. 708
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Limitations709

This survey proposes a unified representation–710

management abstraction to organize LLM memory,711

but the fast pace of the field means our coverage712

may lag behind the newest systems and some in-713

dustrial practices are discussed only at a high level.714

Our taxonomy is also a simplification: many meth-715

ods span multiple representations and the bound-716

aries between construction, update, and query can717

blur in long-horizon agents. Finally, quantitative718

comparisons across papers remain limited due to719

inconsistent tasks, models, evaluation protocols,720

and deployment settings, so our synthesis empha-721

sizes recurring design trade-offs and failure modes722

rather than a unified benchmark ranking.723
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A Related Surveys2547

The rapid development of LLMs has triggered2548

many surveys on LLM-based agents, which study2549

how an LLM can perceive, act, accumulate2550

knowledge, and adapt over time. Early reviews2551

(e.g., (Wang et al., 2023e)) organize agent research2552

by how agents are built, where they are used, and2553

how they are evaluated. Later surveys expand the2554

scope with different taxonomies and emphases (Xi2555

et al., 2023; Zhao et al., 2023b; Cheng et al., 2024;2556

Ge et al., 2023). There are also focused reviews on2557

key capabilities and settings, such as multimodal2558

agents (Durante et al., 2024), planning (Huang2559

et al., 2024), multi-agent interaction (Guo et al.,2560

2024), and personal assistant applications (Li et al.,2561

2024d). These works provide useful summaries of2562

agent pipelines, but memory is usually treated as2563

one module among many, and is rarely analyzed2564

as a first-class system component with a unified2565

interface and lifecycle.2566

A separate line of surveys summarizes how2567

LLMs are applied to specific domains. In informa-2568

tion retrieval and extraction, surveys cover LLM-2569

based query processing (Zhu et al., 2023c) and2570

taxonomies for information extraction (Xu et al.,2571

2023). In recommender systems, several reviews2572

discuss how LLMs and agent-style components2573

are used for data generation and recommenda-2574

tion (Li et al., 2023a; Lin et al., 2023a; Wang2575

et al., 2023i). In software engineering, surveys2576

summarize the use of LLMs across design, de-2577

velopment, and testing (Fan et al., 2023; Wang2578

et al., 2024b; Zheng et al., 2023b). Other do-2579

main surveys cover robotics (Zeng et al., 2023),2580

autonomous driving (Cui et al., 2024; Yang et al.,2581

2023), medicine (He et al., 2023a; Zhou et al.,2582

2023b; Wang et al., 2023a), finance (Li et al.,2583

2023d), and psychology (He et al., 2023b). While2584

these surveys are valuable for understanding do-2585

main adaptation, they typically treat memory as2586

domain-specific prompting or retrieval practice,2587

rather than a general representation and manage-2588

ment problem.2589

Surveys that target memory in LLMs and agent2590

systems are more closely related to our work, but2591

the current picture is still fragmented. Some sur-2592

veys discuss operational aspects of memory (Zhang2593

et al., 2024c), yet many narrow their scope to long-2594

context modeling (Huang et al., 2023b), long-term2595

memory (He et al., 2024d; Jiang et al., 2024a),2596

personalization (Liu et al., 2025a), or knowledge2597

editing (Wang et al., 2024h). This topical split 2598

makes it hard to compare methods across settings, 2599

and it often blurs the boundary between (i) what is 2600

stored (the memory representation) and (ii) how it 2601

is used and maintained (the memory management). 2602

As a result, practical foundations such as consistent 2603

benchmarks, tools, and implementation constraints 2604

are not discussed in a unified way. 2605

Several recent surveys propose alternative lenses 2606

for understanding memory. Some move beyond a 2607

pure time-based split (short-term vs. long-term) and 2608

categorize memory by the memory “object”, such 2609

as personal memories for user interaction and sys- 2610

tem memories for internal state (Jiang et al., 2024a; 2611

Zhang et al., 2024c; Zhong et al., 2024b). Others 2612

focus on memory mechanisms inside LLM-based 2613

agents and review their design, evaluation, and ap- 2614

plications for self-evolving behaviors (Zhang et al., 2615

2025b). Another direction decomposes memory 2616

into smaller operations and separates parametric 2617

and contextual forms, listing operations such as 2618

updating, indexing, retrieval, and compression (Du 2619

et al., 2025). Human-memory-inspired surveys fur- 2620

ther relate human memory categories to AI memory 2621

designs and propose multi-dimensional categoriza- 2622

tions (Wu et al., 2025b). Empirical studies evaluate 2623

how memory structures and retrieval strategies af- 2624

fect agent performance, including how memory 2625

addition and deletion influence long-horizon be- 2626

haviors (Zeng et al., 2024). These perspectives are 2627

informative, but they often treat the operation list 2628

as the primary organizing principle, which does 2629

not directly expose the system constraints behind 2630

different memory backends. 2631

A complementary line of surveys studies mem- 2632

ory from the deployment and efficiency angle. In- 2633

ference system surveys summarize how to deliver 2634

high throughput and quality under large work- 2635

loads (Pan and Li, 2025), and KV-cache manage- 2636

ment is reviewed as a key technique for reducing 2637

redundant computation and improving memory use 2638

during decoding (Hatalis et al., 2024; LI et al., 2639

2025; Luohe et al.). Broader inference optimiza- 2640

tion surveys also analyze sources of inefficiency 2641

and summarize techniques at the data, model, and 2642

system levels (Zhou et al., 2024). These works 2643

are mainly organized around performance tech- 2644

niques. They provide less discussion on how run- 2645

time memory (e.g., KV cache) relates to other 2646

memory forms under a single representation-and- 2647

management view, and how different backends can 2648

be composed in one agent system. A related sur- 2649
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vey (Shan et al., 2025) uses a taxonomy close to2650

