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Abstract001

Although long-term memory systems have002
made substantial progress in recent years, they003
still exhibit clear limitations in adaptability,004
scalability, and self-evolution under continu-005
ous interaction settings. Inspired by cogni-006
tive theories, we propose HiMem, a hierar-007
chical long-term memory framework for long-008
horizon dialogues, designed to support mem-009
ory construction, retrieval, and dynamic up-010
dating during sustained interactions. HiMem011
constructs cognitively consistent Episode Mem-012
ory via a Topic-Aware Event-Surprise Dual-013
Channel Segmentation strategy, and builds014
Note Memory that captures stable knowledge015
through a multi-stage information extraction016
pipeline. These two memory types are se-017
mantically linked to form a hierarchical struc-018
ture that bridges concrete interaction events019
and abstract knowledge, enabling efficient re-020
trieval without sacrificing information fidelity.021
HiMem supports both hybrid and best-effort022
retrieval strategies to balance accuracy and effi-023
ciency, and incorporates conflict-aware Mem-024
ory Reconsolidation to revise and supplement025
stored knowledge based on retrieval feedback.026
This design enables continual memory self-027
evolution over long-term use. Experimen-028
tal results on long-horizon dialogue bench-029
marks demonstrate that HiMem consistently030
outperforms representative baselines in accu-031
racy, consistency, and long-term reasoning,032
while maintaining favourable efficiency. Over-033
all, HiMem provides a principled and scalable034
design paradigm for building adaptive and self-035
evolving LLM-based conversational agents.036

1 Introduction037

Large language models (LLMs) have demonstrated038

remarkable progress in language understanding039

and reasoning, enabling the development of LLM-040

based agents for complex, multi-turn tasks such as041

personalized assistance, planning, and long-term042

decision support (Yu et al., 2025; Su et al., 2025;043

Liu et al., 2025). In realistic interactive settings, 044

however, these agents are required to operate over 045

extended time horizons, where relevant informa- 046

tion is scattered across long dialogues and multiple 047

sessions. Despite strong short-term reasoning abil- 048

ity, existing LLM agents still struggle to reliably 049

preserve, organize, and utilize information over 050

long time spans. This limitation has emerged as a 051

fundamental bottleneck for building adaptive and 052

consistent long-horizon conversational agents (Xu 053

et al., 2022; Wu et al., 2025a; Li et al., 2025). 054

Recent efforts to address this challenge can be 055

broadly categorized into three directions. Retrieval- 056

augmented generation (RAG) systems introduce ex- 057

ternal memory stores to fetch relevant information 058

on demand, improving factual grounding (Alonso 059

et al., 2024; Jiménez Gutiérrez et al., 2024; Sarthi 060

et al., 2024; Edge et al., 2024). Long-context mod- 061

eling approaches extend the context window to 062

thousands or even millions of tokens, enabling di- 063

rect reasoning over extended histories (Du et al., 064

2025; Fountas et al., 2025; Qian et al., 2025; Lee 065

et al., 2024). More recently, structured long-term 066

memory systems have been proposed to persis- 067

tently store and retrieve dialogue information in 068

compressed or structured forms (Hatalis et al., 069

2023; Nan et al., 2025). While these methods sig- 070

nificantly improve efficiency and continuity, they 071

still exhibit systematic limitations when applied to 072

long-horizon interactions (Yue et al., 2024; Zhang 073

et al., 2025c). 074

From both empirical observations and cognitive 075

perspectives, we identify three recurring challenges 076

that existing long-term memory systems struggle 077

to address simultaneously. First, semantic mis- 078

alignment arises when extracted memories are de- 079

tached from their original dialogue context, leading 080

to errors in resolving temporal references, coref- 081

erence, and implicit semantics. Second, most sys- 082

tems rely on monolithic or insufficiently hierar- 083

chical memory structures, forcing a trade-off be- 084
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tween information fidelity and retrieval efficiency.085

Fine-grained dialogue logs preserve rich context086

but incur high retrieval costs, whereas aggressively087

abstracted representations reduce cost at the ex-088

pense of critical details needed for reasoning and089

personalization. Third, memory updates are typi-090

cally static or similarity-driven, lacking princi-091

pled mechanisms to revise or correct stored knowl-092

edge when new information partially overlaps with,093

extends, or contradicts existing memories. As a re-094

sult, long-term consistency degrades over sustained095

interactions.096

Inspired by cognitive theories of human mem-097

ory (Gilboa and Marlatte, 2017; Ghosh and Gilboa,098

2014; Fauconnier and Turner, 2003; Nader, 2015),099

we argue that effective long-term memory for LLM100

agents must satisfy three properties: (i) a hierar-101

chical structure that bridges concrete interaction102

events and abstracted knowledge, (ii) a unified se-103

mantic alignment mechanism that preserves inter-104

pretability across memory representations, and (iii)105

a conflict-aware update process that supports con-106

tinual self-evolution rather than static accumulation.107

Based on these principles, we propose HiMem,108

a hierarchical long-term memory framework de-109

signed for long-horizon conversational agents.110

HiMem organizes memory into two semantically111

linked layers. Episode Memory preserves fine-112

grained, temporally grounded interaction segments113

constructed via a Topic-Aware Event–Surprise114

Dual-Channel Segmentation strategy, which aligns115

memory boundaries with both topical shifts and116

cognitively salient discontinuities. Note Memory117

abstracts stable knowledge such as facts, user pref-118

erences, and user profiles through a multi-stage119

information extraction pipeline. These two mem-120

ory types form a hierarchical transition from con-121

crete events to compact knowledge representations,122

enabling efficient retrieval without sacrificing in-123

formation fidelity. During retrieval, HiMem sup-124

ports both a hybrid retrieval strategy and a best-125

effort retrieval strategy that descends from abstract126

knowledge to concrete events only when necessary.127

Crucially, retrieval failures are treated as learning128

signals: HiMem performs conflict-aware Memory129

Reconsolidation to supplement missing knowledge130

and revise existing memories, enabling continuous131

self-evolution over long-term use.132

We evaluate HiMem on long-horizon dialogue133

benchmarks and demonstrate that it consistently134

outperforms representative baselines in accuracy,135

consistency, and efficiency. Extensive ablation136

studies further validate the necessity of hierarchi- 137

cal memory organization, semantic alignment, and 138

conflict-aware updating for robust long-term rea- 139

soning. 140

In summary, this paper makes the following con- 141

tributions: 142

• We propose HiMem, a hierarchical long-term 143

memory framework that integrates episodic 144

and knowledge-oriented memories to support 145

scalable and adaptive long-horizon conversa- 146

tional agents. 147

• We introduce a Topic-Aware Event–Surprise 148

Dual-Channel Segmentation mechanism and a 149

multi-stage information extraction pipeline to 150

construct cognitively consistent and efficient 151

memory representations. 152

• We design a conflict-aware Memory Recon- 153

solidation mechanism that enables long-term 154

memory systems to self-correct and evolve 155

during sustained interactions. 156

• We provide extensive experimental evidence 157

showing that principled hierarchical design 158

and dynamic updating substantially improve 159

long-horizon reasoning performance. 160

2 Methodology 161

HiMem is a modular long-term memory frame- 162

work built upon a hierarchical architecture that inte- 163

grates episodic interaction records with abstracted 164

knowledge representations. It is designed to sup- 165

port efficient retrieval, semantic consistency, and 166

continual memory evolution during long-horizon 167

interactions. 168

2.1 Overall Framework 169

As shown in Figure 1, HiMem consists of three 170

core modules: (i) a hierarchical memory construc- 171

tion module that builds Episode Memory and Note 172

Memory from raw dialogues, (ii) a hierarchical 173

memory retrieval module that supports both hy- 174

brid and best-effort retrieval strategies, and (iii) 175

a conflict-aware memory updating module that 176

enables continual self-evolution. Episode Mem- 177

ory preserves fine-grained interaction events, while 178

Note Memory consolidates stable knowledge such 179

as facts, user preferences, and user profiles. The 180

two memory layers are semantically linked to form 181

a hierarchy that bridges concrete experiences and 182

abstract knowledge. 183
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Figure 1: Overview of HiMem. (A) Memory organization: a hierarchical connection between Episode Memory
and Note Memory. (B) Memory construction: pipelines that transform dialogue logs into Episode Memory and
Note Memory. (C) Best-effort retrieval: hierarchical retrieval in the order of Note Memory → Episode Memory,
with an LLM assessing evidence sufficiency. (D) Memory self-evolution: when evidence from Note Memory is
insufficient, the system supplements potentially missing information from Episode Memory and triggers conflict
detection and updating.

