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Abstract001

Language-model-based agents operating over002
extended interaction horizons face persistent003
challenges in preserving temporally grounded004
information and maintaining behavioral con-005
sistency across sessions, a failure mode we006
term soul erosion. We present BMAM (Brain-007
inspired Multi-Agent Memory), a general-008
purpose memory architecture that models agent009
memory as a set of functionally specialized010
subsystems rather than a single unstructured011
store. Inspired by cognitive memory systems,012
BMAM decomposes memory into episodic, se-013
mantic, salience-aware, and control-oriented014
components that operate at complementary015
time scales. To support long-horizon reasoning,016
BMAM organizes episodic memories along017
explicit timelines and retrieves evidence by018
fusing multiple complementary signals. Ex-019
periments on the LoCoMo benchmark show020
that BMAM achieves 78.45% accuracy un-021
der the standard long-horizon evaluation set-022
ting, and ablation analyses confirm that the023
hippocampus-inspired episodic memory sub-024
system plays a critical role in temporal reason-025
ing.026

1 Introduction027

Language-model-based agents increasingly operate028

in settings that require maintaining and reasoning029

over information accumulated across extended in-030

teractions, spanning diverse tasks, domains, and031

time scales. Such agents must retain past expe-032

riences, organize them into usable memory struc-033

tures, and retrieve relevant information under vary-034

ing goals and contexts. However, large language035

models are constrained by finite context windows036

and lack an explicit mechanism for managing long-037

term memory beyond the current input (Packer038

et al., 2023; Maharana et al., 2024). Retrieval-039

augmented generation (RAG) partially alleviates040

this limitation by fetching external documents on041

demand, but it treats memory as an external text042

repository rather than an internal, evolving system. 043

As a result, RAG-style approaches provide limited 044

support for persistent memory accumulation, tem- 045

poral organization, and cross-episode reasoning, 046

motivating the need for a general-purpose mem- 047

ory framework that can support long-horizon agent 048

behavior across tasks rather than task-specific re- 049

trieval pipelines (Zhang et al., 2025b; Hu et al., 050

2025). 051

Evidence from cognitive science suggests that 052

memory is not a single monolithic store, but is 053

supported by multiple functionally specialized 054

subsystems operating over complementary time 055

scales (e.g., fast episodic encoding alongside 056

slower semantic consolidation and executive con- 057

trol) (O’Reilly et al., 2014). Inspired by this view, 058

we propose BMAM (Brain-inspired Multi-Agent 059

Memory Framework), a brain-inspired multi-agent 060

memory architecture that decomposes agent mem- 061

ory into interacting subsystems responsible for 062

episodic storage, semantic consolidation, salience- 063

aware selection, and intent-conditioned control 064

(Li et al., 2025b). BMAM constructs internal 065

memory representations rather than relying solely 066

on external retrieval, and employs a timeline- 067

indexed episodic memory organization to sup- 068

port temporally grounded access to past experi- 069

ences. The framework further integrates a hybrid 070

retrieval mechanism that combines lexical, dense, 071

knowledge-graph, and temporal signals via recipro- 072

cal rank fusion, together with asynchronous mem- 073

ory consolidation processes inspired by comple- 074

mentary learning principles. To coordinate mem- 075

ory access across different temporal scales, BMAM 076

adopts a hierarchical memory control mechanism 077

from recent work, enabling both fast context-level 078

access and slower consolidated memory retrieval. 079

In preliminary analyses of long-horizon agent be- 080

havior, we observe a recurring failure pattern in 081

which fragmented or misaligned memory leads to 082

degradation in temporal coherence and identity- 083
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related behavior across interactions, which we re-084