ours, but it does not provide a systematic discussion2651

of implementation details across memory back-2652

ends.2653

In contrast, our survey treats memory as a sepa-2654

rable system component and organizes prior work2655

by two orthogonal axes: the representation used2656

to store memory and the management process that2657

constructs, updates, and queries that memory. This2658

decouples memory mechanisms from specific learn-2659

ing modes such as in-context learning or weight2660

updates, and clarifies how the same management2661

goals can be realized through different backends2662

(token memory, intermediate latent memory, and2663

parametric memory) under different cost and relia-2664

bility constraints.2665

B Overview of Human and LLM Memory2666

and Taxonomy2667

This section provides a high-level overview of hu-2668

man and LLM memory through a concise taxon-2669

omy of both. By decoupling human memory from2670

LLM memory, we analyze how different categories2671

of human memory can be instantiated using dis-2672

tinct LLM memory mechanisms. Building on this2673

perspective, we present a holistic framework that2674

demystifies LLM memory design and offers a uni-2675

fied intuition for understanding approaches.2676

B.1 Human Memory2677

Human memory is a complex and multifaceted phe-2678

nomenon, recognized in cognitive neuroscience as2679

a collection of interconnected processes, includ-2680

ing encoding, consolidation, storage, and retrieval2681

(Baddeley and Hitch, 1974; Sridhar et al., 2023). It2682

represents the brain’s remarkable capacity to store,2683

retain, and recall information, serving as the foun-2684

dation for learning, adapting to environments, and2685

shaping personal identity (Sherwood et al., 2004;2686

Weng, 2023). Memory underpins higher-order2687

cognitive functions such as reasoning, problem-2688

solving, and language comprehension, profoundly2689

influencing behavior and decision-making (Bud-2690

son and Kensinger, 2023; Shan et al., 2025).2691

Based on the duration of information retention,2692

human memory is classified into short-term and2693

long-term memory, as illustrated in Figure 2(a)2694

(Baddeley, 2007). Short-term memory temporar-2695

ily holds and processes information for seconds to2696

minutes as working memory, which actively manip-2697

ulates information for immediate tasks like reason-2698

ing and comprehension (Budson and Kensinger, 2699

2023; Baddeley and Hitch, 1974). In contrast, long- 2700

term memory stores information for extended pe- 2701

riods, ranging from minutes to years, forming a 2702

repository for enduring knowledge and experiences 2703

(Budson and Kensinger, 2023). 2704

Based on functional roles, human memory is 2705

commonly categorized into explicit (declarative), 2706

implicit (non-declarative), and sensory memory 1, 2707

as shown in Figure 2(b) (Budson and Kensinger, 2708

2023). Explicit memory involves conscious recall 2709

of facts and events that can be readily articulated. It 2710

includes episodic memory, which captures personal 2711

experiences tied to specific times and contexts (e.g., 2712

recalling what one ate for lunch) (Tulving and Don- 2713

aldson, 1972), and semantic memory, which stores 2714

factual knowledge independent of personal expe- 2715

rience (e.g., knowing the Earth is round) (Begg, 2716

1984). Implicit memory operates unconsciously 2717

and is harder to verbalize, including procedural 2718

memory that governs skills and habits acquired 2719

through repetition, such as riding a bicycle or play- 2720

ing a musical instrument (Squire, 2009). These 2721

memory systems interact to support information 2722

processing and storage. 2723

From a cognitive psychology perspective, mem- 2724

ory is a fundamental mental process critical to 2725

learning and behavior (Solso and Kagan, 1979). 2726

It enables the accumulation of knowledge, abstrac- 2727

tion of high-level concepts, and formation of so- 2728

cial norms through the retention of cultural values 2729

and personal experiences (Craik and Lockhart, 2730

1972; Leydesdorff, 2017). Memory also supports 2731

decision-making by allowing individuals to antici- 2732

pate potential consequences (Johnson-Laird, 1983). 2733

These insights are invaluable for designing LLM- 2734

based agents, as memory modules that mirror hu- 2735

man cognitive processes enhance their ability to 2736

perform complex tasks and exhibit human-like be- 2737

havior (Laird, 2019; Sun, 2001). 2738

Memory is essential for the self-evolution of 2739

LLM-based agents in dynamic environments (Sut- 2740

ton and Barto, 2018). It facilitates experience ac- 2741

cumulation, enabling agents to retain past errors, 2742

inappropriate behaviors, or failed attempts to im- 2743

prove future performance and learning efficiency 2744

(Zheng et al., 2023a). Memory also supports envi- 2745

ronment exploration by guiding agents to prioritize 2746

less-explored actions or revisit previously unsuc- 2747

1For LLMs, we do not discuss sensory memory in detail,
as LLMs primarily operate on text.
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Human Memory

Categories of Human Memory (according to persistency)

26

Human Memory

Long Term Memory Short Term Memory (Working memory)

Long-term memory: is a storage system that holds information for extended periods, ranging from minutes to a lifetime.

Short-term memory (working memory): we use to temporarily store and process information. It not only helps us maintain
current thoughts but also plays a role in reasoning, decision-making and problem-solving. 

(a) Memory Categories according to duration.

Human Memory

Categories of Human Memory (according to functions)

27

Human Memory

Explicit Memory 
(Declarative)

Explicit memory refers to memories that we can easily verbalize or declare.
Implicit memory refers to memories that are difficult to describe in words.