2.2 Memory Construction184

Memory construction in HiMem follows a multi-185

stage pipeline that progressively transforms raw186

dialogue logs into structured long-term memory187

representations. This pipeline unifies event-level188

segmentation, knowledge extraction, and semantic189

alignment to ensure both fidelity and efficiency.190

2.2.1 Episode Memory191

Episode Memory records fine-grained interac-192

tion events aligned with topical and cognitive193

boundaries. Given a dialogue sequence, HiMem194

segments it into a sequence of non-overlapping195

episodes. Each episode is represented by a struc-196

tured record containing an ID, timestamp, topic,197

topic summary, metadata, and the corresponding198

dialogue segment.199

Dual-Channel Segmentation. To obtain cogni-200

tively coherent episodes, HiMem adopts a Topic-201

Aware Event–Surprise Dual-Channel Segmentation202

strategy. A segmentation boundary is introduced203

when either (i) a topical shift occurs in discourse204

goals or subtopics, or (ii) a salient discontinuity205

is detected, such as an abrupt change in intent or206

emotional state. These two criteria are fused using 207

an OR rule, producing event units that align with 208

both semantic continuity and cognitive salience. 209

Segmentation is performed in a single pass, 210

where an LLM jointly evaluates topical and sur- 211

prise signals and directly outputs the final seg- 212

mentation. This design yields compact and self- 213

contained episodes that reduce cross-segment in- 214

terference while preserving critical contextual evi- 215

dence for downstream reasoning. 216

2.2.2 Note Memory 217

Note Memory focuses on long-term storage of 218

knowledge-oriented information that remains sta- 219

ble or reusable across interactions. From each dia- 220

logue, HiMem extracts three categories of knowl- 221

edge: 222

K = {Kfact,Kpref,Kprofile}, 223

where Kfact denotes objective facts and events, 224

Kpref captures user preferences, and Kprofile rep- 225

resents relatively stable user traits. 226

Multi-Stage Knowledge Extraction. Knowl- 227

edge extraction is decomposed into three stages 228

to avoid semantic collapse. Stage 1 extracts in- 229
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dependently interpretable factual and situational230