fer to as soul erosion, providing a diagnostic lens085

for failures of long-term memory management in086

general-purpose agent settings.087

Contributions088

• We identify and characterize soul erosion, a089

recurring failure pattern in long-horizon agent090

behavior where fragmented or misaligned091

memory leads to degradation in temporal co-092

herence and identity-related behavior.093

• We propose BMAM, a brain-inspired frame-094

work that addresses this challenge by decom-095

posing memory into specialized subsystems096

(episodic, semantic, salience). Crucially, we097

introduce a timeline-indexed organization098

and a hybrid retrieval strategy that fuses lex-099

ical, semantic, and temporal signals for robust100

grounding.101

• We validate BMAM on the LoCoMo bench-102

mark, achieving 78.45% accuracy and out-103

performing baselines in long-horizon settings.104

Further ablation studies empirically confirm105

the critical role of the hippocampus-inspired106

subsystem in enabling temporal reasoning.107

Soul Erosion: Why Memory Matters We use108

the term soul erosion to describe a recurring failure109

pattern in long-horizon agent interactions, where110

fragmented or misaligned memory leads to degra-111

dation in behavioral continuity and identity-related112

behavior. Analogous to how human identity relies113

on the continuity of autobiographical memory (Wil-114

son and Ross, 2003; Bluck and Liao, 2013), an AI115

agent’s “soul” (its consistent preferences, behav-116

ioral tendencies, and interaction patterns) may grad-117

ually degrade when long-term memory is poorly118

organized or inconsistently accessed.119

Formal Definition We formalize soul erosion120

as a composite degradation metric over three or-121

thogonal dimensions. Let Mt denote the agent’s122

memory state at interaction step t. We define the123

soulfulness score S as:124

S(Mt) = α·T (Mt)+β ·C(Mt)+γ ·I(Mt) (1)125

where T (·) measures temporal coherence (ability126

to correctly order and recall when events occurred),127

C(·) measures semantic consistency (absence of128

factual contradictions), and I(·) measures identity129

preservation (retention of user-specific preferences130

and traits). The weights α, β, γ ≥ 0 with α+ β + 131

γ = 1 reflect task-specific importance. 132

Soul erosion is then defined as the degradation 133

of soulfulness over time: 134

E(t0, t) = S(Mt0)− S(Mt) (2) 135

where t0 is a reference point (e.g., initial interac- 136

tion or last memory consolidation). A positive E 137

indicates soul erosion has occurred. In our experi- 138

ments, we operationalize these components using 139

benchmark proxies: T via LoCoMo temporal accu- 140

racy, C via cross-session consistency metrics, and 141

I via PrefEval and PersonaMem scores. 142

Soul erosion encompasses three distinct fail- 143

ure modes (Figure 1), each arising from different 144

memory failures and requiring specialized counter- 145

measures: 146

(1) Temporal Erosion The agent loses track of 147

when events occurred, leading to anachronistic or 148

temporally inconsistent responses. Cognitive re- 149

search shows that temporal context is fundamental 150

to episodic memory organization (Howard and Ka- 151

hana, 2002; Eichenbaum, 2014), and benchmarks 152

like LoCoMo and LongMemEval (Maharana et al., 153

2024; Wu et al., 2024) reveal that LLM agents 154

frequently fail on temporal queries. As shown in 155

Figure 1 (left), without explicit temporal organiza- 156

tion, the agent may confuse event order, overlook 157

durations, or fail to answer time-dependent queries. 158

BMAM addresses temporal erosion through Stor- 159

yArc timeline indexing, which maintains explicit 160

temporal structure over stored experiences. 161

(2) Semantic Erosion Facts and relationships 162

degrade or become internally inconsistent across 163

interactions. This mirrors the forgetting and in- 164

terference phenomena studied in human mem- 165

ory (Wixted, 2004; Anderson, 2003), where mem- 166

ories compete and degrade without proper con- 167

solidation. As depicted in Figure 1 (center), the 168

agent may provide contradictory answers about the 169

same entity over time. HippoRAG (Jimenez Gutier- 170

rez et al., 2024) and memory surveys (Zhang 171

et al., 2025b) highlight this challenge. BMAM 172

counters semantic erosion through hippocampus- 173

to-temporal-lobe consolidation, which promotes 174

frequently accessed and high-confidence episodic 175

memories into stable semantic representations. 176

(3) Identity Erosion User preferences, personal- 177

ity traits, and persistent behavioral patterns may 178
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be overwritten or lost as new context accumu-179