Episodic memory enables the recall of specific personal experiences situated in time and context.
Semantic memory involves the storage of factual knowledge about the world, divorced from personal experience.
Procedural memory governs skills and habits acquired through repetition, such as riding a bike or typing

Sensory memory is the brief storage of sensory information we acquire from the external world, including iconic memory
(visual), echoic memory (auditory), haptic memory (touch), and other sensory data. Some sensory memories are transferred
to working memory, while others are eventually stored in long-term memory (such as episodic memory)

Implicit Memory 
(Non-Declarative)

Semantic Memory
(Facts & Events)

Episodic Memory
(Personal Experience)

Procedural Memory
(Skills and Habits)

Episodic Memory
(Personal Experience)

Sensory Memory

(b) Memory Categories according to semantics.

Figure 2: Human Memory Overview.

cessful trials, enhancing adaptability (Montazeral-2748

ghaem et al., 2020; Zhu et al., 2023a). Additionally,2749

memory enables knowledge abstraction, allowing2750

agents to summarize raw observations into high-2751

level insights, which is crucial for generalizing to2752

new environments (Zhao et al., 2023a).2753

B.2 LLM Memory2754

LLM Inference. LLMs such as GPT (Brown2755

et al., 2020b), LLaMA (Touvron et al., 2023a,b;2756

Grattafiori et al., 2024), Qwen (Qwen et al., 2025;2757

Bai et al., 2023), and DeepSeek (DeepSeek-AI2758

et al., 2025a,b) operate under the autoregressive2759

generation paradigm. In this approach, the model2760

predicts the next token based on all previously gen-2761

erated tokens. Given an input sequence of tokens2762

(x1, . . . , xn), the model computes a probability dis-2763

tribution over the vocabulary for the next token at2764

each time step t, typically using the final token’s2765

representation. This process is governed by the2766

joint probability:2767

P (x1, . . . , xn) = P (x1)× P (x2 | x1)
× . . .× P (xn | x1, . . . , xn−1).

(1)2768

The inference process (Equation 1) relies on the2769

self-attention mechanism within the transformer2770

architecture. For each token i, self-attention com-2771

putes a weighted sum over the representations of2772

all previous tokens {1, 2, . . . , i}, resulting in a time2773

complexity of O(n2) for a sequence of length n.2774

This quadratic complexity becomes computation-2775

ally expensive for long sequences, as attention is2776

recalculated over all preceding tokens at every step.2777

To mitigate this inefficiency, the KV cache is2778

widely used as an optimization technique. The2779

KV cache divides inference into two phases: pre-2780

fill and decoding. In the prefill phase, the model2781

processes the entire prompt with full-sequence at-2782

tention, computing and storing the key and value2783

vectors for all tokens. During the decoding phase,2784

as the model generates one token at a time, only the2785

key and value vectors for the new token are com-2786

puted and appended to the cache. Attention is then 2787

calculated solely between the current query and the 2788

cached KV pairs, eliminating redundant computa- 2789

tions and significantly improving the efficiency of 2790

autoregressive generation. 2791

Transformer Architecture. The remarkable 2792

performance of transformer-based LLMs across di- 2793

verse tasks is primarily driven by the self-attention 2794

mechanism (Leviathan et al., 2025; Meng et al., 2795

2025; Vaswani et al., 2017). In this mechanism, 2796

a sequence of input hidden states (h1, . . . , hn) is 2797

transformed through a linear projection layer to 2798

produce the Query (Q), Key (K), and Value (V ) 2799

vectors, as defined in Equation 2. 2800

concat(qi, ki, vi) = concat(Wq,Wk,Wv) ·hi (2) 2801

Subsequently, attention scores aij are computed 2802

by taking the dot product between a Query vector 2803

(qi) and a Key vector (kj), scaled by the square root 2804

of the dimension d. These scores are normalized 2805

and used as weights to sum the Value vectors (vj), 2806

producing the output (oi) as shown in: 2807

aij =
exp(q⊤i kj/

√
d)∑i

t=1 exp(q
⊤
i kt/

√
d)

, oi =
i∑

j=1

aijvj .

(3) 2808

The output of the self-attention mechanism is 2809

then processed by a Feed Forward Network (FFN), 2810

which typically consists of multiple linear layers in- 2811

terleaved with activation functions, further enhanc- 2812

ing the model’s ability to capture complex patterns. 2813

In Context Learning. In-context learning en- 2814

ables LLMs to retrieve and utilize memory by in- 2815

corporating relevant information directly within 2816

the input prompt as natural language, without mod- 2817

ifying model parameters or storing intermediate 2818

representations explicitly. The model relies on the 2819

provided context—such as examples, instructions, 2820

or retrieved data from a pool or database—to guide 2821

its predictions. For a prompt with a sequence of 2822

tokens (x1, . . . , xn), the self-attention mechanism, 2823

28



Table 2: Characteristics of Human Memory.

Memory Type Key Function/Characteristics Duration/Capacity

Sensory Memory Brief buffer for incoming sensory information (visual, auditory, etc.) Milliseconds to a few seconds

Working Memory (WM)
Transient active store for manipulating information;

supports complex cognitive operations (reasoning, language)
Tens of seconds to minutes; limited items

Short-Term Memory (STM) Temporary holding of information before transfer to LTM or forgetting Tens of seconds to minutes; limited items

Long-Term Memory (LTM) Stores information for extended periods; large capacity and durability Minutes to decades; Vast capacity

Declarative (Explicit) Consciously recalled facts and events Minutes to decades; Vast capacity

Episodic Memory Personal experiences, specific events with contextual details Minutes to decades

Semantic Memory General world knowledge, facts, concepts, language Minutes to decades

Non-Declarative (Implicit) Unconscious learning: skills, habits, priming, conditioning Acquired slowly, long-lasting

30

LLM

Question: What was the significance of the event I 
asked about last week?
Context: The user is referring to a previous 
conversation about the Apollo 11 moon landing. The 
current conversation is about historical space missions.
Retrieved Memory: In a conversation on August 6, 
2025, the user asked, "Why was Apollo 11 a big deal?" 
The LLM responded: "Apollo 11 was the first manned 
mission to land on the moon, on July 20, 1969. It 
marked a major milestone in human exploration, 
symbolizing technological advancement and 
international prestige during the Cold War."