units. Stage 2 identifies high-confidence implicit231

information related to user preferences and profiles232

without introducing new facts. Stage 3 performs233

non-destructive normalization, including dedupli-234

cation, coreference resolution, and temporal nor-235

malization, producing aligned knowledge represen-236

tations suitable for long-term storage. Each aligned237

knowledge entry is stored as a note, represented as238

a structured record containing an identifier, the ex-239

tracted content, a semantic category, and associated240

metadata.241

2.2.3 Knowledge Alignment242

To maintain semantic consistency across memory243

layers, HiMem applies a unified alignment pro-244

cess during memory construction. This process245

includes temporal alignment of relative time ex-246

pressions, coreference resolution for entity men-247

tions, and extraction of implicit semantic relations.248

Alignment is selectively applied: Episode Mem-249

ory prioritizes preserving original dialogue context,250

while Note Memory emphasizes abstraction and251

normalization.252

2.3 Memory Retrieval253

HiMem supports two complementary retrieval254

strategies. In hybrid retrieval, the system retrieves255

information from both Episode Memory and Note256

Memory to maximize recall. In contrast, best-effort257

retrieval proceeds hierarchically by querying Note258

Memory first and falling back to Episode Memory259

only when evidence is deemed insufficient. Re-260

trieved evidence is evaluated by an LLM to assess261

answerability, and unsupported queries are explic-262

itly marked as unanswerable.263

2.4 Memory Updating and Self-Evolution264

During best-effort retrieval, HiMem employs a265

fixed LLM-based self-evaluation prompt to assess266

whether the retrieved evidence is sufficient to an-267

swer the query. This evaluation produces a binary268

judgment (sufficient or insufficient) under determin-269

istic decoding (temperature = 0) and serves solely270

as a control signal, without introducing or revis-271

ing memory content. While related to iterative272

self-refinement approaches (Madaan et al., 2023),273

HiMem confines the LLM to deterministic routing274

and decision control.275

Memory reconsolidation is triggered only when276

two conditions are jointly satisfied: (i) retrieval277

from Note Memory alone is insufficient, and (ii)278

the subsequently retrieved Episode Memory pro- 279

vides adequate supporting evidence. This conjunc- 280

tive trigger grounds updates in episodic context and 281

prevents premature revisions. Although conceptu- 282

ally related to reflective agent frameworks such as 283

(Shinn et al., 2023), HiMem performs structured, 284

evidence-grounded memory operations rather than 285

free-form verbal reflection. 286

When reconsolidation is triggered, HiMem con- 287

ducts query-conditioned knowledge extraction over 288

the supporting episodes and compares the extracted 289

information with existing notes. Their relationship 290

is classified as independent, extendable, or contra- 291

dictory, based on which the system applies ADD, 292

UPDATE, or DELETE operations to revise Note 293

Memory. This typed design avoids indiscriminate 294

overwriting and echoes classic belief revision per- 295

spectives (Gärdenfors, 1988), promoting long-term 296

stability and semantic consistency. 297

In contrast, episodic memory is treated as im- 298

mutable: newly constructed episodes are appended 299

chronologically without modification, preserving 300

the temporal integrity of interaction histories. 301

2.5 Adaptive Forgetting 302

To regulate memory growth under sustained in- 303

teractions, HiMem optionally employs an adap- 304

tive forgetting mechanism based on usage fre- 305

quency. In this work, forgetting primarily serves as 306

a scalability-oriented mechanism to control mem- 307

ory size and maintain retrieval efficiency, and does 308

not contribute directly to the performance gains 309

reported in our experiments. 310

3 Experiments 311

3.1 Datasets 312

We evaluate HiMem on LoCoMo (Maharana et al., 313

2024), a benchmark designed to assess long- 314

horizon conversational reasoning under sustained 315

interactions. LoCoMo consists of multi-session di- 316

alogues with an average length of approximately 317

600 turns (around 16K tokens) and spans up to 318

32 interaction stages, posing significant challenges 319

for long-range dependency modeling and memory 320

management. 321

The benchmark covers diverse reasoning sce- 322

narios, including Single-Hop questions answerable 323

within a single session, Multi-Hop questions re- 324

quiring aggregation across distant dialogue turns, 325

Temporal Reasoning questions involving implicit 326

or explicit time relations, and Open-Domain ques- 327

4



tions that combine dialogue content with external328

or commonsense knowledge. Following prior work329

(Chhikara et al., 2025), we exclude the Adversarial330

category from quantitative evaluation, as it focuses331

on unanswerability detection rather than answer332

correctness.333

3.2 Evaluation Metrics334

Since different long-term memory systems may335

apply varying degrees of compression or abstrac-336

tion over dialogue histories, we adopt a multi-337

dimensional evaluation protocol to assess answer338

quality comprehensively. Specifically, following339

prior work that systematically studies LLM-as-a-340

Judge and its biases (Zheng et al., 2023; Pan et al.,341

2025; Xu et al., 2025b), we use GPT-4o-mini as342

the LLM judge to compute evaluation score (de-343

noted as GPT-Score) as the primary metric to ap-344

proximate semantic correctness and consistency,345

together with F1 to measure lexical overlap.346

In addition, for efficiency evaluation, we report347

latency (Lat.) and token consumption (Tok.). La-348

tency is measured as the time required for memory349

retrieval only, excluding LLM inference and re-350

sponse generation, in order to isolate the efficiency351

of the memory system.352

3.3 Baselines353

We compare HiMem with representative long-term354

memory frameworks that cover different design355

paradigms. Mem0 (Chhikara et al., 2025) repre-356

sents structured memory systems based on atomic357

factual extraction and graph-based organization.358

SeCom (Pan et al., 2025) adopts event-level seman-359

tic segmentation and compression to improve con-360

textual completeness. A-MEM (Xu et al., 2025b)361

augments event-level memory with entities, rela-362

tions, and temporal features to support time-aware363

retrieval and reasoning. These baselines enable364

a systematic comparison across retrieval-based,365

compressed-context, and structured memory ap-366

proaches.367

These baselines are selected based on their com-368

patibility with long-horizon conversational mem-369

ory, availability of reproducible implementations,370

and suitability for evaluation under a unified agent371

interface with comparable inference budgets; meth-372

ods that primarily target system-level context man-373

agement or non-dialogue memory access are there-374

fore not included.375

3.4 Settings 376

To ensure fair comparison, all methods are eval- 377

uated using the same base language model and 378

identical decoding configurations. We use GPT- 379

4o-mini as the backbone LLM and a shared em- 380

bedding model for vector representations. For each 381

evaluation setting, we conduct three independent 382

trials with fixed prompts. 383

For baseline-comparative main results, we report 384

mean±std over multiple runs to reflect run-to-run 385

variability. For auxiliary analyses and ablations 386

(e.g., Table 3 and Table 4), we report mean values 387

only for compact presentation, as these results are 388

primarily intended to validate relative trends rather 389

than to serve as headline comparisons. 390

Additional implementation details, including 391

model configurations and hardware specifications, 392

are provided in the Appendix. 393

4 Results and Analyses 394

4.1 Main Results 395

We evaluate HiMem on the LoCoMo benchmark 396

to assess its ability to preserve, retrieve, and utilize 397

information over long-horizon dialogues. Table 1 398

reports the performance of HiMem and represen- 399

tative baseline methods across diverse reasoning 400

categories, including Single-Hop, Multi-Hop, Tem- 401

poral Reasoning, and Open-Domain questions. 402

Overall, HiMem consistently outperforms all 403

baselines across almost all categories. In partic- 404

ular, HiMem achieves substantial improvements on 405

Multi-Hop and Temporal Reasoning tasks, which 406

require aggregating scattered evidence across long 407

interaction histories. These results indicate that 408

hierarchical memory organization enables more ef- 409

fective modeling of long-range dependencies and 410

semantic consistency than flat or monolithic mem- 411

ory structures. Moreover, the strong performance 412

on Open-Domain questions suggests that HiMem 413

can reliably integrate dialogue-derived knowledge 414

with external or implicit information over extended 415

time spans. 416

4.2 Ablation Study: Memory Components 417

To examine the contribution of different memory 418

components, we conduct an ablation study by selec- 419

tively removing Episode Memory or Note Memory 420

from HiMem. The results are shown in Table 2. 421

Removing Episode Memory leads to a pro- 422

nounced performance degradation across most cat- 423

egories, particularly on Multi-Hop and Temporal 424
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Table 1: Performance comparison of HiMem and baseline methods on LoCoMo. Results are reported as mean
(std) over three runs in percentages (%). Best results of GPT-Score are shown in bold, and second-best results are
underlined.

Task A-MEM SeCom Mem0 HiMem

GPT-Score F1 GPT-Score F1 GPT-Score F1 GPT-Score F1

Single Hop 59.33(0.51) 34.45(0.46) 87.02(0.35) 23.70(0.06) 75.90(0.74) 53.05(0.65) 89.22(0.06) 43.93(0.24)

Multi Hop 40.78(0.77) 20.98(0.05) 59.10(1.17) 13.21(0.01) 56.62(2.86) 32.90(1.11) 70.92(0.77) 28.32(0.05)

Temporal 50.26(1.55) 35.84(0.26) 33.54(0.39) 4.28(0.06) 68.54(0.51) 56.37(0.74) 74.77(0.25) 22.05(0.22)

Open Domain 24.65(2.14) 9.30(0.50) 60.07(0.49) 8.57(0.10) 42.36(0.49) 22.70(0.20) 54.86(1.30) 18.92(0.45)

Overall 51.88(0.52) 30.71(0.29) 69.03(0.24) 16.77(0.02) 68.74(0.98) 48.16(0.73) 80.71(0.21) 34.95(0.11)

Table 2: Ablation study on memory components in HiMem. HiMem includes both Note Memory and Episode
Memory; w/o Note Memory removes the Note Memory while retaining the Episode Memory; w/o Episode Memory
removes the Episode Memory while retaining the Note Memory.

Task HiMem - w/o Episode - w/o Note

GPT-Score F1 GPT-Score F1 GPT-Score F1

Single Hop 89.22(0.06) 43.93(0.24) 76.50(0.24) 41.09(0.09) 89.02(0.20) 45.14(0.03)

Multi Hop 70.92(0.77) 28.32(0.05) 56.26(0.33) 26.29(0.12) 70.33(0.44) 26.13(0.25)

Temporal 74.77(0.25) 22.05(0.22) 68.12(0.59) 23.65(0.31) 72.48(0.39) 29.35(0.16)

Open Domain 54.86(1.30) 18.92(0.45) 48.26(0.49) 22.58(0.55) 48.61(0.98) 16.81(0.15)

Overall 80.71(0.21) 34.95(0.11) 69.29(0.05) 33.59(0.06) 79.63(0.22) 36.60(0.02)

Reasoning tasks. This observation highlights the425

importance of preserving fine-grained contextual426

evidence aligned with the original interaction pro-427

cess. Without Episode Memory, the system strug-428

gles to recover detailed event-level information nec-429

essary for tracing complex reasoning chains over430

long dialogues.431

In contrast, removing Note Memory results in432

a smaller but still consistent performance drop.433

This suggests that structured knowledge represen-434

tations primarily serve to accelerate information435

localization and stabilize semantic anchors, while436

detailed contextual evidence remains indispensable437

for coverage and reasoning. Together, these find-438

ings demonstrate that Episode Memory and Note439

Memory play asymmetric yet complementary roles:440

effective long-term memory systems must balance441

information fidelity and abstraction rather than re-442

lying solely on either raw dialogue context or ag-443

gressively compressed representations.444

4.3 Ablation Study: Knowledge Alignment445

We further examine the role of the Knowledge446

Alignment module by comparing different mem-447

ory types with and without a unified semantic448

alignment space. As shown in Table 3, disabling449

Knowledge Alignment causes a pronounced perfor- 450

mance drop for Note Memory, indicating that a uni- 451

fied semantic space is crucial for extraction-based 452

memories that do not retain raw dialogue context. 453

Such alignment substantially improves intent un- 454

derstanding and memory localization. In contrast, 455

removing Knowledge Alignment for Episode Mem- 456

ory slightly improves performance, suggesting that 457

when segmentation is well-structured, additional 458

semantic fusion may dilute information inherent in 459

raw dialogue. Overall, although extracted knowl- 460

edge representations are more compact and explicit, 461

they are more sensitive to implicit semantics and 462

coreference resolution, and therefore benefit more 463

from unified semantic alignment. 464

4.4 Memory Self-Evolution 465

During best-effort retrieval, when Note Memory 466

fails to return self-validated results while Episode 467

Memory provides sufficient evidence, HiMem 468

triggers the Memory Reconsolidation mecha- 469

nism. Specifically, the system performs query- 470

conditioned information extraction over retrieved 471

Episode Memory results and supplements miss- 472

ing knowledge in Note Memory through conflict 473

detection and dynamic updating. As shown in Fig- 474
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Table 3: Ablation study of the Knowledge Alignment module. For clarity, we denote Knowledge Alignment as
KA. (1) HiMem: alignment applied only to Note Memory; (2) HiMem w/o KA: alignment disabled for both Note
Memory and Episode Memory; (3) Note Memory: alignment applied to extracted knowledge; (4) Note Memory
w/o KA: extracted knowledge retained without alignment; (5) Episode Memory: alignment applied to segmented
episodes; (6) Episode Memory w/o KA: segmented episodes retained without alignment.

