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Abstract001

Equipping LLM-based agents with evolving002
long-term memory remains a persistent chal-003
lenge. Existing approaches predominantly004
rely on flat vectors or graphs with predeter-005
mined schemas, inevitably leading to seman-006
tic fragmentation or structural rigidity. To ad-007
dress this, we propose H-SEAM, a dynamic008
multi-level memory framework grounded in009
Dynamic Memory Evolution Theory. Un-010
like static hierarchies, H-SEAM features: 1)011
a multi-granular hierarchical structure that012
vertically integrates raw episodic fragments013
with semantic abstractions to bridge seman-014
tic gaps; 2) a density-driven evolutionary015
mechanism that dynamically distills high-level016
abstractions from information saturation, al-017
lowing the memory topology to adaptively018
grow in alignment with user interactions;019
and 3) a sufficiency-guided 2-hop expansion020
strategy that achieves an optimal accuracy-021
efficiency trade-off. Experiments on LO-022
COMO and LongMemEval demonstrate that023
H-SEAM consistently surpasses strong base-024
lines (e.g., MemOS), improving overall ac-025
curacy by 6.7% while maintaining stable ef-026
ficiency.027

1 Introduction028

Just as memory is the cornerstone of human cogni-029

tion and identity (Craik and Jennings, 1992), it is030

equally central to intelligent agents, enabling them031

to maintain continuity in dialogue, personalization,032

and digital assistance. A key challenge for LLM-033

based agents is maintaining long-term, contextual034

memory across sessions.(Hu et al., 2025) Large035

language models (LLMs) now excel at language036

understanding, code generation, scientific reason-037

ing, and interactive agents, with context windows038

reaching hundreds of thousands or even millions039

of tokens (Qian et al., 2023; Gao et al., 2023;040

Wang et al., 2024b). Yet long-context mechanisms041

still struggle with scalability, retention, and rea-042

soning consistency (Maharana et al., 2024), mak- 043

ing robust memory management crucial for co- 044

herent, grounded, and temporally consistent be- 045

havior in extended interactions. Recent work on 046

agentic memory—such as Mem0 (Chhikara et al., 047

2025), A-Mem (Xu et al., 2025), and MemOS (Li 048

et al., 2025)—moves toward persistent memory, 049

often complementing retrieval-augmented genera- 050

tion (RAG) (Lewis et al., 2020) with structured 051

long-term context and selective recall. 052

Limitations of existing approaches. Despite this 053

progress, current agent memory frameworks still 054

face two key limitations. 055

Passive accumulation and shallow consolida- 056

tion. Frameworks such as MemGPT (Wu et al., 057

2023), LangMem (Wang et al., 2024a), and Gen- 058

erative Agents (Park et al., 2023b) introduce per- 059

sistent storage, but largely lack active, hierarchi- 060

cal consolidation. Existing systems often treat 061

memory as a flat log of interactions, relying on 062

simplistic, recency-biased retrieval without peri- 063

odically reflecting on or synthesizing past experi- 064

ences. Cognitive studies show that such passive 065

accumulation leads to fragmentation, where older 066

but semantically relevant insights are buried under 067

noise rather than being integrated into higher-level 068

knowledge (Shin et al., 2017; Lesort et al., 2020). 069

Structural rigidity and fixed granularity. 070

Most systems rely on flat vector stores or graph 071

structures with predetermined schemas (e.g., 072

fixed Entity-Relation layers). This structural 073

rigidity prevents the memory from adapting to the 074

evolving depth of user information.(Rasmussen 075

et al., 2025; Xu et al., 2025; Chhikara et al., 2025; 076

Kang et al., 2025; Li et al., 2025) Without explicit, 077

dynamic abstraction layers, agents struggle to 078

bridge fine-grained details with high-level context, 079

weakening multi-step reasoning capabilities. Neu- 080

roscience models (Buzsáki, 2015; Lampinen et al., 081

2021) highlight that cross-level coordination is 082
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crucial for abstraction and long-range prediction.083

Motivation and intuition. Our work is funda-084

mentally grounded in two cognitive principles:085

Dynamic Memory Evolution Theory and Hierar-086

chical Association Theory. Dynamic Memory087

Evolution Theory posits that memory is not a static088

repository but a reconstructive process where089

traces are repeatedly reactivated, modified, and in-090

tegrated over time (Dudai et al., 2015; Stoianov091

et al., 2022). Complementarily, Hierarchical Asso-092

ciation Theory suggests that cognition relies on or-093

ganizing information into nested levels of abstrac-094

tionfrom specific episodes to general schemasto fa-095

cilitate efficient retrieval and reasoning (Kounios096

et al., 2001; Lampinen et al., 2021). Motivated by097

these views, we argue that long-term agent mem-098

ory should evolve hierarchically, utilizing struc-099

tured associations to connect items, sequences,100

and contexts. Our model, H-SEAM (Hierar-101

chical Agentic Memory), implements a density-102

driven, multi-level hierarchy, where new experi-103

ences are encoded as detailed traces and then au-104

tonomously abstracted into varying levels of gran-105

ularity through iterative reflection.106

To address these limitations, we propose H-107

SEAM. We argue that hierarchical memory should108

not be predefined or periodically summarized, but109

should emerge as a function of semantic satura-110

tion and interaction dynamics. Guided by this111

paradigm shift, our main contributions are:112

Multi-Granular Vertical Integration. We con-113

struct a hierarchical structure that vertically inte-114

grates raw episodic fragments with semantic ab-115

stractions to bridge semantic gaps, ensuring both116

factual precision and conceptual depth.117

Density-Driven Evolution. We introduce a118

mechanism that dynamically distills high-level ab-119

stractions from information saturation. This al-120

lows the memory topology to adaptively grow121

with user interactions rather than following a fixed122

schema.123

Empirically Validated Navigation. We identify124

that a sufficiency-guided 2-hop expansion offers125

the optimal trade-off between reasoning accuracy126

and computational overhead. Extensive experi-127

ments demonstrate that H-SEAM surpasses strong128

baselines (e.g., MemOS), improving overall accu-129

racy by 6.7% while maintaining stable efficiency.130

We evaluate H-SEAM on two long-term mem-131

ory benchmarks, LOCOMO (Maharana et al.,132

2024) and LongMemEval (Wu et al., 2024), and 133

show that it improves accuracy and memory ef- 134

fectiveness while maintaining stable runtime, pro- 135

viding scalable and cognitively inspired long-term 136

memory for LLM-based agents. 137

2 Related Work 138

Flat & Vector-based Memory. Pioneering 139

works have established the foundation for per- 140

sistent agent memory. Generative Agents (Park 141

et al., 2023a) demonstrated the power of reflection 142

over raw observation streams, yet they rely on 143

manually scheduled reflection, incurring rigid 144

overhead. MemGPT (Wu et al., 2023) effectively 145

managed context limitations via an OS-style 146

paging mechanism, and Mem0 (Chhikara et al., 147

2025) optimized retrieval through metadata 148

filtering. While efficient for semantic matching, 149

these vector-based approaches primarily treat 150

memory as a flat sequence, facing challenges in 151

complex multi-hop reasoning where disparate 152

clues need structural connection to avoid semantic 153

fragmentation. 154

Structured & Hierarchical Graph Memory. 155

To capture complex dependencies, recent research 156

has moved towards structured representations. A- 157

Mem (Xu and et al., 2024) and HippoRAG (Gutiér- 158

rez et al., 2024) leverage associative algorithms 159

(e.g., PageRank) on entity networks. Recent ad- 160

vancements like Zep (Rasmussen et al., 2025) 161

introduce hierarchical architectures via commu- 162

nity detection (e.g., Leiden). However, these ap- 163

proaches often prioritize topological connectivity 164

over semantic coherence. For instance, Zep op- 165

erates on fixed taxonomies or purely structural 166

density, which can lead to semantic misalignment 167

where communities form by connection density 168

rather than conceptual relevance. 169

System-Level Memory Frameworks. Recog- 170

nizing computational complexity, Memory OS 171

paradigms manage the memory lifecycle. Mem- 172

oryOS (Kang et al., 2025) organizes memory via 173

fixed tiers (STM, MTM, LPM) governed by re- 174

source policies, while MemOS (Li et al., 2025) 175

proposes schedulable MemCubes. These frame- 176

works excel in system-level resource orchestra- 177

tion (i.e., where data is stored). H-SEAM com- 178

plements this by optimizing the internal semantic 179

topology (i.e., how knowledge is structured), en- 180

hancing the flexibility within these robust system 181
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Figure 1: System overview of H-SEAM. The architecture integrates online ingestion (low-level), near-line correla-
tion (middle-level), and offline consolidation (high-level).