Scenario: A user asks an LLM about a historical event, and the LLM uses 
context and retrieved memory to answer.

KV CachePrefill

{Question}{Context} KV Memory

(a) Text (Natural Language)
As Memory

LLM

(b) Hiden State Features
As Memory

LLM
Freeze

(c) Parameters As Memory

In a conversation on August 6, 2025, the 
user asked, "Why was Apollo 11 a big 
deal?" The LLM responded: "Apollo 11 was 
the first manned mission to land on the 
moon, on July 20, 1969. It marked a major 
milestone in human exploration, 
symbolizing technological advancement and 
international prestige during the Cold War."

Train

In a conversation on 
August 6, 2025, ………"

Figure 3: LLM Memory Classification.

as defined in Equation (3), weighs the relevance2824

of each token in the context when predicting the2825

next token, effectively mimicking memory retrieval.2826

Research has shown that in-context learning can2827

be viewed as implicit structure induction or meta-2828

optimization, where the model learns task-specific2829

patterns during inference by performing a form of2830

gradient descent within the attention mechanism2831

(Dai et al., 2023; Hahn and Goyal, 2023; Garg et al.,2832

2022).2833

In practice, in-context learning is implemented2834

by constructing prompts with relevant examples2835

or retrieved documents, as seen in models like2836

GPT (Brown et al., 2020b) or Qwen (Qwen et al.,2837

2025; Bai et al., 2023). For instance, few-shot2838

learning scenarios provide question-answer pairs2839

to guide responses, with the self-attention mecha-2840

nism computing scores aij =
exp(q⊤i kj/

√
d)∑i

t=1 exp(q
⊤
i kt/

√
d)

to2841

focus on relevant context tokens. Studies suggest2842

that in-context learning excels in task recognition2843

and adaptation, but its effectiveness depends on2844

the quality and structure of the provided demon-2845

strations (Min et al., 2022; Pan et al., 2023b).2846

Additionally, emergent in-context learning capa-2847

bilities may be transient and tied to pretraining2848

task diversity, highlighting the role of training data2849

in enabling this mechanism (Singh et al., 2023;2850

Raventos et al., 2023; Shen et al., 2024).2851

KV Cache or Intermediate Representations.2852

The KV cache stores intermediate Key (K) and 2853

Value (V ) vectors computed during the self- 2854

attention process, as defined in Equation (2), to 2855

enhance efficiency in autoregressive generation. 2856

During the prefill phase, the model processes the 2857

entire prompt, generating and caching K and V 2858

vectors for all tokens. In the decoding phase, only 2859

the K and V vectors for each newly generated 2860

token are computed and appended to the cache, 2861

with attention calculated solely between the cur- 2862

rent Query and cached KV pairs, producing the 2863

output oi =
∑i

j=1 aijvj . This reduces the time 2864

complexity from O(n2) to O(n) per token during 2865

decoding, as used in models like LLaMA (Tou- 2866

vron et al., 2023a,b; Grattafiori et al., 2024) and 2867

DeepSeek (DeepSeek-AI et al., 2025a,b). 2868

Recent advancements have focused on optimiz- 2869

ing the KV cache to handle long-context scenar- 2870

ios and reduce memory overhead. Techniques 2871

like CacheGen and ChunkKV employ semantic- 2872

preserving compression to reduce the cache size 2873

while maintaining performance (Liu et al., 2024d, 2874

2025d; Zhu et al., 2025b; Liu et al., 2025c). KIVI 2875

introduces asymmetric 2-bit quantization for KV 2876

cache entries, further reducing memory footprint 2877

(Liu et al., 2024e). Methods like SnapKV and 2878

H2O selectively retain important KV pairs based 2879

on attention patterns, improving efficiency for long- 2880

context inference (Li et al., 2024e; Zhang et al., 2881
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2023b). Additionally, StreamingLLM uses atten-2882