Method Single Hop Multi Hop Temporal Open Domain Average

GPT-Score F1 GPT-Score F1 GPT-Score F1 GPT-Score F1 GPT-Score F1

HiMem 89.22 43.93 70.92 28.32 74.77 22.05 54.86 18.92 80.71 34.95
- w/o KA 87.51 43.75 69.86 28.53 75.18 28.14 52.08 15.96 79.50 35.98
Note Memory 66.51 35.88 54.26 24.92 67.39 19.89 50.35 23.88 63.44 29.79
- w/o KA 61.79 34.16 46.81 23.57 60.12 19.77 42.71 18.52 57.51 28.25
Episode Memory 88.31 45.53 65.25 24.76 71.55 29.08 48.61 18.09 78.12 36.59
- w/o KA 89.02 45.14 70.33 26.13 72.48 29.35 48.61 16.81 79.63 36.60

Table 4: Ablation study of the Note Memory. For clarity, we denote Knowledge Alignment as KA, and refer to
enabling Memory Self-Evolution as ME.

Method Single Hop Multi Hop Temporal Open Domain Average

GPT-Score F1 GPT-Score F1 GPT-Score F1 GPT-Score F1 GPT-Score F1

Note Memory
w/o KA 61.79 34.16 46.81 23.57 60.12 19.77 42.71 18.52 57.51 28.25
+KA 66.51 35.88 54.26 24.92 67.39 19.89 50.35 23.88 63.44 29.79
+KA & +ME 76.50 41.09 56.26 26.29 68.12 23.65 48.26 22.58 69.29 33.59

ure 2 and Table 4, enabling Memory Self-Evolution475

improves Note Memory performance by approxi-476

mately 5.85%, which further leads to a slight over-477

all performance gain of about 0.28%. These results478

demonstrate that Memory Reconsolidation is an ef-479

fective mechanism for enabling long-term memory480

self-evolution.481

4.5 Discussion of Extended Analyses482

Additional analyses, including the retrieval strate-483

gies, hyperparameter sensitivity, and efficiency484

trade-offs, are provided in the Appendix.485

5 Discussion486

Long-horizon conversational agents require more487

than extended context windows or incremental488

memory accumulation; they critically depend on489

how information is structured, abstracted, and re-490

vised over time. The empirical results consistently491

demonstrate that hierarchical memory organization492

is a necessary condition for robust long-term rea-493

soning rather than an optional architectural refine-494

ment. Episode Memory and Note Memory play495

asymmetric yet complementary roles: the former496

preserves fine-grained contextual evidence aligned497

with the original interaction process, while the 498

latter consolidates stable, high-frequency knowl- 499

edge into compact representations that substantially 500

reduce retrieval cost. The performance degrada- 501

tion observed when either component is removed 502

confirms that effective long-term memory systems 503

must balance fidelity and abstraction, instead of re- 504

lying solely on raw dialogue context or aggressive 505

compression. 506

Beyond static organization, our findings high- 507

light that memory updating cannot be treated as 508

a purely similarity-driven or append-only process. 509

In long-term interactions, newly observed infor- 510

mation often partially overlaps with, extends, or 511

contradicts existing knowledge. HiMem’s conflict- 512

aware Memory Reconsolidation explicitly distin- 513

guishes these cases and applies differentiated up- 514

date strategies, which proves essential for maintain- 515

ing semantic consistency over time. Importantly, 516

the gains brought by memory self-evolution do 517

not arise from heuristic rewriting, but from a con- 518

servative feedback loop between retrieval failure, 519

episodic evidence inspection, and targeted knowl- 520

edge supplementation. 521

Finally, the comparison between hybrid and best- 522
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Figure 2: Performance comparison (GPT-Score) be-
fore and after enabling Memory Self-Evolution for
Note Memory and HiMem. Memory Self-Evolution is
triggered through conflict-aware Memory Reconsolida-
tion during best-effort retrieval.