architectures.182

A Paradigm Shift in Hierarchy Construction.183

While prior works introduce hierarchy, they dif-184

fer fundamentally from H-SEAM in how hier-185

archy is formed. Generative Agents rely on186

manual scheduling; HippoRAG constructs static187

graphs guided by topological centrality; and Mem-188

oryOS utilizes fixed system-level tiers. In contrast,189

H-SEAM introduces a density-driven, content-190

adaptive evolution mechanism. Our abstraction191

nodes are neither predefined nor periodically en-192

forced but self-organize only when local seman-193

tic regions reach saturation. This design shifts194

hierarchy from a design-time prior to a runtime195

outcome of interaction dynamics, representing a196

qualitatively different paradigm where structure197

emerges from semantic density rather than rigid198

architectural constraints.199

3 Method200

3.1 H-SEAM Overview201

Definition of Memory and Retrieval. We de-202

fine memory as a structured and evolvable in-203

dex IM derived from dialogue history. For-204

mally, given a chronological sequence D =205

{(t1, d1), . . . , (tN , dN )}, the memory builder206

transforms D into multi-level representations IM .207

A retrieval operation maps a query q to an answer208

a via the process q
Retriever−−−−−→ Mq

Agent−−−→ a, where209

Mq ⊆ IM denotes the specific subset of memory 210

fragments extracted from the global index that is 211

contextually relevant to q. 212

As illustrated in Figure 1, H-SEAM organizes 213

memory into three synergistic functional levels: 214

Online Ingestion (Low-Level): Fine-grained con- 215

versational traces are continuously appended to a 216

sequential buffer. This level maintains detailed 217

temporal order and lexical granularity for short- 218

term contextual retrieval. 219

Near-Line Correlation (Middle-Level): Once 220

a complete session is finished or periodically, 221

the system performs synthesis to link related se- 222

quences and identify recurrent entities. This level 223

serves as a bridge, capturing relational regularities 224

between raw tokens and abstract concepts. 225

Offline Consolidation (High-Level): During idle 226

phases or periodically, H-SEAM aggregates se- 227

mantically dense events to distill high-level ab- 228

stractions. Topological restructuring occurs here 229

to transform scattered episodic details into coher- 230

ent user-specific themes. 231

3.2 Hierarchical Graph Memory 232

The memory consists of dynamic abstraction lev- 233

els L = {0, 1, . . . , H}, visually corresponding 234

to the Low, Middle, and High levels depicted 235

in Figure 1. Each level ℓ contains a node set 236

Nℓ = {nℓ,i}, where each node is defined as a 237

tuple nℓ,i = (vℓ,i, tℓ,i, sℓ,i, typeℓ,i), comprising 238
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its semantic embedding, timestamp, accumulated239

strength, and type (dialogue, entity, event, or con-240

text).241

As illustrated in the figure’s legend, edges are242

categorized into two types:243

Intra-level edges Eintra (depicted as solid244

black arrows) modeling sequential or associa-245

tive links within a layer; and Inter-level edges246

Einter (depicted as curved gray arrows) repre-247

senting abstraction or grounding relations between248

layers. The overall graph is denoted as G =249

(
∪

ℓNℓ, E
intra ∪ Einter).250

Example. A four-level instance might contain:251

Level 0 (utterances), Level 1 (sessions), Level 2252

(event/entity graphs), and Level 3 (context maps),253

connected via cross-level dependencies.254

3.3 Index Builder and Evolving255

3.3.1 Low-Level: Online Ingestion via256

Dynamic Slicing257

Sequential Buffering and Linear Chaining.258

Recent utterances are continuously buffered and259

segmented into coherent dialogue slices σ via260

LLMslice. As illustrated in the bottom layer of Fig-261

ure 1, we strictly maintain a linear temporal graph262

where individual dialogue turns are instantiated as263

nodes and linked via directed chronological edges264

(dt → dt+1). This chain-like topology preserves265

the strict temporal order and lexical fidelity of the266

conversation, serving as the grounded topological267

backbone for subsequent structured processing.268

3.3.2 Middle-Level: Near-line Correlation269

and Graph Construction270

Upon the completion of a dialogue slice, the sys-271

tem transitions to structured graph generation.272

Entity Instantiation and Event Topology Con-273

struction. Transitioning from the linear se-274

quence buffer to the structured graph domain275

(visualized in the purple "Middle Level" block276

of Figure 1), the system performs a topological277

transformation via a dual-phase pipeline.278

First, atomic entities are disentangled from the279

dialogue slices using LLMextract (see Appendix C).280

As shown in the bottom row of the middle level,281

these entities are instantiated as grounded nodes282

(ei), linked horizontally via semantic similarity to283

form the basal semantic layer.284

Subsequently, discrete events are constructed285

as structured compositions of these entities and286

their predicates via LLMextract_event. These are vi-287

sualized as the higher-order event nodes (Ei) in 288

the figure, which aggregate the underlying entity 289

interactions into coherent episodic units. 290

To capture longitudinal dependencies, causal 291

relations (e.g., precedes, causes) are inferred 292

by LLMrelate_event. This process densifies the 293

graph with intra-level edges (Eintra), weaving dis- 294

jointed sessions into a continuous narrative fabric 295

based on entity overlap and temporal adjacency. 296

LLM-Enhanced State Evolution and Conflict 297

Resolution. To prevent redundant nodes and 298

conflicting states during incremental graph con- 299

struction, we implement a two-stage "Recall- 300

then-Verify" consolidation mechanism that goes 301

beyond simple deduplication. First, we perform 302

a coarse retrieval to identify existing nodes with 303

high semantic overlap (embedding similarity > 304

τsim). Instead of blindly merging based on vec- 305

tors, we employ an LLM as a Cognitive Arbiter 306

to compare the new fragment against these candi- 307

dates. The LLM distinguishes whether the frag- 308

ment represents a state update (increasing node 309

strength sℓ,i and fusing the new information to 310

evolve the entity’s state) or a distinct new concept 311

(creating a new node). Crucially, this agentic veri- 312

fication resolves semantic ambiguity (e.g., distin- 313

guishing "apple" the fruit from the brand) and han- 314

dles temporal conflicts (e.g., updating "User lives 315

in NYC" to "User moved to LA" instead of creat- 316

ing conflicting duplicates), ensuring the graph re- 317

flects the true conceptual evolution rather than 318

just accumulating data. 319

Importantly, these LLM invocations operate un- 320

der strictly bounded prompts and act as semantic 321

validators rather than free-form generators. 322

3.3.3 High-Level: Abstraction via 323

Density-Driven Emergence 324

Unlike static schemas that force information into 325

fixed hierarchies, our abstraction layer H evolves 326

dynamically through a "Density-Driven Emer- 327

gence" paradigm. This mechanism is inspired 328

by biological memory consolidation, where high- 329

level concepts organically emerge only when the 330

information density in a local region reaches satu- 331

ration (i.e., local node density exceeds a capacity 332

threshold Nmax). 333

Topological Clustering (Hotspot Identifica- 334

tion): We apply K-Means not merely to group 335

nodes, but to partition the dense graph regions 336

into candidate semantic hotspots C(j), identi- 337
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fying clusters where fragmented episodes share338