tion sinks to stabilize attention distributions, en-2883

abling efficient streaming inference (Xiao et al.,2884

2023). Distributed approaches, such as KVDirect2885

and FlowKV, optimize KV cache storage and trans-2886

fer across multi-GPU systems (Chen et al., 2024c;2887

Li et al., 2025a). These optimizations make the KV2888

cache a critical memory mechanism for scalable2889

and efficient LLM inference.2890

Training-Based Knowledge Integration.2891

Training-based memorization embeds knowledge2892

directly into the model’s parameters during2893

training, effectively transforming data into a2894

compressed, implicit memory. LLMs like GPT,2895

LLaMA, Qwen, and DeepSeek are trained on vast2896

datasets, encoding patterns, facts, and relation-2897

ships within weights, particularly in the linear2898

projection layers (Wq,Wk,Wv) and the Feed2899

Forward Network (FFN). The training process2900

optimizes the joint probability P (x1, . . . , xn) =2901

P (x1) · P (x2 | x1) · . . . · P (xn | x1, . . . , xn−1),2902

adjusting parameters via backpropagation to2903

capture statistical and semantic patterns. This2904

enables the model to recall knowledge during2905

inference without external storage, though the2906

memory is static unless fine-tuned or retrained.2907

Summary. As shown in Figure 3, In-context2908

learning provides flexible memory through natural2909

language prompts, leveraging self-attention to adap-2910

tively retrieve task-specific information, with its ef-2911

ficacy tied to demonstration quality and pretraining2912

diversity (Min et al., 2022; Raventos et al., 2023).2913

Examples of implementing memory with different2914

kinds of natural language tokens are shown in Ta-2915

ble 3. The KV cache optimizes inference by storing2916

intermediate representations, with recent advance-2917

ments like compression and selective retention en-2918

hancing efficiency for long contexts (Liu et al.,2919

2024e; Li et al., 2024e; Xiao et al., 2023). Training-2920

based knowledge integration embeds static mem-2921

ory in model parameters, enabling generalization2922

across tasks. Together, these mechanisms enable2923

LLMs to balance flexibility, efficiency, and gener-2924

alization in diverse applications.2925

B.3 Taxonomy of Memory Implementations2926

Different from existing surveys that connect differ-2927

ent LLM memory types with human memory with2928

one-to-one mapping, we observe that all different2929

LLM memory mechanisms can be used to imple-2930

ment human-like memory with LLM. However,2931

different LLM memory mechanisms have different2932

characteristics, advantages and limitations, which 2933

are summarized in Table 4 and 5. 2934

In-Context Learning. In-context learning sup- 2935

ports both short-term memory (processing imme- 2936

diate context) and long-term memory. It relies 2937

on the self-attention mechanism to focus on rel- 2938

evant tokens, with no memory scale limitation for 2939

short-term use but high inference costs for long- 2940

term memory due to processing large contexts. 2941

In-context learning excels in episodic (context- 2942

specific events) and semantic (factual knowledge) 2943

memory, as prompts can encode task-specific exam- 2944

ples or facts. Procedural memory (task processes) 2945

is limited due to reliance on explicit instructions. 2946

Since in-context learning does not modify param- 2947

eters, it avoids catastrophic forgetting, preserving 2948

pretrained knowledge. Short-term memory has no 2949

limitation, as it depends on the prompt size. Long- 2950

term memory faces high inference costs due to 2951

the O(n2) complexity of self-attention for long se- 2952

quences, and the lost-in-the-middle problem. The 2953

memory is explicit in the prompt, making it inter- 2954

pretable as the model’s output directly reflects the 2955

provided context. No additional training or stor- 2956

age is required, though inference costs increase 2957

with context length. Malicious or biased prompts 2958

can influence outputs, raising concerns about mis- 2959

use. High for episodic and semantic memory, as 2960

prompts can encode specific events or facts. Lim- 2961

ited for procedural memory, as it requires explicit 2962

task instructions, which may not generalize well. 2963

KV Cache or Intermediate Representations. 2964

The KV cache primarily functions as short-term 2965

memory, storing K and V vectors during the pre- 2966

fill and decoding phases of inference. It retains 2967

contextual information for the current sequence, 2968

enabling efficient token generation. Limited appli- 2969

cability, as the cache is typically cleared between 2970

sessions. 2971

The KV cache is a runtime mechanism that does 2972

not alter model parameters, preserving pretrained 2973

knowledge. Limited by memory constraints, as 2974

storing K and V vectors for long sequences can 2975

be memory-intensive. While the KV cache stores 2976

intermediate representations, interpreting their con- 2977

tent is less straightforward than in-context learning, 2978

as it involves analyzing attention weights and vec- 2979

tors. The KV cache requires additional memory to 2980

store vectors, but optimizations like compression 2981

reduce this cost. Inference efficiency is improved 2982

compared to recomputing attention. Low. The 2983

KV cache is a technical optimization with mini- 2984
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Table 3: Examples of using different text memory (or can be KV cache).

Question: Can you remind me about the trip I mentioned planning to Paris?

Memory (Vector Database): Embedding match - Conversation: "User plans a trip to Paris in September 2025, interested in visiting the
Louvre and Eiffel Tower." Vector Database: Enables semantic retrieval by matching the query’s meaning to stored embeddings, useful for
broad or vague queries.

Memory (Time Index): On July 15, 2025, at 14:30, the user said, "I’m planning a trip to Paris next month and want to see the Louvre." Time
Index: Organizes memories chronologically, ideal for queries referencing recent or specific dates.

Memory (Username Index): User "JaneDoe123" discussed a Paris trip, mentioning a preference for art museums. Username Index: Ensures
personalization by linking memories to a specific user, enhancing relevance.

Memory (Event Name Index): Event "Paris Trip 2025": User plans to visit Paris, focusing on cultural landmarks. Event Name Index: Tags
memories with specific events, allowing precise retrieval for event-related queries.

Memory (Story Index): Story "Jane’s European Adventure": Includes a chapter on planning a Paris trip, with details about booking a hotel
near the Seine. Story Index: Structures memories as narratives, preserving context across related interactions.

Memory (Place Index): Place "Paris, France": User mentioned visiting the Eiffel Tower and dining at a café in Montmartre. Place Index:
Associates memories with locations, enabling spatial queries about specific places.

Implementation Ways Memory Type Forgetting
Pretrained Knowledge Memory Scalability Explainability Serving

Costs

In-context Learning
Short Term No High High Low
Long Term No Weak High Low

Parameter by Training
Short Term Weak Hight Low Medium
Long Term Severe Hight Low High

Table 4: Reconstructed Memory Implementation Characteristics.