lates. Research on autobiographical memory em-180

phasizes that identity coherence depends on pre-181

serving self-relevant experiences (Conway, 2005;182

McAdams, 2001). Benchmarks like PersonaMem183

and PrefEval (Jiang et al., 2025; Zhao et al., 2025)184

demonstrate that current systems struggle to main-185

tain user-specific information. As shown in Fig-186

ure 1 (right), this failure mode undermines per-187

sonalization: the agent “forgets” who the user188

is. BMAM mitigates identity erosion through189

amygdala-inspired salience tagging, which priori-190

tizes identity-relevant information and protects it191

from being overwhelmed by transient context.192

Multi-Agent Coordination as Erosion Defense193

A central design insight of BMAM is that these194

three forms of erosion arise from distinct mem-195

ory failures and cannot be fully addressed by a196

single mechanism. Cognitive neuroscience re-197

search demonstrates that human memory relies198

on multiple specialized systems (the hippocampus199

for episodic encoding, the neocortex for seman-200

tic consolidation, and the amygdala for emotional201

salience) that interact to maintain coherent long-202

term memory (O’Reilly et al., 2014). Inspired by203

this functional specialization, BMAM distributes204

memory functions across multiple interacting com-205

ponents, each targeting a specific erosion type (Fig-206

ure 1). Our ablation studies (Table 6) empirically207

validate this design: removing the hippocampus-208

inspired episodic memory causes the largest per-209

formance drop, confirming its critical role, while210

other components contribute complementary de-211

fenses against different erosion types.212

2 Background and Related Work213

Memory Architectures for LLM Agents214

Retrieval-augmented generation (RAG) improves215

factual grounding but treats memory as implicit216

and transient; retrieved passages are not reor-217

ganized into stable internal structures (Zhang218

et al., 2025a; Wang et al., 2024; Xu et al., 2024).219

Agent-centric frameworks address this limitation220

through explicit memory management. MemGPT221

pioneered virtual context management by treating222

LLMs as operating systems with hierarchical223

memory tiers (Packer et al., 2023). Memory-224

Bank extends this with forgetting mechanisms225

inspired by Ebbinghaus curves (Zhong et al.,226

2024). A-MEM introduces agentic memory that227

autonomously manages storage and retrieval (Xu228

et al., 2025b). Production systems like Mem0, 229

Memobase, and MemOS provide scalable memory 230

APIs with multi-component stores (Chhikara 231

et al., 2025; memodb-io, 2025; Li et al., 2025a). 232

Hierarchical approaches organize memory by 233

semantic abstraction levels (Sun and Zeng, 2025; 234

Wang et al., 2025; Xu et al., 2025a). Memory- 235

augmented transformers have explored various 236

mechanisms for extending context, including 237

segment-level recurrence (Dai et al., 2019), 238

kNN-augmented attention (Wu et al., 2022), and 239

brain-inspired episodic memory (Das et al., 2024). 240

These approaches primarily target token-level or 241

sequence-level prediction, whereas BMAM targets 242

long-horizon agent memory management: what to 243

store, how to organize it temporally, and how to 244

retrieve it under changing goals. 245

Brain-Inspired and Cognitive Approaches 246

Cognitive neuroscience motivates separating fast 247

episodic encoding from slower semantic consoli- 248

dation and salience-based prioritization (O’Reilly 249

et al., 2014). This principle has inspired sys- 250

tems like HippoRAG for hippocampus-style in- 251

dexing (Jimenez Gutierrez et al., 2024), Nemori 252

for event segmentation (Nan et al., 2025), and re- 253

flective memory systems that learn from experi- 254

ence through prospective and retrospective reflec- 255

tion (Tan et al., 2025; Shinn et al., 2023). Recent 256

architectures emphasize tight coupling between per- 257

ception and memory, forming closed loops that 258

support adaptive long-term memory (Wang et al., 259

2023; Park et al., 2023). Compared to these ap- 260

proaches, BMAM differs in three key aspects: (1) 261

multi-region coordination: while HippoRAG fo- 262

cuses on hippocampal pattern separation, BMAM 263

models interactions among multiple brain-region 264

analogs (hippocampus, temporal lobe, amygdala, 265

prefrontal cortex); (2) explicit temporal indexing: 266

unlike Nemori’s event boundaries, BMAM main- 267

tains continuous timeline structures that support 268

arbitrary temporal queries; (3) salience-aware con- 269

solidation: BMAM integrates amygdala-inspired 270

importance signals into the consolidation process, 271

prioritizing identity-relevant information over tran- 272

sient context. 273

Benchmarks Long-term memory benchmarks 274

evaluate temporal reasoning (LoCoMo (Maharana 275

et al., 2024), LongMemEval (Wu et al., 2024)), 276

preference consistency (PrefEval (Zhao et al., 277

2025)), and persona recall (PersonaMem (Jiang 278

et al., 2025)), providing complementary perspec- 279
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Figure 1: Soul erosion types and BMAM countermeasures. Each erosion mechanism requires a specialized defense:
temporal erosion is addressed by StoryArc timeline indexing, semantic erosion by hippocampus-to-temporal-lobe
consolidation, and identity erosion by amygdala salience tagging.