strong latent structures.339

Cognitive Distillation: An LLM agent acts as a340

meta-reasoner to analyze the constituent episodes341

in C(j). Instead of simple summarization, it per-342

forms pattern induction to distill shared themes,343

behavioral patterns, or intent regularities (see Ap-344

pendix C). It generates a synthesized insight Sj345

representing the emergent high-level concept.346

Structural Instantiation: A new high-level347

node is instantiated with content Sj , establishing348

explicit dependency edges to its constituents. This349

creates a vertical semantic anchor, allowing the350

agent to reason over broad concepts before drilling351

down into details.352

Entropy-Aware Graph Compression. To pre-353

vent graph entropy explosion, H-SEAM employs354

a Strength-Aware Greedy Merging strategy. The355

algorithm operates in three steps: (1) Candidate356

Scoring based on semantic and structural overlap;357

(2) Constraint Checking to ensure similarity > τℓ358

and strength preservation; and (3) Greedy Execu-359

tion to merge optimal pairs, ensuring the memory360

topology remains sparse and efficient as interac-361

tion grows.362

Theorem 1 (Bounded Stability). The merging al-363

gorithm guarantees: (1) Bounded Information364

Loss within (1 − ϵ)I(G); (2) Structural Stability365

converging to equilibrium density ρ∗; and (3) Fi-366

nite Termination in polynomial time. (Proof in Ap-367

pendix A).368

3.4 Agentic Memory Retrieval369

H-SEAM performs seed-driven hierarchical re-370

trieval to efficiently explore the graph under cost371

constraints. We generalize the search into an k-372

hop multi-stage strategy (default k = 2). The re-373

trieval process proceeds in rounds:374

Local multi-hop batching. Starting from a fron-375

tier Ft, we collect neighbor candidates up to k376

hops: Z(h) = Neighborsh(Ft). This preserves lo-377

cal connectivity while expanding the horizon.378

LLM-guided screening. An LLM judge evalu-379

ates the expected informativeness of candidates in380

Z(h) regarding query q (see in Appendix C). Only381

informative nodes are retained in the retrieval set382

Rt. The system then checks a sufficiency-of-383

answerability condition Φ(Rt; q) ≥ τsuff ; if sat-384

isfied, retrieval terminates early.385

Frontier re-centering. If sufficiency is not met, 386

the frontier is updated to the most informative re- 387

tained nodes (Ft+1 = TopK∆In), and a new 388

expansion round initiates until the budget is ex- 389

hausted. 390

Theorem 2 (Optimality of Local Expansion). The 391

sufficiency-guided retrieval strategy theoretically 392

establishes: (1) Global Maximum of Return-on- 393

Cost is achieved at expansion depth k = 2; (2) 394

Diminishing Returns for k > 2 due to exponential 395

noise accumulation; and (3) Optimal Trade-off be- 396

tween contextual breadth and computational over- 397

head. (Proof in Appendix B). 398

In summary, H-SEAM restructures conversa- 399

tional memory along three temporal scales, en- 400

abling abstraction at memory-time rather than test- 401

time. This design shifts the role of LLMs from ex- 402

plicit reasoning to semantic consolidation and vali- 403

dation. As a result, downstream agents can operate 404

with reduced reasoning depth while maintaining 405

robust multi-hop performance. 406

4 Evaluation 407

We evaluate H-SEAM against competing base- 408

lines in terms of both effectiveness and efficiency. 409

4.1 Experimental Setup 410

Datasets. We employ two complementary bench- 411

marks: LOCOMO (Maharana et al., 2024), 412

which evaluates very long-term coherence across 413

more than 35 dialogue sessions, and Long- 414

MemEval (Wu et al., 2024), a diagnostic bench- 415

mark designed to test five core memory capabili- 416

ties, including updates and abstention. 417

4.1.1 LLM Settings and Implementation 418

Details 419

We utilize a diverse set of language models to 420

verify robustness across four strategic dimensions. 421

Unless otherwise specified, GPT-4.1-mini serves 422

as the default backbone, and all embeddings are 423

generated using text-embedding-3-small. To 424

ensure fair comparison, all baselines are evaluated 425

under the same backbone and embedding configu- 426

ration unless explicitly stated otherwise. 427

Specifically, we evaluate: (1) Capability 428

Thresholds using the GPT-4.1 series (from Nano 429

to Standard); (2) Generational Consistency 430

by contrasting GPT-5-mini with GPT-4.1-mini; 431

(3) Open-Weights Viability by benchmarking 432
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Table 1: Main Results on LOCOMO. Performance and Efficiency comparison. H-SEAM achieves the best over-
all performance, particularly excelling in LLM-Judge scores across complex reasoning tasks, while maintaining
competitive latency. All metric values are in percentage (%), and Latency is in seconds (s).

Method Single Hop Multi Hop Temporal Open Domain Overall Latency
F1 BLEU LLM F1 BLEU LLM F1 BLEU LLM F1 BLEU LLM F1 BLEU LLM (s)

Mem0 48.6 42.0 71.4 40.1 30.3 68.2 39.2 33.2 56.9 23.7 17.7 47.9 43.5 36.5 66.3 3.53
Zep 49.3 38.9 76.7 42.0 34.5 49.8 35.7 23.3 61.7 19.4 18.4 41.4 41.0 33.9 66.0 9.77
MemOS 45.6 38.3 78.4 35.6 26.7 64.3 53.7 46.4 73.2 29.6 22.4 55.2 44.4 36.9 73.3 7.71
MemoryOS 42.2 47.8 69.0 30.6 42.4 48.3 24.5 35.7 58.9 16.8 21.4 49.0 34.9 42.8 61.6 2.61
A-Mem 42.9 38.0 64.6 29.9 20.0 58.6 39.8 34.1 64.8 15.0 13.1 42.7 38.1 32.3 62.1 3.93

full-context 61.4 53.4 86.9 44.2 33.7 77.2 47.5 40.0 74.2 28.4 22.2 56.6 53.3 45.0 80.6 5.80

Ours 47.3 40.2 81.2 33.6 25.6 77.0 65.4 53.3 85.4 29.7 27.2 60.4 47.4 39.5 80.0 4.11

Table 2: Performance on LongMemEval. Abbrevi-
ations denote: S-Pref: Single-session Preference, S-
Asst: Single-session Assistant, Temp: Temporal Rea-
soning, Multi: Multi-session, Update: Knowledge Up-
date, S-User: Single-session User.

Type MemoryOS Mem0 A-mem Zep Ours

S-Pref 30.0 60.0 47.7 53.3 75.0
S-Asst 64.3 41.1 96.4 75.0 78.6
Temp 32.3 40.2 47.9 54.1 60.1
Multi 31.0 46.2 48.9 47.4 66.1
Update 48.7 70.1 64.1 74.4 76.9
S-User 80.0 81.4 92.9 92.9 95.7

the DeepSeek ecosystem against the GPT fam-433

ily; and (4) Reasoning Paradigms by compar-434

ing DeepSeek-V3 with the reasoning-enhanced435

DeepSeek-R1, to assess whether intrinsic Chain-436

of-Thought capabilities improve memory utiliza-437

tion.438

Baselines. We compare H-SEAM against repre-439

sentative memory paradigms:440

• Flat / Vector-based: Mem0 (Chhikara et al.,441

2025);442

• Graph-based: Zep (Rasmussen et al., 2025)443

(time-aware subgraphs) and A-Mem (Xu444

et al., 2025) (associative Zettelkasten);445

• System-level: MemOS (Li et al., 2025) (re-446

source scheduling) and MemoryOS (Kang447

et al., 2025) (hierarchical paging).448

4.2 Main Results449

4.2.1 General Performance on LOCOMO450

Table 1 summarizes generation quality on LO-451

COMO. We report LLM Judge Scores (hereafter452

referred to as Judge Scores) throughout this sec-453

tion. H-SEAM achieves the strongest overall454

performance among all evaluated methods, at- 455

taining an Overall Judge Score of 80.0% and 456

outperforming the strongest baseline, MemOS 457

(73.3%), by a substantial margin. H-SEAM con- 458

sistently excels across tasks requiring complex rea- 459

soning, validating the effectiveness of hierarchical 460

semantic organization. 461

Efficacy of Adaptive Abstraction in Complex 462

Reasoning. On Multi-hop and Open-domain 463

tasks, H-SEAM achieves Judge Scores of 77.0% 464

and 60.4%, respectively, substantially outperform- 465

ing structured baselines such as Zep and A-Mem. 466

This performance gap highlights the benefit of 467

density-driven abstraction: by constructing se- 468

mantic bridges that connect related preferences 469

across distant timestamps, H-SEAM overcomes 470

the limitations of localized retrieval. The hierarchi- 471

cal structure reduces the effective reasoning path 472

length, enabling the model to synthesize informa- 473

tion that is semantically related but temporally dis- 474

tant. 475

Precision in Chronological Reconstruction. 476

For Temporal Reasoning, H-SEAM achieves a 477

Judge Score of 85.4%, significantly exceeding 478

system-level approaches such as MemOS (73.2%). 479

This result demonstrates that a content-adaptive 480

topology yields stronger narrative continuity than 481

rigid resource scheduling or fixed paging strate- 482

gies. Rather than enforcing arbitrary memory 483

boundaries, H-SEAM dynamically merges events 484

based on semantic density, aligning memory orga- 485

nization with the natural flow of dialogue and en- 486

abling finer-grained temporal reconstruction. 487

From Keyword Recall to Logical Coherence. 488

We observe a clear divergence between lexical 489

recall and reasoning quality. Flat architectures 490
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Table 3: Results of Ablation Studies Across Different Categories. All values are reported in percentage (%).