mal impact on output content, though improper2985

cache management could affect output coherence.2986

High for episodic memory, as the cache retains2987

sequence-specific context. Limited for semantic or2988

procedural memory, as it does not store generalized2989

knowledge or task processes independently of the2990

input sequence.2991

Parameter by Training. Training embeds both2992

short-term (immediate patterns) and long-term2993

(generalized knowledge) memory into parameters.2994

Short-term memory has weak forgetting, as recent2995

patterns are retained, but long-term memory suffers2996

from severe forgetting due to catastrophic forget-2997

ting during fine-tuning. Training excels in procedu-2998

ral memory, as models learn task-specific patterns2999

during pretraining. Episodic and semantic mem-3000

ory are moderately supported, as specific events or3001

facts are compressed into parameters but may be3002

less precise. Fine-tuning can overwrite pretrained3003

knowledge, especially for long-term memory, lead-3004

ing to catastrophic forgetting. The model’s param-3005

eters can encode vast amounts of knowledge, lim-3006

ited only by model size and training data. Knowl-3007

edge embedded in parameters is opaque, making3008

it difficult to trace specific outputs to learned pat-3009

terns. Training requires significant computational3010

resources, especially for large models and datasets.3011

None. Knowledge is fixed in parameters, reducing3012

risks from external inputs, though biases in training3013

data can persist. High for procedural memory, as3014

training optimizes task-specific patterns. Moder- 3015

ate for episodic and semantic memory, as specific 3016

events or facts are generalized but may lose granu- 3017

larity. 3018

B.4 How Human Memory Benefits LLM 3019

Agentic Applications 3020

Memory is an indispensable component in various 3021

practical LLM-based agent applications. For in- 3022

stance, in a conversational agent, memory stores 3023

information about historical conversations, provid- 3024

ing the necessary context for generating coherent 3025

and relevant responses; without it, the agent can- 3026

not maintain a continuous conversation (Lu et al., 3027

2023b). Similarly, in a simulation agent, memory is 3028

crucial for maintaining consistent role profiles, pre- 3029

venting the agent from deviating from its assigned 3030

character during a simulation (Wang et al., 2025b, 3031

2023f). These examples underscore that memory is 3032

not an optional feature but a necessary component 3033

for LLM-based agents to effectively accomplish 3034

their given tasks. Thus, the cognitive basis of hu- 3035

man memory, coupled with its necessity for agent 3036

self-evolution and practical applications, provides 3037

critical insights for designing sophisticated mem- 3038

ory mechanisms in LLM-based systems. 3039

Information Retrieval and Processing. Long- 3040

context LLMs like Longformer and LongT5 en- 3041

hance response relevance and document summa- 3042

rization by processing larger text segments, reduc- 3043
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Implementation Ways Memory Type Forgetting
Pretrained Knowledge Explainability Costs Knowledge

Match Degree

In-context Learning
Procedural No High Low Low
Episodic No High Low High
Semantic No High Low High

Parameter by Training
Procedural Possible Low High High
Episodic Possible Low High Moderate
Semantic Possible Low High Moderate

Table 5: Reconstructed Characteristics of Memory Types by Implementation.

ing reliance on external RAG tools (Jin et al.,3044

2024a; Shi et al., 2024; Beltagy et al., 2020; Guo3045

et al., 2022; Jin et al., 2024b). Advanced seman-3046

tic vector models, such as text-embedding-3-large,3047

jina-embeddings-v2, and BGE-M3, overcome win-3048

dow size limitations, improving usability in tasks3049

like translating complex documents and entire nov-3050

els (Zhu et al., 2023d; Wang et al., 2024d; OpenAI,3051

2024b; Günther et al., 2023; Chen et al., 2024a; Zhu3052

et al., 2024; Saad-Falcon et al., 2024; Herold and3053

Ney, 2023; Wang et al., 2024f; Lyu et al., 2024).3054

Chatbots. Long-context processing enhances3055

chatbots by enabling extended memory and contex-3056

tual coherence, as seen in platforms like ChatGPT,3057

Pi, Character AI, and Talkie, which use persistent3058

memory and techniques like prompt-based mem-3059

orization, memory-augmented architectures, and3060

context extension for style-consistent, engaging3061

dialogues (OpenAI, 2024a; Inflection, 2023; Char-3062

acter AI, 2023; Ai, 2024; Lee et al., 2023a; Zhong3063

et al., 2024c; Wang et al., 2023h, 2024i).3064

Code Development. LLMs leverage memory to3065

store development knowledge and conversational3066

context, with models like StarCoder2, Qwen2.5-3067

Coder, and Granite Code Models enabling scalable3068

code completion and predictive debugging in tools3069

like GitHub Copilot and Anysphere Cursor (Tsai3070

et al., 2023; Chen et al., 2023a; Qian et al., 2023;3071

Li et al., 2023e; Zhang et al., 2024a; Lozhkov et al.,3072

2024; Hui et al., 2024; Mishra et al., 2024; GitHub,3073

2022; Anysphere, 2025).3074

Social Simulation. Memory defines charac-3075

ter traits for realistic role-playing and supports3076

multi-agent social simulations by improving self-3077

monitoring, maintaining economic environments,3078

and simulating dynamic behaviors (Wang et al.,3079

2025b; Shao et al., 2023; Kaiya et al., 2023; Gao3080

et al., 2023; Li et al., 2023b,e; Hua et al., 2023).3081

Personal Assistant. LLM-based personal assis-3082

tants rely on memory for consistent, personalized3083

dialogues, using textual retrieval, conversation sum-3084

marization, and external tools to maintain conver- 3085

sational flow (Lu et al., 2023b; Lee et al., 2023b; 3086

Pan et al., 2023a; Wu et al., 2023). 3087

Application in Specific Domains. Long-context 3088

LLMs improve coherence in news summaries, sim- 3089

plify legal document interpretation, enhance health- 3090

care and financial decision-making, and advance 3091

drug discovery and scientific problem-solving by 3092

leveraging external knowledge and memory (Gao 3093

et al., 2019; Kapoor et al., 2024; Fan et al., 2024; 3094

Reddy et al., 2024; Masry and Hajian, 2024; Nie 3095

et al., 2024; Hilgert et al., 2024; Shao and Yan, 3096

2024; Wang et al., 2023c; Xiong et al., 2023; Liu 3097

et al., 2023d; Wang et al., 2023d; Yunxiang et al., 3098

2023; Chen et al., 2024b; Zhao et al., 2024c; Chen 3099

et al., 2023c; Wang et al., 2023m; Qiang et al., 3100

2023). 3101

C Taxonomy of Different Memory 3102
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Retrieval Augmented Generation §2.1