effort retrieval strategies indicates that hierarchical523

memory is not only a representational choice but524

also an efficiency mechanism. Retrieving abstract525

knowledge first and descending to concrete events526

only when necessary achieves a favorable trade-off527

between accuracy and computational cost, while si-528

multaneously exposing latent information that can529

drive further memory evolution. Together, these530

observations suggest that long-horizon LLM agents531

should treat memory as a dynamic, multi-level sys-532

tem tightly coupled with retrieval and usage, rather533

than as a static external store.534

6 Conclusion535

This paper proposes HiMem, a hierarchical long-536

term memory framework for long-horizon dia-537

logues, aimed at addressing several fundamental538

challenges faced by existing LLM agents in sus-539

tained interactions, including memory fragmenta-540

tion, semantic drift, and the lack of self-evolution541

capability. Grounded in cognitive theories of hu-542

man long-term memory, HiMem organically in-543

tegrates event-level experiences with knowledge-544

level abstractions, and realizes efficient storage,545

retrieval, and dynamic updating of long-term infor-546

mation through a structured system design.547

Methodologically, HiMem constructs cogni-548

tively consistent Episode Memory via Topic-549

Aware Event–Surprise Dual-Channel Segmen-550

tation, providing fine-grained and semantically 551

stable contextual support for complex reasoning 552

tasks. Meanwhile, through a multi-stage infor- 553

mation extraction pipeline and selective Knowl- 554

edge Alignment, high-frequency and stable facts 555

as well as user-specific attributes are consolidated 556

into dense Note Memory representations, signif- 557

icantly reducing retrieval costs while preserving 558

semantic fidelity. Furthermore, HiMem introduces 559

a conflict-aware Memory Reconsolidation mech- 560

anism that closes the loop between retrieval and 561

memory updating, enabling continuous correction 562

and evolution of knowledge through usage. 563

Extensive experiments across multiple long- 564

horizon conversational scenarios systematically 565

validate the effectiveness of these design choices. 566

HiMem consistently outperforms existing meth- 567

ods in terms of accuracy, temporal reasoning, and 568

open-domain understanding. Ablation and anal- 569

ysis studies further reveal that these gains arise 570

from the synergistic interaction among hierarchi- 571

cal memory structures, cognitively aligned event 572

segmentation, memory-type-aware semantic align- 573

ment, and self-evolution mechanisms, rather than 574

from isolated component-level improvements. In 575

addition, analyses of retrieval modes and hyper- 576

parameters demonstrate that HiMem achieves a 577

robust balance between knowledge coverage and 578

system efficiency. 579

Overall, HiMem’s contributions extend beyond 580

empirical performance improvements. More impor- 581

tantly, it offers a practical paradigm for system- 582

atically integrating cognitive theories into the 583

design of long-term memory for LLM agents. 584

By emphasizing memory-type distinctions, struc- 585

tured organization, and usage-driven feedback, this 586

paradigm provides a methodological foundation for 587

building scalable, interpretable, and self-evolving 588

LLM agents. We hope that this work will inspire 589

future research on long-term memory in more com- 590

plex settings, including multi-agent, multimodal, 591

and richly interactive environments. 592

Limitations 593

Although HiMem demonstrates stable and signifi- 594

cant performance advantages on long-horizon con- 595

versational tasks, several limitations remain that 596

warrant further investigation. These limitations 597

do not stem from flaws in the design itself, but 598

rather reflect broader challenges commonly faced 599

by long-term memory systems in realistic interac- 600

8



tive settings.601

Dependence on LLM Judgment Capabilities.602

First, HiMem relies extensively on the semantic603

and pragmatic judgment capabilities of the under-604

lying LLM during memory construction and up-605

dating, including event segmentation, information606

extraction, conflict detection, and evidence suffi-607

ciency evaluation. While experimental results in-608

dicate that such one-shot, rule-constrained judg-609

ments are stable and effective in practice, their610

quality inevitably depends on the capability of the611

base model. In scenarios involving noisy inputs,612

metaphorical language, or cross-cultural pragmatic613

variations, the accuracy of segmentation and knowl-614

edge extraction may be affected. Future work could615

explore incorporating lightweight auxiliary classi-616

fiers or uncertainty estimation mechanisms at crit-617

ical decision points to further enhance robustness618

under complex linguistic conditions.619

Expressive Limits of One-Shot Segmentation.620

Second, HiMem currently adopts a one-shot seg-621

mentation strategy, which offers clear advantages622

in efficiency and controllability, but also imposes623

an upper bound on expressive capacity. This strat-624

egy assumes that the event structure of a conversa-625

tion can be sufficiently identified through a single626

global pass. However, in extremely long or highly627

interleaved dialogues, event boundaries may ex-628

hibit hierarchical or recursive structures. Future629

extensions could investigate multi-granularity or it-630

erative event restructuring strategies, while preserv-631

ing the simplicity of the current design, to better632

accommodate non-linear conversational dynamics633

in Episode Memory.634

Conservative Triggers for Knowledge Evolution.635

Regarding memory self-evolution, HiMem primar-636

ily relies on retrieval failure or insufficient evi-637

dence as triggers for Memory Reconsolidation.638

While this conservative design promotes stability639

and avoids unnecessary updates, it may allow cer-640

tain latent inconsistencies or outdated knowledge641

to persist if they are not explicitly surfaced dur-642

ing retrieval. Designing more proactive yet noise-643

resistant evolution triggers remains an open chal-644

lenge. For example, future work could incorporate645

user feedback, cross-task consistency checks, or646

long-term statistical signals to detect and resolve647

implicit conflicts more effectively.648

Limited Evaluation Scope. Finally, although649

HiMem is evaluated on representative long-horizon650

dialogue benchmarks, the experiments are mainly 651

confined to single-user, text-based interaction sce- 652

narios. Real-world long-term interactions often in- 653

volve multiple users, multimodal inputs, and richer 654

social contexts, which impose additional demands 655

on memory organization and updating. Extend- 656

ing HiMem to multi-agent or multimodal settings, 657

and studying how memories interact, conflict, and 658

propagate across different agents, constitutes an 659

important direction for future research. 660

Overall, these limitations highlight key research 661

frontiers in advancing long-term memory systems 662

from usable to truly general-purpose. HiMem pro- 663

vides a viable pathway for systematically integrat- 664

ing cognitive theories into the design of long-term 665

memory for LLM agents. How to further enhance 666

adaptability and generalization while maintaining 667

structural clarity and interpretability remains a cen- 668

tral focus for future work. 669

Ethical Considerations 670

We acknowledge that the development of hierar- 671

chical long-term memory systems for LLM agents 672

carries significant ethical responsibilities, particu- 673

larly concerning data privacy, knowledge integrity, 674

and potential societal impacts. 675

Data Privacy and User Profiling HiMem is de- 676

signed to extract and store structured information, 677

including user preferences and profiles, to maintain 678

long-term interaction coherence. In real-world ap- 679

plications, this involves the persistent storage of po- 680

tentially sensitive personal information. We empha- 681

size that any practical implementation of HiMem 682

should adhere to privacy-by-design principles, such 683

as the General Data Protection Regulation (GDPR). 684

This includes implementing robust data encryption, 685

ensuring transparency regarding what information 686

is being "memorized," and providing users with the 687

"right to be forgotten" by allowing them to inspect 688

and delete specific entries in both Episode and Note 689

Memory. In addition, the datasets used in this study 690

are all publicly available and used in accordance 691

with their respective licenses. 692

Knowledge Integrity and Hallucinations The 693

"Memory Reconsolidation" mechanism introduces 694

a dynamic self-evolution process where the system 695

updates its internal knowledge based on new inter- 696

actions. While this improves adaptability, it also 697

poses a risk of "consolidating" hallucinations or 698

incorrect information if the backbone LLM makes 699

9



erroneous judgments during the conflict-aware up-700

date phase. We have mitigated this through a con-701

servative update strategy, but we caution that such702

systems should not be deployed in high-stakes703

domains (e.g., medical or legal advice) without704

human-in-the-loop verification.705

Bias Amplification As HiMem relies on the se-706

mantic understanding and summarization capabil-707

ities of pre-trained LLMs, it may inadvertently708

inherit or amplify biases present in the founda-709

tion models during the memory abstraction pro-710

cess (Stage 1-3). We encourage future research to711

integrate bias-detection filters within the memory712

extraction pipeline to ensure that the "Notes" stored713

do not perpetuate harmful stereotypes or unfair so-714

cial biases.715

Intended Use and Transparency HiMem aims716

to foster more meaningful and efficient human-AI717

collaboration. However, the ability of an agent to718

form a "long-term bond" through persistent mem-719

ory could potentially be misused for manipulative720

purposes. We advocate for full disclosure: users721

should be explicitly informed when they are in-722

teracting with an agent equipped with long-term723

memory capabilities to manage expectations and724

ensure informed consent.725
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A Related Work 972

In recent years, research on long-term memory 973

for LLM agents has progressed along multiple 974

technical directions in parallel, including retrieval- 975

augmented generation, long-context modeling, and 976

structured memory systems. These paradigms re- 977

spectively emphasize external information access, 978

context capacity expansion, and long-term knowl- 979

edge organization. However, most existing ap- 980

proaches are developed from isolated design per- 981

spectives and lack a unified abstraction to sys- 982

tematically characterize the commonalities, dif- 983

ferences, and inherent trade-offs among different 984

memory mechanisms. To this end, we introduce 985

a three-dimensional analytical framework, termed 986

Memory Form–Memory Organization–Memory 987

Operation, which revisits the design space of 988

LLM long-term memory systems from the perspec- 989

tives of memory unit representation, organizational 990

structure, and dynamic operations, providing a uni- 991

fied basis for comparing different research direc- 992

tions. 993

A.1 Memory Form 994

Memory Form describes the fundamental repre- 995

sentation and granularity of memory units, deter- 996

mining their content structure and serving as the 997

foundational component of long-term memory sys- 998

tems. Early approaches predominantly rely on 999

static segmentation strategies based on dialogue 1000

turns or sessions (Tan et al., 2025; Wu et al., 2025b; 1001

Salama et al., 2025), which often fail to align with 1002

semantic boundaries or the temporal evolution of 1003

events. Recent work such as SeCom (Pan et al., 1004

2025) introduces semantic and event boundary de- 1005

tection mechanisms (Event Segmentation) to seg- 1006

ment dialogues at the semantic level, leading to no- 1007

table improvements in semantic coherence and con- 1008

textual completeness. MemGAS (Xu et al., 2025a) 1009

further provides multiple segmentation modes, al- 1010

lowing systems to select different memory granu- 1011

larities according to task objectives. 1012

Regarding memory content construction, SeCom 1013

builds structured memory representations through 1014

event segmentation and semantic summarization, 1015

while Mem0 constructs fragmented fact units via 1016

information extraction. A-MEM (Xu et al., 2025b) 1017

and THEANINE (Ong et al., 2025) further enrich 1018

memory representations by incorporating multi- 1019

dimensional features such as entities, relations, and 1020

temporal attributes. Collectively, these approaches 1021
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explore the balance between information complete-1022