Category Full Model w/o Expansion w/o Fragment w/o Abstraction

BLEU F1 LLM BLEU F1 LLM BLEU F1 LLM BLEU F1 LLM

Multi-hop (1) 25.6 33.6 77.0 24.8 31.6 75.2 27.5 34.5 75.5 24.5 32.5 71.6
Temporal (2) 53.3 65.6 85.4 49.6 61.7 80.4 50.1 62.0 77.9 50.0 62.2 77.9
Open-domain (3) 27.2 29.7 60.4 25.5 27.6 51.0 26.4 28.5 60.4 24.2 26.7 60.4
Single-hop (4) 40.2 47.3 81.2 40.8 47.6 77.2 38.2 44.0 77.2 40.8 47.6 83.2

Overall 39.5 47.4 80.0 38.7 46.3 75.8 38.0 45.1 76.0 38.7 46.5 78.6

such as Mem0 achieve competitive F1 scores (e.g.,491

40.1% on Multi-hop) but lag behind in Judge492

Scores (68.2% versus H-SEAM’s 77.0%). While493

surface-level recall may suffice for F1-based met-494

rics, answering complex queries requires preserv-495

ing the structural logic surrounding entities. H-496

SEAM’s hierarchical synthesis maintains these497

reasoning contexts, ensuring that retrieved infor-498

mation satisfies logical coherence rather than mere499

lexical overlap. This further supports our design500

choice of prioritizing structural coherence over501

surface recall.502

4.2.2 Fine-grained Analysis on503

LongMemEval504

To analyze specific memory capabilities, we com-505

pare H-SEAM with strong baselines on Long-506

MemEval (Table 2). H-SEAM achieves the high-507

est Judge Score in five out of six categories, main-508

taining near-perfect performance on basic recall509

tasks while demonstrating superior robustness in510

complex scenarios.511

Robustness in Preference Tracking. On Single-512

session Preference, H-SEAM achieves a Judge513

Score of 75.0%, significantly outperforming Zep514

and A-Mem. This suggests that associative base-515

lines struggle with conflicting updates. In contrast,516

H-SEAM consolidates evolving preferences into517

unified high-level representations, effectively pri-518

oritizing the users most recent state.519

Stability in Multi-session Consistency. In Multi-520

session settings, H-SEAM attains a Judge Score521

of 66.1%, notably higher than all baselines. This522

result highlights the role of vertical abstraction in523

bridging long temporal gaps. Unlike graph sys-524

tems that rely primarily on horizontal links, H-525

SEAM anchors disjoint sessions to persistent high-526

level abstractions (e.g., long-term career goals),527

enabling consistent recall across extended interac-528

tions.529

Adaptability in Knowledge Evolution. For530

Knowledge Update, H-SEAM achieves 76.9%,531

outperforming OS-based methods. While recency- 532

biased retrieval can handle simple updates, H- 533

SEAM benefits from dynamic upward abstraction. 534

Instead of merely appending new information, it 535

distills evolving knowledge into salient nodes, en- 536

suring that critical updates are structurally priori- 537

tized. 538

4.3 Efficiency 539

Table 1 reports end-to-end latency on LOCOMO. 540

Although H-SEAM (4.11s) incurs slightly higher 541

latency than lightweight vector-based methods 542

such as Mem0 (3.53s) due to structured retrieval, 543

it remains significantly more efficient than com- 544

plex structured systems, including Zep (9.77s) and 545

MemOS (7.71s). 546

We observe that H-SEAM achieves a 1.4× 547

speedup compared to full-context processing 548

(5.80s). This result indicates that the proposed 549

two-hop expansion strategy effectively prunes the 550

retrieval space, allowing H-SEAM to achieve com- 551

parable reasoning quality (80.0% versus 80.6%) 552

with improved inference speed, thereby support- 553

ing its scalability for real-time interaction. 554

4.4 Sensitivity to Model Capabilities 555

Model Scaling and Generational Evolution. 556

As shown in Table 5, performance does not scale 557

linearly with model size. GPT-4.1-mini equipped 558

with H-SEAM already demonstrates strong com- 559

petence, indicating that architectural design can 560

outweigh parameter scaling. Moreover, GPT-5- 561

mini exhibits performance comparable to GPT- 562

4.1-mini, suggesting that H-SEAM generalizes ro- 563

bustly across model generations rather than rely- 564

ing on model-specific emergent behaviors. 565

Reasoning Paradigms and Open-Weights Vi- 566

ability. Table 5 further shows that DeepSeek- 567

V3 performs competitively with proprietary GPT 568

models, supporting the open-weights viability of 569

H-SEAM. In contrast, the reasoning-enhanced 570
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Table 4: Ablation study on graph expansion hops. Diffusing 2 hops outward achieves the best trade-off between
performance and efficiency. Increasing to 3 hops introduces noise and significantly raises computational costs.

k-Hop Single hop Multi hop Temporal Open domain Overall Token Time

0 77.2 75.2 80.4 51.0 75.8 4,161,458 3.08s
1 78.5 76.2 80.4 54.2 77.0 4,996,208 3.46s
2 81.2 77.0 85.4 60.4 80.0 6,617,888 4.11s
3 81.1 77.0 76.0 62.5 78.1 16,017,443 10.12s

Table 5: Overall LLM Scores of different Models

Model Overall

GPT-4.1-mini 80.0
GPT-4.1-nano 67.3
GPT-5-mini 78.5
GPT-4.1 79.3
DeepSeek-V3 76.2
DeepSeek-R1 69.2

DeepSeek-R1 does not yield consistent improve-571

ments and, in some cases, performs worse than572

V3. We attribute this to a paradigm mismatch: H-573

SEAM shifts the primary cognitive burden from574

test-time reasoning to memory-time abstraction by575

consolidating fragmented dialogues into coherent576

structured representations. When such abstraction577

is already in place, additional runtime Chain-of-578

Thought reasoning may become redundant or in-579

troduce unnecessary deliberation noise, reducing580

its marginal benefit.581

4.5 Ablation Study582

Component-wise ablations are reported in Table 3,583

with all metrics presented as percentages consis-584

tent with the main results.585

Impact of Low-level Grounding. Removing586

fragment-level representations reduces the Judge587

Score to 76.0%. Without fine-grained grounding,588

the model is prone to hallucination, capturing only589

coarse semantic content while failing to verify spe-590

cific entities.591

Impact of Retrieval Scope. Restricting retrieval592

to a single hop leads to substantial performance593

degradation in Temporal Reasoning (85.4% →594

80.4%) and Open-domain tasks. Single-hop re-595

trieval confines reasoning to local neighborhoods,596

whereas H-SEAM’s multi-hop expansion (k = 2)597

effectively bridges disjoint dialogue turns.598

Impact of High-level Abstraction. Removing ab-599

straction layers causes the most pronounced de-600

cline in Multi-hop Reasoning. High-level nodes601

function as semantic connectors; without them,602

the agent must traverse long chains of raw frag-603

ments, increasing the likelihood of reasoning fail- 604

ures. 605

4.6 Impact of Graph Expansion Depth 606

We analyze the effect of expansion depth (k) on 607

performance and efficiency (Table 4), observing 608

a clear inverted U-shaped trend. Restricting re- 609

trieval to local neighborhoods (k < 2) fails to cap- 610

ture distant but semantically related connections, 611

causing significant performance drops in Multi- 612

hop and Open-domain tasks. Expanding to two 613

hops (k = 2) yields the global optimum (Over- 614

all Judge Score 80.0%), effectively bridging in- 615

direct neighbors while maintaining a focused con- 616

text window. However, further increasing depth to 617

k = 3 leads to diminishing returns (score drops 618

to 78.1%) and incurs substantial overhead, with 619

token usage increasing by ≈ 2.4× and latency 620

nearly doubling. This confirms that excessive ex- 621

pansion degrades the signal-to-noise ratio, justify- 622

ing our default choice of k = 2 as the optimal 623

trade-off between reasoning breadth and computa- 624

tional efficiency. 625

5 Conclusion 626

We introduced H-SEAM, a dynamic multi-level 627

memory framework specifically designed to re- 628

solve longhorizon reasoning instability in LLM 629

agents. 630

By coupling density-driven evolution with op- 631

timal graph expansion, H-SEAM effectively ad- 632

dresses the limitations of semantic fragmentation 633

and structural rigidity. 634

Experiments on LOCOMO and LongMemEval 635

demonstrate that H-SEAM consistently outper- 636

forms stateoftheart baselines, significantly improv- 637

ing overall accuracy by 6.7% while maintaining 638

highly competitive computational efficiency. 639

These results suggest that content-adaptive 640

topological organization is essential for longterm 641

consistency, offering a scalable paradigm for fu- 642

ture agentic memory systems beyond simple infor- 643

mation accumulation. 644
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6 Limitations645