Memory
Construction

Unstructured Text
Sources

CREAICL (Li et al., 2023c), CRAG (Yan et al., 2024),

Knowledge Graph TableGPT (Zha et al., 2023), PKG (Luo et al., 2023), KnowledGPT (Wang et al.,
2023j), G-Retriever (He et al., 2024a)

Internal Knowl-
edge

SKR (Wang et al., 2023k), GenRead (Yu et al., 2022b), Selfmem (Cheng et al., 2023)

Data
Indexing

Granularity-based (Shi et al., 2023), CoN (Yu et al., 2023), DenseX (Chen et al., 2023b), LLMIn-
dexer (Jin et al., 2023), LLM-R (Wang et al., 2023g)

Chunk-based Chunk (Teja, 2023), LangChain (Langchain, 2023), Small2Big (Yang, 2023)
Metadata-
enriched

Reverse HyDE (Gao et al., 2022)

Graph-baed KGP (Wang et al., 2023l)
Sparse Embed-
ding

BM25

Dense Embedding AngIE (Li and Li, 2023), Voyage (VoyageAI, 2023), BGE (BAAI, 2023)
Hybrid LevelRAG (Zhang et al., 2025c)

Memory
Update

KG-based KGP (Wang et al., 2023l), Reverse HyDE (Gao et al., 2022), LangChain (Langchain,
2023), Small2Big (Yang, 2023)

Retrieval Invoca-
tion

SKR (Wang et al., 2023k), GenRead (Yu et al., 2022b), Selfmem(Cheng et al., 2023)

Memory
Query

Query Reformula-
tion

(Zhou et al., 2023a), CoVe (Dhuliawala et al., 2023), RRR (Ma et al., 2023),
BEQUE (Peng et al., 2023), HyDE (Gao et al., 2022), Take a step back (Zheng
et al., 2024a)

Query Routing SemanticRouter (Wang et al., 2025a)
Multi-step Query-
ing

DSP (Khattab et al., 2022), FLARE (Jiang et al., 2023c), Self-RAG (Asai et al., 2023),
BGM (Ke et al., 2024), RA-DIT (Lin et al., 2023b)

Table 6: Taxonomy of RAG.

Agentic Memory §2.2

Memory
Construction

Summarization MemoryBank (Zhong et al., 2024b), RET-LLM (Modarressi et al., 2023)
Key-value RET-LLM (Murre and Dros, 2015), Meminsight (Salama et al., 2025), Memocrs (Xi

et al., 2024),
Semantic Represen-
tations

Memorybank (Zhong et al., 2024b), (Pan et al., 2025), Mem0 (mem0ai, 2024)
(Zhong et al., 2024b; Pan et al., 2025; mem0ai, 2024)

Relation Graph CGSN (Nie et al., 2022), GraphReader (Li et al., 2024c), HippoRAG (Gutiérrez
et al., 2024)

Auxiliary Signals LongMemEval (Wu et al., 2024a), THEANINE (iunn Ong et al., 2025)
Storage and Infer-
ence Efficiency

Llmlingua (Jiang et al., 2023a), AutoCompressor (Chevalier et al., 2023), TCRA-
LLM (Liu et al., 2023a), Promptcache (Gim et al., 2024)

Memory
Updating

Summarization and
Restructuring

MemoryBank (Zhong et al., 2024b), ChatGPT-RSum (Wang et al., 2025d), Memo-
Chat (Lu et al., 2023a),

Reasoning and Self-
Reflection

ReAct (Yao et al., 2022), Reflexion (Shinn et al., 2024), BoT (Yang et al., 2024e),
Agent Workflow Memory (Wang et al., 2024n)

Reasoning with Ex-
perience

TiM (Liu et al., 2023b), GITM (Zhu et al., 2023b), Voyager (Wang et al., 2023b),
Retroformer (Yao et al., 2023), ExpeL (Zhao et al., 2024a), LD-Agent (Li et al.,
2024a)

Memory Evolution A-MEM (Xu et al., 2025), Synapse (Zheng et al., 2024c), R2I (Samsami et al.,
2024), SCM (Wang et al., 2024a), Selective Editing (Bae et al., 2022), Blending
(Kim et al., 2024b), Recursive Summarization (Wang et al., 2025c), Self-Reflection
(Sun et al., 2024)

Memory
Query

Query-centered FLARE (Jiang et al., 2023b), IterCQR(Jang et al., 2024)
Memory-centered LongMemEval (Wu et al., 2024a), Perltqa (Du et al., 2024)
Event and Structure-
aware

LoCoMo (Maharana et al., 2024), CC (Jang et al., 2023), MSC (Xu et al., 2021),
HippoRAG (Gutiérrez et al., 2024), Memorag (Qian et al., 2024)

Table 7: Taxonomy of Agent Memory.
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KV cache as Memory §3.1
Memory
Construction

KV Construction Llama Series (Touvron et al., 2023a,b; Grattafiori et al., 2024), DeepSeek (DeepSeek-
AI et al., 2025a,b).