ness and noise suppression, while supporting tem-1023

poral reasoning through timestamps or explicit tem-1024

poral modeling. For instance, A-MEM preserves1025

timestamps to track event order, whereas THEA-1026

NINE explicitly models temporal dependencies1027

among memory units to capture dynamic seman-1028

tics.1029

Despite these advances, existing methods largely1030

focus on explicit semantic segmentation and static1031

feature encoding, without sufficiently modeling im-1032

plicit semantic dependencies or hierarchical inter-1033

actions among memory units. In contrast, long-1034

context modeling approaches such as MemGPT1035

(Packer et al., 2023) approach the problem from a1036

system capacity management perspective, empha-1037

sizing contextual continuity and memory schedul-1038

ing rather than semantic structuring of memory1039

content. As a result, they exhibit limitations in fine-1040

grained factual recall and long-term consistency1041

modeling.1042

Unlike prior work, HiMem refines event gran-1043

ularity through Dual-Channel Segmentation1044

and integrates semantic-level fusion with multi-1045

dimensional feature encoding, unifying explicit1046

structural representations with implicit semantic1047

modeling. This design reflects a shift in mem-1048

ory form from structure-centric storage toward1049

semantic-alignment-centric modeling.1050

A.2 Memory Organization1051

Memory Organization characterizes how mem-1052

ory units are connected and organized, directly af-1053

fecting retrieval efficiency and scalability during1054

reasoning. Existing approaches generally follow1055

two main directions. On one hand, structured mem-1056

ory organizations are adopted by methods such1057

as SeCom and A-MEM, which connect memory1058

units linearly along temporal or topical dimen-1059

sions to maintain semantic continuity. Some frame-1060

works (Rezazadeh et al., 2025; Zhang et al., 2025b;1061

Chhikara et al., 2025; Zhang et al., 2025a) fur-1062

ther introduce tree or graph structures to capture1063

cross-event and cross-topic semantic relations. On1064

the other hand, some approaches draw inspiration1065

from human cognition or operating systems (He1066

et al., 2024; Shan et al., 2025). For example, Hip-1067

poRAG2 (Jiménez Gutiérrez et al., 2025) combines1068

graph structures with vector spaces to simulate hip-1069

pocampal indexing mechanisms, enhancing seman-1070

tic association and retrieval accuracy. MemGPT1071

mimics page caching mechanisms in operating sys-1072

tems, organizing memory hierarchically based on 1073

access cost and treating the context window as a 1074

high-speed working memory. 1075

However, these methods typically seek com- 1076

promises within a single organizational structure, 1077

making it difficult to simultaneously accommodate 1078

diverse task requirements and storage efficiency. 1079

Moreover, they primarily focus on data structure 1080

design while paying limited attention to explicitly 1081

modeling hierarchical differences in memory con- 1082

tent. To address this limitation, HiMem adopts a 1083

multi-level hybrid organization strategy that con- 1084

structs a hierarchical long-term memory structure 1085

spanning from concrete events to abstract knowl- 1086

edge, based on the information density and abstrac- 1087

tion level of memory units. During retrieval, seman- 1088

tic filtering progressively narrows down relevant 1089

information, significantly reducing computational 1090

cost and noise while preserving high precision. 1091

Beyond structural optimization, HiMem’s key 1092

contribution lies in achieving Hierarchical Decou- 1093

pling in memory organization. By jointly opti- 1094

mizing semantic association, knowledge indexing, 1095

and retrieval efficiency within a unified hierarchi- 1096

cal framework, HiMem transitions from structure- 1097

driven organization to semantic-driven organiza- 1098

tion. 1099

A.3 Memory Operation 1100

Memory Operation focuses on dynamic memory 1101

updates and operational mechanisms during usage, 1102

which are critical for long-term adaptability and 1103

self-evolution. Self-evolving memory is widely re- 1104

garded as a core capability for long-horizon LLM 1105

agents, enabling systems to continuously learn, up- 1106

date, and refine their knowledge structures through 1107

sustained interactions (Jiang et al., 2024). Sev- 1108

eral works, including Mem0, A-MEM, and THEA- 1109

NINE, support dynamic updates of memory units to 1110

reflect new conversational content. MemoryBank 1111

(Zhong et al., 2024) introduces a forgetting-curve- 1112

based decay mechanism that periodically removes 1113

low-frequency or irrelevant information to reduce 1114

storage pressure and semantic interference. 1115

MemGPT emphasizes self-management oper- 1116

ations of memory: the LLM dynamically reads, 1117

writes, and schedules memory across different stor- 1118

age layers based on task requirements, triggering 1119

paging and summarization when the context win- 1120

dow is constrained, and writing historical infor- 1121

mation to external storage to maintain contextual 1122

continuity. Notably, unlike systems that achieve 1123
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Assets

Method Memory Form Degeneracy Memory Organization Degeneracy Memory Operation Degeneracy

SeCom Event-level semantic
summaries Yes  Linear/hybrid index or

ganized by time Yes Append-only memory construction Yes

A-MEM Zettelkasten-style notes
(note-level abstraction) Partial Linked note graph with local

semantic connections Partial Incremental update and
merge without explicit conflict typing Yes

Mem0 Atomic factual triples  Yes  Graph-based memory
with semantic edges Partial Update and deletion based

on similarity and recency Yes

MemGPT
Page-based memory
blocks constrained by

context window
Yes 

External memory swapping driven
by capacity

management
Yes

Eviction and replacement
without semantic consis-

tency modeling
Yes

HiMem Hierarchical Episode →
Knowledge No Semantic-driven hierarchical

decoupling No Conflict-aware reconsolidation
(assimilation/accommodation) No

Figure 3: Mapping of representative long-term memory systems under the Memory Form–Memory Organi-
zation–Memory Operation framework. The framework characterizes long-term memory systems along three
dimensions: memory unit representation, organizational structure, and memory operations. When a dimension
collapses into a single fixed design choice that restricts adaptive trade-offs among granularity, structure, or temporal
evolution, it is considered to exhibit design degeneration. In contrast, HiMem maintains non-degenerate designs
across all three dimensions, enabling more flexible and evolvable long-term memory modeling.