Our experiments demonstrate the robustness of646

H-SEAM in long-context retrieval and reasoning.647

However, we identify two areas where the current648

paradigm can be further expanded:649

Dependency on Instruction-Following Capabil-650

ities. H-SEAM’s bottom-up construction relies651

on the precision of the underlying LLM to ex-652

tract entities and events (as detailed in the Index653

Builder). Our ablation studies suggest that while654

models like GPT-4.1-mini and DeepSeek-V3 per-655

form exceptionally well, extremely lightweight or656

non-instruction-tuned models may struggle with657

the complex formatting constraints required for658

structured graph generation. The system’s perfor-659

mance in its current instantiation suggests a prac-660

tical lower bound on the required model capabil-661

ity., and future work could explore distilling these662

extraction capabilities into smaller, specialized en-663

coders to further reduce deployment costs.664

Static Hyperparameter Sensitivity. In the cur-665

rent implementation, key thresholds for node666

merging (e.g., similarity threshold τsim) and clus-667

ter synthesis (e.g., density threshold Nmax) are set668

empirically. While these settings generalize well669

across LOCOMO and LongMemEval, real-world670

interactions with highly varying information den-671

sities (e.g., a fast-paced debate vs. casual chitchat)672

might benefit from adaptive hyperparameters. Fu-673

ture iterations will investigate dynamic threshold-674

ing mechanisms that adjust the abstraction granu-675

larity in real-time based on the entropy of the in-676

coming dialogue stream.677

AI Writing Assistance678

In accordance with the conference policy on AI-679

assisted writing, we acknowledge the use of Large680

Language Models (specifically GPT-5 and Gem-681

ini) to assist with linguistic polishing, LaTeX for-682

matting, and refining the clarity of certain text pas-683

sages. We certify that the scientific conceptualiza-684

tion, experimental design, and data analysis are the685

original work of the authors. All AI-generated sug-686

gestions were manually reviewed and verified by687

the authors to ensure accuracy and prevent plagia-688

rism.689

References 690

György Buzsáki. 2015. Hippocampalneocortical 691
dialogue and memory consolidation. Science, 692
347:1054–1059. 693

Prateek Chhikara, Dev Khant, Saket Aryan, Taranjeet 694
Singh, and Deshraj Yadav. 2025. Mem0: Building 695
production-ready ai agents with scalable long-term 696
memory. arXiv preprint arXiv:2504.19413. 697

Fergus IM Craik and Janine M Jennings. 1992. Human 698
memory. 699

Yadin Dudai, Avi Karni, and Jan Born. 2015. The con- 700
solidation and transformation of memory. Neuron, 701
88(1):20–32. 702

Chen Gao, Xiaochong Lan, Zhihong Lu, Jinzhu Mao, 703
Jinghua Piao, Huandong Wang, Depeng Jin, and 704
Yong Li. 2023. S3: Social-network simulation sys- 705
tem with large language model-empowered agents. 706
arXiv preprint arXiv:2307.14984. 707

Bernal Jimenez Gutiérrez, Yiheng Shu, Yu Gu, Michi- 708
hiro Yasunaga, and Yu Su. 2024. Hipporag: Neu- 709
robiologically inspired long-term memory for large 710
language models. In Advances in Neural Informa- 711
tion Processing Systems (NeurIPS). NeurIPS 2024. 712

Yuanzhe Hu, Yu Wang, and Julian McAuley. 713
2025. Evaluating memory in llm agents via 714
incremental multi-turn interactions. Preprint, 715
arXiv:2507.05257. 716

Jiazheng Kang, Mingming Ji, Zhe Zhao, and Ting 717
Bai. 2025. Memory os of ai agent. Preprint, 718
arXiv:2506.06326. 719

John Kounios, Roderick W. Smith, Wei Yang, Peter 720
Bachman, and Mark D’Esposito. 2001. Cognitive 721
association formation in human memory revealed by 722
spatiotemporal brain imaging. Neuron, 29(1):297– 723
306. 724

Andrew K. Lampinen and 1 others. 2021. To- 725
wards mental time travel: hierarchical memory 726
for reinforcement learning agents. arXiv preprint 727
arXiv:2105.14039. 728

Timothée Lesort and 1 others. 2020. Generative replay 729
for continual learning: A survey. Neural Networks, 730
125:126–142. 731

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio 732
Petroni, Vladimir Karpukhin, Naman Goyal, Hein- 733
rich Küttler, Mike Lewis, Wen-tau Yih, Tim Rock- 734
täschel, and 1 others. 2020. Retrieval-augmented 735
generation for knowledge-intensive nlp tasks. Ad- 736
vances in neural information processing systems, 737
33:9459–9474. 738

Zhiyu Li, Shichao Song, Chenyang Xi, Hanyu Wang, 739
Chen Tang, Simin Niu, Ding Chen, Jiawei Yang, 740
Chunyu Li, Qingchen Yu, and 1 others. 2025. 741
Memos: A memory os for ai system. arXiv preprint 742
arXiv:2507.03724. 743

9

https://doi.org/10.1016/j.neuron.2015.09.004
https://doi.org/10.1016/j.neuron.2015.09.004
https://doi.org/10.1016/j.neuron.2015.09.004
https://arxiv.org/abs/2405.14831
https://arxiv.org/abs/2405.14831
https://arxiv.org/abs/2405.14831
https://arxiv.org/abs/2405.14831
https://arxiv.org/abs/2405.14831
https://arxiv.org/abs/2507.05257
https://arxiv.org/abs/2507.05257
https://arxiv.org/abs/2507.05257
https://arxiv.org/abs/2506.06326
https://doi.org/10.1016/S0896-6273(01)00199-4
https://doi.org/10.1016/S0896-6273(01)00199-4
https://doi.org/10.1016/S0896-6273(01)00199-4
https://doi.org/10.1016/S0896-6273(01)00199-4
https://doi.org/10.1016/S0896-6273(01)00199-4


Adyasha Maharana, Dong-Ho Lee, Sergey Tulyakov,744
Mohit Bansal, Francesco Barbieri, and Yuwei745
Fang. 2024. Evaluating very long-term conver-746
sational memory of llm agents. arXiv preprint747
arXiv:2402.17753.748

Joon Sung Park, Joseph C. O'Brien, Carrie J.749
Cai, Meredith Ringel Morris, Percy Liang, and750
Michael S. Bernstein. 2023a. Generative agents: In-751
teractive simulacra of human behavior. In Proceed-752
ings of the 36th Annual ACM Symposium on User753
Interface Software and Technology (UIST). ACM.754

Joon Sung Park and 1 others. 2023b. Generative agents:755
Interactive simulacra of human behavior. arXiv756
preprint arXiv:2304.03442.757

Chen Qian, Xin Cong, Cheng Yang, Weize Chen,758
Yusheng Su, Juyuan Xu, Zhiyuan Liu, and Maosong759
Sun. 2023. Communicative agents for software760
development. arXiv preprint arXiv:2307.07924,761
6(3):1.762

Preston Rasmussen, Pavlo Paliychuk, Travis Beauvais,763
Jack Ryan, and Daniel Chalef. 2025. Zep: a tempo-764
ral knowledge graph architecture for agent memory.765
arXiv preprint arXiv:2501.13956.766

Hanul Shin, Jung Kwon Lee, Jaehong Kim, and Jiwon767
Kim. 2017. Continual learning with deep generative768
replay. NeurIPS.769

Ivilin Stoianov, Domenico Maisto, and Giovanni Pez-770
zulo. 2022. The hippocampal formation as a hier-771
archical generative model supporting generative re-772
play and continual learning. Progress in Neurobiol-773
ogy, 217:102329.774

Hanlin Wang and 1 others. 2024a. Langmem: Long-775
term memory for language model based agents.776
arXiv preprint arXiv:2403.05969.777