Memory
Update

Eviction and drop-
ping

StreamingLLM (Xiao et al., 2024a), LM-Infinite (Han et al., 2024a), H2O (Zhang
et al., 2023a), FastGen (Ge et al., 2024), Radar (Hao et al., 2025), NACL (Chen
et al., 2024d)

Attention guided
elimination

Scissorhands (Liu et al., 2023e), L2 Norm (Devoto et al., 2024), SirLLM (Yao et al.,
2024), D-LLM (Jiang et al., 2024b), ZigZagKV (Zhong et al., 2024a), Dynam-
icKV (Zhou et al., 2025)

Merging and Se-
mantic compression

MiniCache (Liu et al., 2024a), InfiniPot (Kim et al., 2024a), CHAI (Agarwal et al.,
2024), Activation Beacon (Zhang et al., 2025a), CacheGen (Liu et al., 2024d),
ChunkKV (Liu et al., 2025d), SentenceKV (Zhu et al., 2025c)

Quantization and
Low-rank Approxi-
mation

KIVI (Liu et al., 2024e), SKVQ (Duanmu et al., 2024), QAQ (Dong et al., 2024b),
KVQuant (Hooper et al., 2024), CQ (Zhang et al., 2024b), AnTKV (Li et al., 2025b),
SmoothAttention (Lin et al., 2025), MiKV (Yang et al., 2024d), LESS (Dong et al.,
2024a), Eigen (Saxena et al., 2024), GEAR (Kang et al., 2024), FlexGen (Sheng
et al., 2023), Atom (Zhao et al., 2024b), ZipCache (He et al., 2024b)

System and Task-
aware Allocation

KVDirect (Chen et al., 2024c), FlowKV (Li et al., 2025a) PyramidInfer (Yang et al.,
2024a), ChunkKV (Liu et al., 2025d), OracleKV (Zhu et al., 2025b)

Memory
Query

KV selection QUEST (Tang et al., 2024b), TokenSelect (Wu et al., 2025a), Selective Atten-
tion (Leviathan et al., 2025), RetrievalAttention (Liu et al., 2024b)

KV Reuse RadixAttention (Zheng et al., 2024b), ChunkAttention (Ye et al., 2024),
KVShare (Yang et al., 2025a), Cache-craft (Agarwal et al., 2025), Teola (Tan et al.,
2025), KVLink (Yang et al., 2025b), CacheBlend (Yao et al., 2025), EPIC (Hu et al.,
2025), SubGCache (Zhu et al., 2025a), HyperRAG (An et al., 2025), RAGO (Jiang
et al., 2025)

Table 8: Taxonomy of KV Cache as Memory.

Other Vectors as Memory §3.2

External
Vector
Memory

Sentence-level En-
coding

Slot-based encoding (Al Adel and Burtsev, 2021)

Key-value Stores kNN-LM (Khandelwal et al., 2019), Memorizing Transformer (Wu et al., 2022)
Vector cache MemGPT (Packer et al., 2023), Neurocache (Packer et al., 2023)
Structured and As-
sociative Modules

CAMELoT (He et al., 2024c), MemOS (Li et al., 2025c), Memory3 (Yang et al.,
2024c)

Steering
Vectors

Foundational
method

PPLM (Dathathri et al.)

Contrastive-based Turner et al. (Turner et al., 2023), Liu et al. (Liu et al., 2023c), Zou et al. (Zou et al.,
2023), Arditi et al. (Arditi et al., 2024)

Optimization-based Subramani et al. (Subramani et al., 2022), Hernandez et al. (Hernandez et al., 2023),
Dunefsky et al. (Dunefsky and Cohan, 2025), Mack et al. (Mack and Turner, 2024),
Li et al. (Li et al., 2024b), Turner et al. (Turner et al., 2025), Cao et al. (Cao et al.,
2024)

Table 9: Taxonomy of Other Vectors as Memory.
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Parameter as Memory §4

Memory
Construction

Data Composition Data augmentation (Allen-Zhu and Li, 2024), Extracting (Carlini et al., 2021),
Lee et al. (Lee et al., 2022), Kandpal et al. (Kandpal et al., 2022)

Sequence length Carlin et al. (Carlini et al., 2023), Wang et al. (Wang et al., 2024l)
Model Scale Mem0 (Tirumala et al., 2022), Carlin et al. (Carlini et al., 2023), Freeman et

al. (Freeman et al., 2024), Geva et al. (Geva et al., 2021), Dai et al. (Dai et al.,
2021)

Memory
Update

Continual Learning SCM (Wang et al., 2024e), EWC (Kirkpatrick et al., 2017), TaSL (Feng et al.,
2024), SELF-PARAM (Wang et al.), POCL (Wu et al., 2024b), DSI++ (Mehta
et al., 2022), LSCS (Wang et al., 2024k)

PEFT PEFT (Han et al., 2024b), Character-LLM (Shao et al.), AI-Native Mem-
ory (Shang et al., 2024), MemoRAG (Qian et al., 2024), Echo (Liu et al.,
2025b)

Model Merging FedAvg (McMahan et al., 2017), MagMax (Marczak et al., 2024), SNIP (Lee
et al., 2019), FisherMerging (Matena and Raffel, 2022), FedSAM (Qu et al.,
2022), FedFisher (Jhunjhunwala et al., 2024), Gamegpt (Daheim et al.,
2024), TIES (Yadav et al., 2023), DARE (Yu et al., 2024a,b), Model Bread-
crumbs (Davari and Belilovsky, 2023), TALL-masks (Wang et al., 2024c),
SMEAR (Muqeeth et al., 2024), Twin-Merging (Lu et al., 2024a), Weight-
Ensembling MoE (Tang et al., 2024a)

Task Arithmetic Task Arithmetic (Ilharco et al., 2022) TIES (Yadav et al., 2023), AdaMerg-
ing (Yang et al., 2024b), TwinMerge (Lu et al., 2024b)

Model Editing Wang et al. (Wang et al., 2024h), MemoryLLM (Wang et al., 2024j),
WISE (Wang et al., 2024g)

Memory
Query

Exact Memorization Carlini et al. (Carlini et al., 2021), Carlin et al. (Carlini et al., 2023), Nasr et
al. (Nasr et al., 2023)

Approximate Memo-
rization

Ippolito et al. (Ippolito et al., 2023)

Prompt-based Memo-
rization

Biderman et al. (Biderman et al., 2023)

Table 10: Taxonomy of Parameter as Memory.
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