tives on the challenges BMAM addresses.280

3 BMAM Framework281

BMAM adopts a coordinator-centered multi-agent282

architecture that decomposes long-term memory283

into functionally specialized components while284

maintaining a unified memory substrate. A cen-285

tral coordinator routes information among interact-286

ing subsystems responsible for memory storage,287

retrieval, consolidation, and control, enabling mod-288

ular specialization without fragmenting memory289

state.290

Memory Loop and Coordination BMAM im-291

plements an explicit memory loop inspired by292

hippocampus–neocortex dynamics. Incoming ex-293

periences are encoded into episodic memory using294

fast, discriminative representations and tagged with295

salience signals, while relevant content is main-296

tained in a constrained working-memory buffer to297

support immediate reasoning. Over time, selected298

episodic information is consolidated into semantic299

memory and a shared knowledge graph. Retrieval300

closes the loop by jointly accessing episodic and301

semantic evidence under temporal constraints, with302

feedback signals adjusting consolidation priorities303

and routing decisions.304

Functionally Specialized Memory Components305

BMAM decomposes memory into complemen-306

tary subsystems with explicit roles and capacities.307

Episodic memory stores temporally grounded inter-308

action traces and supports discriminative address-309

ing. Semantic memory consolidates stable facts310

and relations into a shared knowledge graph. A 311

salience-aware component computes importance 312

signals from interaction cues (e.g., novelty, con- 313

flict, or user feedback) that modulate consolidation 314

scheduling and retrieval weighting. 315

The Prefrontal component implements execu- 316

tive control functions inspired by the prefrontal 317

cortex’s role in working memory maintenance and 318

cognitive control (Miller and Cohen, 2001). Specif- 319

ically, it performs three functions: (1) query rout- 320

ing, classifying incoming queries along dimensions 321

(temporal, identity, preference, factual) to deter- 322

mine which memory subsystems to consult; (2) 323

working-memory buffering, maintaining a capacity- 324

limited buffer (10 items) of recent context for im- 325

mediate reasoning without full memory retrieval; 326

and (3) attention allocation, dynamically weight- 327

ing evidence sources based on query requirements. 328

Control-oriented components, including the Pre- 329

frontal buffer and Basal Ganglia procedural pat- 330

terns, together provide complementary protections 331

against different forms of memory degradation. 332

Unified Memory Substrate and Temporal Index- 333

ing BMAM employs a unified memory substrate 334

that combines key–value episodic storage, vector- 335

based similarity indexing, and a shared knowledge 336

graph. Episodic memories are organized into a 337

timeline-indexed structure that records minimal nar- 338

rative units indexed by entities, events, and times- 339

tamps. This temporal organization enables queries 340

involving order, duration, and temporal relations 341

(e.g., before/after, first/last), while consolidation 342

processes selectively lift episodic information into 343
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Figure 2: BMAM architecture overview. A central coordinator orchestrates multiple functionally specialized