Lei Wang, Chen Ma, Xueyang Feng, Zeyu Zhang, Hao778
Yang, Jingsen Zhang, Zhiyuan Chen, Jiakai Tang,779
Xu Chen, Yankai Lin, and 1 others. 2024b. A survey780
on large language model based autonomous agents.781
Frontiers of Computer Science, 18(6):186345.782

Di Wu, Hongwei Wang, Wenhao Yu, Yuwei Zhang,783
Kai-Wei Chang, and Dong Yu. 2024. Longmemeval:784
Benchmarking chat assistants on long-term interac-785
tive memory. arXiv preprint arXiv:2410.10813.786

Xinyang Wu and 1 others. 2023. Memgpt: Towards787
lifelike memory in llm agents. arXiv preprint788
arXiv:2310.08518.789

Haotian Xu and et al. 2024. Agentic memory: Structur-790
ing long-term memory for language agents. In arXiv791
preprint arXiv:2404.07307.792

Wujiang Xu, Kai Mei, Hang Gao, Juntao Tan, Zu-793
jie Liang, and Yongfeng Zhang. 2025. A-mem:794
Agentic memory for llm agents. arXiv preprint795
arXiv:2502.12110.796

A Additional Details on Hierarchical 797

Memory Compression and Theoretical 798

Guarantees 799

A.1 Strength-Aware 800

Edge-Density-Constrained Greedy 801

Merging 802

To balance scalability and fidelity, H-SEAM 803

performs periodic graph compression using a 804

Strength-Aware Edge-Density-Constrained 805

Greedy Merging strategy. This process selec- 806

tively merges semantically redundant, weakly 807

connected, and low-strength nodes while pre- 808

serving high-importance nodes and maintaining 809

uniform structural density. It thereby achieves an 810

optimal trade-off among semantic compactness, 811

behavioral relevance, and structural uniformity. 812

Each iteration evaluates candidate node pairs 813

(nℓ,i, nℓ,j) according to their similarity, node 814

strength, and local edge density deviation. Merg- 815

ing is executed only when: (1) semantic similarity 816

exceeds a threshold τℓ; (2) local degree and aver- 817

age edge weight are below structural thresholds; 818

and (3) cumulative node strength remains within a 819

preservation bound. The newly formed composite 820

node inherits aggregated embeddings, strengths, 821

and edge sets, followed by density-aware rebalanc- 822

ing to maintain global topological consistency. 823

Information Preservation and Uniformity 824

Guarantee. Let I(Gℓ) denote the information 825

content of the level-ℓ graph, estimated by the av- 826

erage pairwise dissimilarity of node embeddings 827

weighted by their strengths: 828

I(Gℓ) =
1

|Nℓ|2
∑
i,j

sℓ,isℓ,j
(
1− sim(nℓ,i, nℓ,j)

)
. 829

The merging process is designed such that 830

I(G′
ℓ) ≥ (1− ϵ)I(Gℓ), 831

ensuring that the expected information loss per 832

compression cycle is bounded by a tunable factor ϵ. 833

Simultaneously, density regularization guarantees 834

ρ(G′
ℓ) ≈ ρ∗ℓ , maintaining global and local edge 835

density uniformity. Thus, the hierarchical mem- 836

ory remains both information-sufficient and struc- 837

turally stable throughout compression. 838

Theorem 3 (Bounded Information Loss and Struc- 839

tural Stability). Let Gℓ = (Nℓ, Eℓ) be a level-ℓ 840

memory graph satisfying degree bounds dmin ≤ 841

deg(n) ≤ dmax and target density ρ∗ℓ . If 842
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the greedy merging process obeys the similarity,843

strength, and density constraints described above,844

then the post-merge graph G′
ℓ satisfies:845

I(G′
ℓ) ≥ (1− ϵ)I(Gℓ), |ρ(G′

ℓ)− ρ∗ℓ | ≤ ϵρ,

and
∑

i s
′
i∑

i si
≥ ηs.

846

In particular, I(Gℓ) is non-increasing with each847

merge and converges to a finite fixed point, en-848

suring both bounded information degradation and849

structural equilibrium.850

A.2 Proof of Theorem851

Proof. Consider a single merge of nodes852

(ni, nj) satisfying the eligibility constraints:853

sim(ni, nj) ≥ τℓ, min(si, sj) ≤ sth, and854

|ρlocal − ρ∗ℓ | ≤ ϵρ.855

(1) Bounded Information Loss. Since856

sim(ni, nj) ≥ τℓ, the merged embedding857

v′ =
wivi+wjvj

wi+wj
satisfies858

1− sim(v′,vk) ≤859

max{1− sim(vi,vk), 1− sim(vj ,vk)}+O(1− τℓ).860

Thus, the aggregate change in I(Gℓ) due to the861

merge is upper-bounded by862

∆I ≤ 2sisj
|Nℓ|2

(1− τℓ) +O

(
dmax

|Nℓ|2

)
,863

and accumulating over all merges yields I(G′
ℓ) ≥864

(1 − ϵ)I(Gℓ) for ϵ = C(1 − τℓ) with a small con-865

stant C dependent on dmax.866

(2) Density Stability. Each merge updates edges867

locally within the neighborhoods of ni and nj .868

Since |ρ(Gℓ) − ρ∗ℓ | ≤ ϵρ before merging, and re-869

balancing adds or prunes edges to restore target870

density, it follows that |ρ(G′
ℓ) − ρ∗ℓ | ≤ ϵρ by con-871

struction.872

(3) Strength Preservation. The merged nodes873

strength is s′k = si + sj . Hence, the total strength874

remains unchanged except for negligible rounding875

or decay factors:
∑

i s
′
i =

∑
i si. In practice, a876

small decay coefficient δs may be applied to bal-877

ance drift, giving
∑

i s
′
i/
∑

i si ≥ 1− δs = ηs.878

(4) Convergence. Because each merge reduces879

|Nℓ| by one while maintaining non-increasing880

I(Gℓ) and bounded density deviations, the se-881

quence {G(t)
ℓ } forms a monotone, bounded pro-882

cess. By the monotone convergence theorem, it883

converges to a finite fixed point G∞
ℓ satisfying the884

inequalities in the theorem.885

A.3 Complexity and Convergence Analysis of 886

Greedy Merging 887

Preliminaries. Let Gℓ = (Nℓ, E
intra
ℓ ) be the 888

level-ℓ graph with nℓ = |Nℓ| nodes and mℓ = 889

|Eintra
ℓ | edges. The greedy procedure repeat- 890

edly selects a merge pair (i, j) maximizing the 891

marginal gain ∆J under hard constraints until the 892

node budget Bℓ is met or no feasible pair remains. 893

Denote M⋆
ℓ = max{nℓ − Bℓ, 0} as the maximum 894

number of merges needed at level ℓ. 895

Candidate maintenance and per-iteration cost. 896

We maintain a candidate set C of feasible pairs fil- 897

tered by the three eligibility conditions (similarity, 898

degree/weight, strength). Two practical implemen- 899

tations are assumed: 900

1. Exact screening. Compute all pairwise sim- 901

ilarities with a threshold τℓ; this induces at 902

most Pℓ ≤ min{
(
nℓ
2

)
, #{(i, j) : sim(i, j) ≥ 903

τℓ}} candidates. Initial build is O(n2
ℓd) for 904

dense embeddings (dimension d). 905

2. Approximate screening (recommended). 906

Use ANN (e.g., HNSW/IVF-PQ) to get top- 907

K neighbors per node above τℓ. This yields 908

Pℓ = O(nℓK) expected candidates with in- 909

dex build time Õ(nℓd) and query time Õ(K) 910

per node (the Õ hides log factors). 911

We store ∆J for all (i, j) ∈ C in a max- 912

heap H of size |C| = O(Pℓ). Each iteration per- 913

forms: (i) extract-max in O(logPℓ); (ii) feasibil- 914

ity recheck (degree/density/strength) in amortized 915

O(deg(i) + deg(j) + Rloc) time, where Rloc is 916

the number of affected local density cells; (iii) 917

merge-update: create n′, relink edges, update lo- 918

cal/global density statistics, update strengths and 919

embedding, and lazy refresh of impacted pairs in 920

H. 921

Let ∆̄ be the average number of pairs impacted 922

by one merge (i.e., pairs incident to i or j or to 923

neighbors whose density/degree penalties change). 924

Using adjacency lists and cell-wise density book- 925

keeping, we obtain the amortized per-merge cost: 926

Titer = 927

O
(
logPℓ + deg(i) + deg(j) +Rloc + ∆̄ logPℓ

)
. 928

With degree bounds dmax and bounded local 929

neighborhoods per cell, this simplifies to Titer = 930

Õ
(
1 + ∆̄

)
. 931
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Overall time complexity. Over at most M⋆
ℓ932