self-evolution through content-level updates or re-1124

constructions, MemGPT does not directly mod-1125

ify the semantic structure of memory, but instead1126

manages limited context resources via operating-1127

system-style scheduling and compression.1128

Nevertheless, although these methods support1129

dynamic updates to some extent, they largely re-1130

main at the level of content addition or deletion,1131

lacking mechanisms for conflict awareness and se-1132

mantic reintegration at the knowledge level. When1133

semantic conflicts arise between new and exist-1134

ing information, systems often struggle to de-1135

cide whether to retain, merge, or revise memories,1136

leading to degraded knowledge consistency or in-1137

creased computational overhead due to excessive1138

filtering and rewriting.1139

To address this limitation, HiMem introduces1140

a conflict-aware dynamic evolution mechanism1141

based on memory type differentiation. For memory1142

units that record objective events, whose semantics1143

are relatively stable, conflict detection is unneces-1144

sary. In contrast, for knowledge-oriented memories1145

representing user preferences or personal traits, se-1146

mantic conflicts trigger assimilation or accommo-1147

dation operations, enabling Memory Reconsolida-1148

tion and supporting self-correction and continuous1149

evolution. This design closely aligns with cogni-1150

tive theories of Memory Reconsolidation (Nader,1151

2015), allowing LLM agents to maintain consis-1152

tency during long-term interactions.1153

As illustrated in Figure 3, we map representa-1154

tive long-term memory systems into the proposed1155

three-dimensional analytical framework. Most ex-1156

isting approaches avoid design degeneration in only1157

one dimension, while implicitly simplifying the 1158

remaining dimensions into fixed design choices. 1159

For instance, some methods improve memory form 1160

through event segmentation or summarization, but 1161

retain static assumptions in memory organization 1162

and updating mechanisms. Others enhance orga- 1163

nizational flexibility or operational strategies, yet 1164

remain constrained in memory form and semantic 1165

modeling. 1166

In contrast, HiMem is among the few systems 1167

that maintain non-degenerate designs across all 1168

three dimensions. It introduces a hierarchical 1169

“event-to-knowledge” memory form, adopts seman- 1170

tic hierarchy rather than static topology as the or- 1171

ganizing principle, and explicitly models conflict- 1172

aware reconsolidation in memory operations. This 1173

three-dimensional non-degeneracy enables HiMem 1174

to support more adaptive and evolvable memory 1175

management in long-term interaction scenarios. 1176

B Implementation Details 1177

To ensure fair and stable comparisons, all meth- 1178

ods are evaluated under identical experimental set- 1179

tings. We use GPT-4o-mini as the base language 1180

model for all methods with fixed decoding pa- 1181

rameters (temperature=0.0, max_tokens=8192), 1182

set top-k=10 for memory selection during re- 1183

trieval, and adopt all-mpnet-base-v2 (Sentence- 1184

Transformers, 2021) for vector representations. All 1185

remaining implementation details strictly follow 1186

the official implementations and recommended con- 1187

figurations of the corresponding baselines. 1188

For each benchmark evaluation, we keep model 1189

parameters and prompts fixed, run three repeated 1190

14



evaluations, and report the mean and standard devi-1191

ation of all key metrics across runs. We apply the1192

same evaluation protocol to HiMem and all base-1193

lines. In addition, we use GPT-4o-mini as the judge1194

for GPT-Score.1195

All experiments are conducted on the same hard-1196

ware environment—a MacBook Pro with Apple1197

M4 Max and 128GB unified memory—to elimi-1198

nate hardware differences as a confounding factor1199

for efficiency metrics.1200

For HiMem, we use OpenSearch (OpenSearch1201

Project, 2025) as the storage backend for Episode1202

Memory, and adopt Qdrant (Qdrant Team, 2025)1203

to manage knowledge-oriented memory represen-1204

tations in Note Memory.1205

C Extended Analyses1206

C.1 Memory Retrieval Modes1207

We compare two retrieval strategies in HiMem: hy-1208

brid retrieval, which simultaneously queries Note1209

Memory and Episode Memory, and best-effort re-1210

trieval, which first queries Note Memory and de-1211

scends to Episode Memory only when necessary.1212

As shown in Table 5, hybrid retrieval achieves high1213

accuracy while significantly reducing response la-1214

tency, indicating that the hierarchical memory struc-1215

ture enables parallel localization of relevant infor-1216

mation and thus shortens reasoning time. However,1217

as shown in Table 6, hybrid retrieval incurs the1218

highest token consumption due to aggregating in-1219

formation from both memory layers. In contrast,1220

best-effort retrieval introduces additional latency1221

due to self-evaluation and potential lower-layer1222

queries, but consumes substantially fewer tokens1223

since most queries are resolved at the Note Mem-1224

ory level. These results validate that hierarchical re-1225

trieval from abstract knowledge to concrete events1226

achieves an effective trade-off between knowledge1227

coverage and system efficiency.1228

C.2 Hyperparameter Analysis1229

We further analyze the effect of the top-k parameter1230

(k ∈ {5, 10, 15, 20, 25}) on system performance.1231

The results show that increasing k improves re-1232

trieval coverage and accuracy, but performance1233

plateaus when k ≥ 10. Meanwhile, retrieval la-1234

tency and token consumption increase with larger1235

k, reflecting higher retrieval costs. These findings1236

indicate that HiMem, through fine-grained Episode1237

segmentation and multi-stage knowledge extrac-1238

tion, can capture sufficient information within a1239
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Figure 4: Effect of top-k on performance and effi-
ciency. We report GPT-Score, latency, and token con-
sumption as a function of k. Latency reports search
latency only.

small retrieval window, achieving optimal perfor- 1240

mance without expanding the search scope. In 1241

contrast, excessively large k introduces irrelevant 1242

information and unnecessary processing overhead. 1243

This analysis further confirms the efficiency and 1244

information-density advantages of HiMem in long- 1245

horizon retrieval. 1246

C.3 Efficiency Analysis 1247

We evaluate efficiency by comparing response la- 1248

tency and token consumption across methods. Al- 1249

though HiMem introduces semantic fusion and hi- 1250

erarchical retrieval, its latency is not significantly 1251

worse than that of other baselines, indicating that 1252

the computational overhead of lightweight seman- 1253

tic alignment is minimal. In contrast, by lever- 1254

aging accurate intent modeling and prior knowl- 1255

edge retrieval, HiMem can more rapidly localize 1256

required information. In terms of token consump- 1257

tion, HiMem substantially outperforms all base- 1258

lines, benefiting from its hierarchical memory struc- 1259

ture that prioritizes highly condensed knowledge 1260

units and thereby reduces context length and gener- 1261

ation burden. 1262

D Discussion 1263

The experimental results systematically demon- 1264

strate that HiMem’s advantages in long-horizon 1265

conversational tasks do not stem from isolated im- 1266

provements in individual components. Instead, 1267

they arise from a set of interdependent design de- 1268

cisions spanning memory representation, organi- 1269

zation, and evolution. Together, these decisions 1270

form a closed loop from information acquisition to 1271

15



Table 5: Performance comparison of HiMem under hybrid and best-effort retrieval strategies.

Strategy Single Hop Multi Hop Temporal Open Domain Average

GPT-Score F1 GPT-Score F1 GPT-Score F1 GPT-Score F1 GPT-Score F1

hybrid retrieval 89.22 43.93 70.92 28.32 74.77 22.05 54.86 18.92 80.71 34.95
best-effort retrieval 83.59 43.93 62.88 27.42 72.38 25.26 47.92 20.34 75.24 35.54

Table 6: Efficiency comparison of HiMem under hybrid and best-effort retrieval strategies, measured by
latency and token consumption.

Strategy Single Hop Multi Hop Temporal Open Domain Average

Lat.(s) Tok. Lat.(s) Tok. Lat.(s) Tok. Lat.(s) Tok. Lat.(s) Tok.