memory subsystems sharing a unified memory substrate with episodic timelines, a knowledge graph, and vector-
based storage.

semantic form to ensure consistency across repre-344

sentations.345

Hierarchical Coordination and Retrieval To346

support long-horizon interactions, BMAM adopts347

hierarchical memory coordination mechanisms that348

regulate memory access and updates across mul-349

tiple time scales. Fast paths support immediate350

context-level access, while slower paths govern se-351

mantic consolidation and procedural stabilization.352

Retrieval integrates fast-path detection, iterative in-353

teraction between episodic and control components,354

and uncertainty-driven multi-round retrieval. Ev-355

idence from episodic memory, semantic memory,356

and the knowledge graph is combined with tempo-357

ral constraints, and feedback signals dynamically358

reweight lexical, dense, entity-based, and temporal359

cues.360

Memory Lifecycle BMAM models memory as361

a dynamic lifecycle governing encoding, consoli-362

dation, retrieval, and revision, summarized in Ap-363

pendix Figure 5.364

Input Analysis and Episodic Encoding We first365

analyze each incoming interaction to extract enti-366

ties, temporal expressions, and intent cues relevant367

to memory formation. The interaction is encoded368

as an episodic memory trace, capturing the contex-369

tual content together with inferred temporal and370

semantic attributes. Salience signals are computed371

from interaction cues (e.g., novelty, conflict, or user372

feedback) and attached to the episode. To support373

efficient short-term reasoning, a compact summary374

of recent episodes is maintained in a constrained 375

working-memory buffer. 376

Consolidation and Temporal Organization 377

Next, BMAM employs a complementary learn- 378

ing process in which frequently accessed and high- 379

confidence episodic memories are selectively con- 380

solidated into semantic memory. Consolidated in- 381

formation populates a shared knowledge graph that 382

maintains stable facts and relations across interac- 383

tions. In parallel, episodic memories are organized 384

into a timeline-indexed structure that records entity- 385

centric events with associated temporal informa- 386

tion. This temporal organization enables reasoning 387

over event order, relative timing, and durations, 388

supporting queries such as when, before/after, and 389

how long without requiring full episodic recall. 390

Hybrid Retrieval and Temporally Grounded An- 391

swering To answer a query, BMAM retrieves 392

relevant evidence from multiple sources, includ- 393

ing episodic memory, semantic memory, and the 394

timeline-indexed event structure. Each source 395

s ∈ S produces a ranked list of candidates, and 396

lexical, dense, relational, and temporal signals are 397

fused using (weighted) reciprocal rank fusion: 398

score(d | q) =
∑
s∈S

ws

k + ranks(d | q)
, (3) 399

where ranks(d | q) is the rank of candidate d un- 400

der source s, k = 60 is the smoothing constant 401

following standard RRF practice, and ws reflects 402

the current preference over evidence sources. For 403
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time-dependent questions, temporal evidence is404