merges,933

Ttotal = Tbuild +

M⋆
ℓ∑

t=1

T
(t)
iter

=

{
O(n2

ℓd) + Õ
(
M⋆

ℓ (1 + ∆̄)
)
, exact

Õ(nℓd) + Õ
(
M⋆

ℓ (1 + ∆̄)
)
, ANN

934

where Tbuild is the one-off similarity/index con-935

struction. In practice, ANN with small K and de-936

gree/density caps yields nearly linear behavior in937

nℓ for fixed Bℓ.938

Space complexity. We store node attributes, em-939

beddings, and adjacency lists: O(nℓd+mℓ). Can-940

didate heap and ANN index contribute O(Pℓ) and941

Õ(nℓ) respectively. Thus Stotal = O(nℓd + mℓ +942

Pℓ).943

Convergence and termination. We define a po-944

tential function combining the (negative) objective945

and feasibility slack:946

Φt = −
∑

(i,j)∈Ct

[
∆Jij

]
+

+ λfeas Ξt,947

where Ξt aggregates violations of hard constraints948

(degree/density/budget), and [·]+ truncates at zero.949

Each accepted merge strictly reduces |Nℓ| by 1950

and does not increase Ξt (merges violating any951

hard constraint are rejected). Therefore:952

1. Finite termination. The process halts in at953

most M⋆
ℓ merges since budget Bℓ or candi-954

date exhaustion is reached.955

2. Monotone feasibility. Because feasibility956

is checked before committing, Ξt is non-957

increasing; once Ξt = 0, it stays 0.958

3. No cycling. Node identifiers are not reused959

in a way that recreates pre-merge states; the960

merge operator is idempotent on pairs not961

reintroduced, hence no cycles arise.962

Stability of density and strength. Let ρ(Gℓ)963

be global density and ρr cell-wise densities with964

targets ρ∗ℓ , ρ
∗
r . The post-merge update enforces965

hard tolerance |ρ(Gℓ) − ρ∗ℓ | ≤ ϵρ and bounds966

local deviations via the penalty Uρ. Hence, the967

sequence {ρ(G(t)
ℓ )}t remains in a closed interval968

around ρ∗ℓ ; similarly, the cumulative strength ra-969

tio
∑

i s
′
i/
∑

i si ≥ ηs is preserved by construc-970

tion. Together, these yield structural stability: de-971

grees, densities, and total strength remain within972

pre-specified bounds throughout.973

Information-retention bound (sketch). Recall 974

the information functional 975

I(Gℓ) =
1

n2
ℓ

∑
i,j

sℓ,isℓ,j
(
1− sim(i, j)

)
, 976

which is Lipschitz in pairwise similarities. A sin- 977

gle merge of two τℓ-similar, low-strength nodes 978

perturbs at most O(deg(i) + deg(j)) pairwise 979

terms. With degree cap dmax and strength preser- 980

vation s′k = si + sj , the merge induces a bounded 981

change |I(G′
ℓ) − I(Gℓ)| ≤ L · ϵsim for some 982

constant L depending on dmax and strength scal- 983

ing; accumulating over at most M⋆
ℓ merges and 984

imposing the density tolerance ensures I(G′
ℓ) ≥ 985

(1 − ϵ)I(Gℓ) with tunable ϵ (via τℓ, ϵρ, ηs). Thus 986

information loss is controlled while sparsity in- 987

creases. 988

Quality guarantee under submodularity (op- 989

tional). If the negative of the objective can be 990

written as a monotone submodular set function 991

over the complement node set, and the constraints 992

reduce to a (partitioned) knapsack or matroid, then 993

the classic greedy selection achieves a (1 − 1/e)- 994

approximation to the optimum. Concretely, when 995

∆J ((i, j) | Gℓ) = 996

f(sim)− αs(si + sj)− αρ∆Uρ − αdeg∆Vardeg 997

is approximately separable and the penalty terms 998

are convex and Lipschitz so that the resulting gain 999

exhibits diminishing returns, a curvature-adjusted 1000

bound 1− e−1/κ (with total curvature κ ∈ [1,∞)) 1001

applies. This provides a principled near-optimality 1002

guarantee for the greedy merge sequence. (When 1003

the conditions do not hold, our guarantees revert 1004

to finite termination and bounded information loss 1005

above.) 1006

Incremental and multi-level runtime. Apply- 1007

ing the above per level and summing over ℓ ∈ L 1008

gives 1009∑
ℓ∈L

(
T
(ℓ)
build + Õ

(
M⋆

ℓ (1 + ∆̄ℓ)
))

, 1010

where ∆̄ℓ is typically small under degree/density 1011

caps. Inter-level reconnection Einter touches 1012

only boundary nodes of the merged pair, costing 1013

Õ(|∂(i)∪∂(j)|) per merge and thus linear in local 1014

degree. 1015

The merging algorithm (i) terminates in at most 1016

M⋆
ℓ steps, (ii) maintains structural feasibility (de- 1017

gree, density, strength) throughout, (iii) offers con- 1018

trolled information loss with tunable ϵ, and (iv) 1019
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achieves near-linear practical runtime with ANN-1020

based screening and bounded local updates. Under1021

mild approximate-submodularity, the greedy rule1022

enjoys a constant-factor approximation to the opti-1023

mum.1024

B Additional Theoretical Result on1025

m-Hop Expansion1026

Theorem 4 (Conditional Optimality of k for1027

4-Layer Graph). In a hierarchical memory graph1028

with four abstraction levels {0, 1, 2, 3}, assuming1029

an effective branching factor b > 1, geometric1030

decay of informativeness with hop distance (r ∈1031

(0, 1)), and convex LLM screening cost per hop1032

(Costh ∝ bhϕh with ϕ1 > 1, ϕ2 ≈ 1, ϕh≥3 > 1),1033

the expected return-on-cost ratio ROCh first in-1034

creases and then decreases with hop count.1035

Therefore, the per-round optimal expansion1036

depth that maximizes the informativenesscost1037

trade-off satisfies:1038

k⋆ = 2.1039

That is, expanding up to two hops per round yields1040

the best overall efficiency in a 4-layer hierarchical1041

graph.1042

B.1 Analysis of Optimal k in a 4-Layer1043

Graph1044

Setup. We analyze the k-hop batching depth1045

per round on a 4-layer hierarchical graph (levels1046

0, 1, 2, 3). Let a round start from a frontier of size1047

K with effective branching factor b > 1. Assume:1048

1. Candidate growth. The number of hop-h1049

candidates is Nh ≈ K bh.1050

2. Informativeness decay. The expected (per-1051

node) informativeness gain decays geometri-1052

cally with hop distance: gh = g0 r
h with 0 <1053

r < 1 (semantic relatedness attenuates with1054

distance). A retained fraction ph ∈ (0, 1]1055

(post-LLM screening) gives hop-h total gain1056

∆Ih ≈ phNhgh = K ph g0 (br)
h.1057

3. LLM screening cost. Descriptor length is1058

capped at Lmax per node. Batched screening1059

uses per-call token cap Tmax and convex per-1060

call cost f(T ) = c0+c1T+c2T
α with α > 1.1061

Thus hop-h incurs 1062

Costh ≈
⌈
NhLmax

Tmax

⌉
· f(Tmax) 1063

≈ K bhLmax

Tmax
· f(Tmax) ∝ bh, 1064

where the proportionality absorbs 1065

K,Lmax, Tmax, f(Tmax). 1066

Define the hop-h return-on-cost (ROC): 1067

ROCh ≜ ∆Ih
Costh

1068

≈ K ph g0 (br)
h

C0 bh
=

K g0
C0

ph rh, 1069

where C0 > 0 is a constant. Hence, absent other 1070

effects, ROCh ∝ ph r
h decreases with h because 1071

r < 1 and typically ph nonincreasing in h. 1072

Including convex compute and multi-call over- 1073

head. The previous expression assumes per- 1074

fectly balanced batches at Tmax. In practice, for 1075

small h we may underfill Tmax (wasting per-call 1076

overhead c0), while for large h we overflow and 1077

need many calls (convex penalty c2T
α accumu- 1078

lates across calls). We capture this with a hop- 1079

dependent cost multiplier ϕh ≥ 1: 1080

Costh ≈ C0 b
h ϕh, 1081

with ϕ1 > 1 (underfill), 1082

ϕ2 ≈ 1, ϕh≥3 > 1 (overflow). 1083

Then 1084

ROCh ≈ K g0
C0

ph r
h

ϕh
. 1085

Selecting k in a 4-layer graph. Per round we 1086

may include hops h = 1, 2, 3 (since the graph 1087

has 4 layers). The optimal k⋆ maximizes cumula- 1088

tive net value under a per-round budget, which, in 1089

the marginal sense, is equivalent to choosing the 1090

largest h such that ROCh remains nondecreasing: 1091

k⋆ = arg max
m∈{1,2,3}

k∑
h=1

(∆Ih − λCosth) ⇐⇒ 1092

include hop h iff
∆Ih
Costh

≥ τROC, 1093

for some implicit threshold τROC tied to λ and 1094

remaining budget. 1095

Using the model above, 1096

ROCh+1

ROCh
=

ph+1

ph
· r

ϕh+1/ϕh
. 1097
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Thus ROCh decreases after hop h when1098