hybrid retrieval 1.57 1292.53 1.55 1292.17 1.35 1177.69 1.67 1343.25 1.53 1271.69
best-effort retrieval 1.63 1016.45 2.03 1257.29 1.88 1200.50 2.66 1583.06 1.82 1134.24

knowledge consolidation and further to continuous1272

correction, enabling stable performance in complex1273

and dynamic conversational environments.1274

D.1 Hierarchical Memory as a Fundamental1275

Constraint for Long-Term Dialogue1276

Modeling1277

Both the main results and ablation studies con-1278

sistently indicate that the hierarchical memory1279

structure (Episode Memory + Note Memory) con-1280

stitutes the core prerequisite for long-term conver-1281

sational performance. Episode Memory preserves1282

fine-grained contextual information aligned with1283

the original interaction process, allowing the sys-1284

tem to accurately trace back critical evidence in1285

tasks such as multi-hop reasoning and temporal1286

dependency modeling. In contrast, Note Memory1287

compresses high-frequency and stable knowledge1288

into dense semantic units through information ex-1289

traction and structured representation, substantially1290

reducing retrieval cost.1291

The functional asymmetry between these two1292

memory types explains the patterns observed in1293

the ablation results. Removing Episode Memory1294

leads to a severe performance drop, highlighting1295

that raw contextual information remains indispens-1296

able for complex reasoning tasks. Removing Note1297

Memory also degrades performance, but to a lesser1298

extent, indicating that structured knowledge pri-1299

marily serves as a mechanism for accelerating lo-1300

calization and stabilizing semantic anchors. These1301

findings underscore a key insight: the effectiveness1302

of long-term memory systems lies not in com-1303

plete abstraction, but in maintaining a balance1304

between abstraction and fidelity. 1305

D.2 The Decisive Role of Dual-Channel 1306

Segmentation in Modeling Long-Term 1307

Dependencies 1308

The effectiveness of Episode Memory further de- 1309

pends on how it is constructed. Experimental 1310

results show that Episode units built via Topic- 1311

Aware Event–Surprise Dual-Channel Segmen- 1312

tation consistently outperform coarse-grained or 1313

purely topic-based segmentation strategies in long- 1314

term retrieval and reasoning. This suggests that 1315

semantic continuity alone is insufficient to capture 1316

event boundaries in real conversations; cognitive- 1317

level discontinuities, such as shifts in emotion, in- 1318

tent, or discourse function, are equally critical sig- 1319

nals for long-term memory modeling. 1320

By explicitly incorporating both “topic conti- 1321

nuity” and “surprise-driven discontinuity” crite- 1322

ria at the segmentation stage and fusing them via 1323

an OR rule, HiMem generates memory units that 1324

better align with human event perception. Such 1325

cognitively consistent segmentation reduces cross- 1326

segment interference and improves the likelihood 1327

that retrieval targets genuinely relevant contexts, 1328

which directly manifests as performance gains in 1329

Multi-Hop and Temporal Reasoning tasks. 1330

D.3 Selective Effects of Knowledge Alignment 1331

Reveal Memory-Type Differences 1332

The ablation study on Knowledge Alignment 1333

uncovers a more nuanced and informative phe- 1334

nomenon: a unified semantic alignment space 1335

does not benefit all memory types equally. For 1336

Note Memory, removing Knowledge Alignment re- 1337

16



Table 7: Efficiency comparison of HiMem and baseline methods on the LoCoMo dataset. The lowest latency
and smallest token consumption are highlighted in bold, while the second-best results are underlined. Latency (Lat.)
reports search latency only and is measured in seconds (s). Notably, SeCom achieves lower latency by preloading
per-sample data into memory prior to inference; therefore, its latency is not directly comparable to that of other
methods.

Task A-MEM SeCom Mem0 HiMem

Lat.(s) Tok. Lat.(s) Tok. Lat.(s) Tok. Lat.(s) Tok.

Single Hop 0.93(0.08) 2698.35(1.20) - 2738.62(0.05) 4.65(0.13) 1586.37(207.51) 1.57(0.03) 1292.53(0.03)

Multi Hop 0.91(0.14) 2715.48(3.35) - 2742.68(0.19) 3.96(0.19) 1588.96(209.64) 1.55(0.03) 1292.17(0.15)

Temporal 0.95(0.12) 2697.38(1.43) - 2612.02(0.05) 4.64(0.22) 1591.95(209.63) 1.35(0.02) 1177.69(0.11)

Open Domain 0.94(0.09) 2675.39(6.14) - 2732.16(0.73) 4.66(0.19) 1498.12(189.94) 1.67(0.02) 1343.25(0.18)

Overall 0.93(0.10) 2699.85(1.62) - 2712.56(0.08) 4.53(0.16) 1582.51(207.25) 1.53(0.03) 1271.69(0.05)

sults in a substantial performance drop, indicating1338

that extraction-based memories—once detached1339

from raw dialogue context—rely heavily on seman-1340

tic normalization processes such as coreference1341

resolution and temporal alignment to maintain re-1342

trievability and consistency.1343

In contrast, enabling Knowledge Alignment for1344

Episode Memory may even degrade performance.1345

This observation suggests that when segmentation1346

already achieves sufficient cognitive coherence, fur-1347

ther semantic rewriting or fusion of raw dialogue1348

can obscure implicit cues or fine-grained details.1349

This result highlights a central design principle of1350

HiMem: semantic alignment should be memory-1351

type aware rather than applied as a uniform1352

preprocessing step.1353

D.4 Memory Reconsolidation as a Key1354

Mechanism for Long-Term Self-Evolution1355

Beyond static memory construction, experiments1356

on Memory Self-Evolution further validate the im-1357

portance of Memory Reconsolidation in sustained1358

interactions. When Note Memory alone cannot1359

support a query but Episode Memory provides suf-1360

ficient evidence, the system performs targeted in-1361

formation extraction and conflict detection, writing1362

missing knowledge back into Note Memory to cor-1363

rect and enrich its representation.1364

The effectiveness of this mechanism is evident at1365

two levels. First, Note Memory exhibits a marked1366

performance improvement after self-evolution is1367

enabled, indicating substantive gains in knowledge1368

coverage. Second, the corresponding improvement1369

in overall performance demonstrates that retrieval1370

and memory updating should form a feedback1371

loop rather than operate as independent pro-1372

cesses. This stands in contrast to memory systems1373

that only support additive or replacement-based up- 1374

dates, and more closely mirrors human cognition, 1375

where memory is reshaped through use. 1376

D.5 Global Consistency Across Retrieval 1377

Modes and Efficiency Analyses 1378

Finally, comparisons across retrieval modes and the 1379

Top-K analysis provide system-level validation of 1380

the above design synergies. The complementary be- 1381

haviors of hybrid and best-effort retrieval in terms 1382

of latency and token consumption reflect the flex- 1383

ibility afforded by hierarchical memory under an 1384

“abstraction-first, descend-when-necessary” strat- 1385

egy. Moreover, the observation that performance 1386

saturates at relatively small K values indicates that 1387

HiMem’s memory units possess high information 1388

density, avoiding inefficient compensation through 1389

expanded retrieval scopes. 1390

D.6 Summary 1391

In summary, HiMem’s advantages do not arise from 1392

larger models or longer context windows, but from 1393

a series of design choices closely aligned with hu- 1394

man long-term memory mechanisms: cognitively 1395

consistent event segmentation, memory-type-aware 1396

semantic alignment, hierarchically complementary 1397

memory representations, and usage-driven Memory 1398

Reconsolidation. Together, these elements form 1399

a scalable, interpretable, and self-evolving long- 1400

term memory framework, providing robust support 1401

for sustained interaction and complex reasoning in 1402

long-horizon LLM agents. 1403

17


	Introduction
	Methodology
	Overall Framework
	Memory Construction
	Episode Memory
	Note Memory
	Knowledge Alignment

	Memory Retrieval
	Memory Updating and Self-Evolution
	Adaptive Forgetting

	Experiments
	Datasets
	Evaluation Metrics
	Baselines
	Settings

	Results and Analyses
	Main Results
	Ablation Study: Memory Components
	Ablation Study: Knowledge Alignment
	Memory Self-Evolution
	Discussion of Extended Analyses

	Discussion
	Conclusion
	Related Work
	Memory Form
	Memory Organization
	Memory Operation

	Implementation Details
	Extended Analyses
	Memory Retrieval Modes
	Hyperparameter Analysis
	Efficiency Analysis

	Discussion
	Hierarchical Memory as a Fundamental Constraint for Long-Term Dialogue Modeling
	The Decisive Role of Dual-Channel Segmentation in Modeling Long-Term Dependencies
	Selective Effects of Knowledge Alignment Reveal Memory-Type Differences
	Memory Reconsolidation as a Key Mechanism for Long-Term Self-Evolution
	Global Consistency Across Retrieval Modes and Efficiency Analyses
	Summary