r <
ϕh+1

ϕh
· ph
ph+1

.1099

Empirically, ph+1 ≤ ph and ϕ2 ≈ 1 while ϕ1 > 1,1100

ϕ3>1. Hence:1101

(A)
ROC2

ROC1
≈ p2

p1
· r

ϕ2/ϕ1
≈ p2

p1
· r · ϕ11102

(often ≥ 1 since ϕ1 > 1 corrects underfill);1103

(B)
ROC3

ROC2
≈ p3

p2
· r

ϕ3/ϕ2
≈ p3

p2
· r

ϕ3
1104

(often < 1 since ϕ3 > 1 and p3 ≤ p2).1105

Conclusion (typical regime). In common set-1106

tings (moderate b; r ∈ [0.4, 0.7]; balanced batch-1107

ing at hop-2; convex cost with α > 1):1108

ROC2 ≳ ROC1 and ROC3 < ROC2.1109

Therefore the optimal per-round depth on a 4-layer1110

graph is1111

k⋆ = 21112

i.e., include up to 2 hops per round.1113

When can k⋆ differ?1114

• k⋆ = 1 if r is very small or the frontier al-1115

ready saturates the token cap (ϕ1 ≈ 1), mak-1116

ing hop-2 under-informative.1117

• k⋆ = 3 only if informativeness decays slowly1118

(r ≈ 1), screening stays effective (p3 ≈1119

p2), and batching remains balanced at hop-1120

3 (ϕ3 ≈ 1), which is uncommon because1121

N3 ∝ b3 typically forces multiple calls and1122

raises ϕ3.1123

Rule-of-thumb test (closed-form check). Us-1124

ing ph≈p (flat retention) and ϕ1 = γ > 1, ϕ2 = 1,1125

ϕ3 = η > 1:1126

ROC1 ∝
r

γ
, ROC2 ∝ r2, ROC3 ∝

r3

η
.1127

Then k⋆ = 2 iff1128

r2 ≥ max

(
r

γ
,
r3

η

)
⇐⇒ r ≥ 1

γ
and r ≤ √

η.1129

With mild underfill γ ∈ [1.2, 1.5] and overflow1130

η∈ [1.3, 2.0], this condition holds for r ∈ [0.5, 1),1131

matching typical semantic decay, hence k⋆ = 2.1132

C LLM Prompts and Implementation 1133

Details 1134

To ensure reproducibility, we provide the exact 1135

prompt templates used in H-SEAM. We utilize 1136

GPT-4.1-mini (or equivalent) to guarantee deter- 1137

ministic output. The system employs a multi-stage 1138

prompt pipeline covering entity extraction, time- 1139

line construction, high-level pattern mining, and 1140

retrieval-augmented reasoning. 1141

C.1 Memory Construction Prompts 1142

1. Middle-Level Entity & Relationship Extrac- 1143

tion. This prompt extracts stable entities and 1144

their relationships while handling deduplication 1145

against existing memory. 1146

2. Middle-Level Timeline Extraction (Events, 1147

States, Contexts). This prompt extracts dy- 1148

namic episodes from dialogue slices, distinguish- 1149

ing between discrete events, ongoing states, and 1150

background contexts. 1151

C.2 Abstraction and Reasoning Prompts 1152

3. High-Level Pattern Mining (Cluster Synthe- 1153

sis). This prompt implements the LLM-Driven 1154

Conceptual Synthesis. It takes a cluster of related 1155

events/states and synthesizes high-level patterns, 1156

preferences, and behavior rules. 1157

4. Retrieval and Final Answer Generation. 1158

This prompt handles the final reasoning step, in- 1159

cluding relative time resolution, conflict handling, 1160

and seed node selection for graph expansion. 1161
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System Instruction: You are an expert in information extraction. Extract entities and relationships from the conversation
fragment below.

Existing Entities:
{{EXISTING_ENTITIES_LIST}}

Extraction Rules:
• Entities: Extract people, organizations, places, and personalized concepts.
• Constraint: Focus on BEING vs. DOING (e.g., extract "supportive person", ignore "is running").
• Action Logic:

- create_new: For completely new entities.
- update_existing: If a new entity matches an existing one (same ID), supplement its info.
- link_to_existing: If a new entity relates to an existing one.

• Relationships: Extract STABLE ties (e.g., "friends with", "works at") rather than temporary interactions.

Input Fragment: {{FRAGMENT_TEXT}}

Output Format (JSON):
{

"entities": [
{ "name": "Name", "content": "Static description", "action": "create_new" },
{ "name": "Name", "content": "Updated info", "action": "update_existing", "existing_entity_id":

"id_1" }
],
"relationships": [

{ "source": "A", "target": "B", "content": "Desc", "action": "create_new" }
]

}

Table 6: Prompt 1: Entity & Relationship Extraction

System Instruction: Extract timeline information (events, states, contexts) from the conversation fragment.

Completeness Requirement: Extract ALL timeline-relevant information explicitly mentioned, including casual actions
(purchases, plans).

Classification Guidelines:
• EVENT: Explicit actions or occurrences (e.g., "bought a figurine", "meetings").
• STATE: Persistent conditions or emotions (e.g., "loves art").
• CONTEXT: Background framing information.

Input Fragment: {{FRAGMENT_TEXT}}
Session Time: {{SESSION_TIME}}

Output Format (JSON):
{

"events": [
{

"content": "Description including time/location",
"participants": ["..."],
"conversation_time": "...",
"relative_time": "e.g., last Friday",
"action": "create_new"

}
],
"states": [ ... ],
"contexts": [ ... ]

}

Table 7: Prompt 2: Timeline Extraction
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System Instruction: Analyze the following clustered events, states, and contexts to identify high-level patterns.

Input Clusters:
• Events: {{EVENTS_TEXT}}
• States: {{STATES_TEXT}}
• Contexts: {{CONTEXTS_TEXT}}

Analysis Tasks:
1. Event Cluster Summary: Brief summary (1-2 sentences) of the larger activity.
2. Patterns: Recurring behaviors (e.g., "Researches before buying").
3. Preferences: Likes/Dislikes (e.g., "Prefers fruity desserts").
4. Behavior Rules: Decision-making logic (e.g., "Considers guests when hosting").

Output Format (JSON):
{

"event_cluster": {
"description": "User explored Ethiopian cuisine...",
"significance": "high"

},
"patterns": [ { "person": "...", "pattern_type": "...", "description": "..." } ],
"preferences": [ ... ],
"behavior_rules": [ ... ]

}

Table 8: Prompt 3: High-Level Abstraction

System Instruction: Based on the knowledge graph information below, provide a precise answer to the question.

Core Principles:
• Time Resolution: Compute absolute time using conversation_time + relative_time. Always prefer the most
recent information (latest timestamp or highest node ID).
• Relevance Verification: Ensure retrieved info refers to the exact concept (e.g., "pineapple" != "apple").
• Insufficient Info: If context is missing, output "Insufficient information" but still select 3-5 relevant seed node IDs for
expansion.

Question: {{QUERY}}
Knowledge Graph Context: {{CONTEXT}}

Output Format (JSON):
{

"reason": "Brief explanation of sources used",
"answer": "Precise, direct answer",
"seed_node_ids": ["node_id_1", "node_id_2", ...] // Select 3-5 most relevant IDs

}

Table 9: Prompt 4: Graph-Based Reasoning & Answer Generation
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