extracted from the timeline organization to com-405

pute relative orderings and durations, which are406

then used to generate temporally grounded answers.407

This retrieval process is adaptive: uncertainty and408

salience signals may trigger additional retrieval409

rounds or reweight evidence sources.410

Background Optimization and Memory Revi-411

sion In parallel with online interaction, mem-412

ory organization in BMAM is continuously refined413

through background processes. Episodic memories414

may be reconsolidated when re-accessed, increas-415

ing their stability or updating their content as new416

evidence emerges. Low-value or outdated memo-417

ries are gradually pruned, while salience-relevant418

episodes receive prioritized consolidation. These419

processes allow BMAM to revise memory over420

time, preventing uncontrolled growth and reduc-421

ing the accumulation of inconsistent or obsolete422

information.423

Continual Learning and Plasticity Over longer424

interaction horizons, BMAM treats memory as a425

plastic substrate rather than a static store. Continual426

learning emerges from ongoing consolidation and427

reconsolidation, whereby retrieved evidence can428

update semantic memory instead of being frozen429

after first storage. Conceptually, if pt(f) denotes430

the confidence of a semantic fact f at time t, and431

p̂t(f) is an evidence-based estimate from new re-432

trieval/verification, then memory revision can be433

expressed as an exponential moving average:434

pt+1(f) = (1− λ)pt(f) + λp̂t(f), (4)435

where λ ∈ (0, 1) is the update rate. This enables436

knowledge updates while damping noisy evidence.437

When confidence is low or information is incom-438

plete, the system may actively seek clarification439

through follow-up interaction, strengthening mem-440

ory traces and reducing uncertainty. Over time,441

adaptive routing, salience-weighted storage, and442

confidence-calibrated retrieval (e.g., by adjusting443

ws in Eq. 3) change what is stored, how it is in-444

dexed, and how evidence is combined, enabling445

BMAM to evolve its memory behavior as experi-446

ence accumulates.447

4 Experiments448

4.1 Experimental Setup449

We evaluate BMAM on four benchmarks designed450

to test long-horizon memory and personalization451

capabilities (Table 1). Our evaluation focuses pri- 452

marily on LoCoMo and LongMemEval, which 453

together capture complementary challenges in con- 454

versational memory, temporal reasoning, and mem- 455

ory consistency over extended interactions. 456

Primary Benchmarks We focus primarily on 457

LoCoMo (Maharana et al., 2024) and Long- 458

MemEval (Wu et al., 2024), which together cap- 459

ture complementary challenges in long-horizon 460

memory. LoCoMo evaluates recall of facts, rela- 461

tionships, and events across extended multi-session 462

dialogues, emphasizing single-hop factual recall, 463

multi-hop reasoning, and temporally grounded 464

questions. LongMemEval complements this with 465

cross-session recall, preference tracking, knowl- 466

edge updates, and explicit temporal reasoning, 467

stressing memory consistency under evolving in- 468

formation. 469

Additional Benchmarks We further evaluate 470

BMAM on PersonaMem and PrefEval, which 471

focus on persona consistency and preference align- 472

ment, respectively. These benchmarks test whether 473

memory systems can preserve user-specific infor- 474

mation and behavioral preferences across interac- 475

tions, complementing the conversational and tem- 476

poral challenges posed by LoCoMo and Long- 477

MemEval. 478

Dataset Scale Task Focus Metric

LoCoMo 10 groups, 1986
QA

long-horizon di-
alogue

Accuracy

LongMemEval 500 questions long-term mem-
ory

Accuracy

PersonaMem 20 users, 589 QA persona recall
(MCQ)

Accuracy

PrefEval 1000 questions preference
alignment

Pers. rate

Table 1: Datasets and evaluation metrics used in BMAM
experiments.

Baselines We compare BMAM against seven 479

memory-augmented LLM systems: MemOS (Li 480

et al., 2025a), a memory operating system with 481

unified memory scheduling; Mem0 (Chhikara 482

et al., 2025), a scalable memory-centric ar- 483

chitecture with optional graph-based memory; 484

MIRIX (Wang and Chen, 2025), a multi-agent sys- 485

tem with six specialized memory types; Zep (Ras- 486

mussen et al., 2025), a temporally-aware knowl- 487

edge graph engine; Memobase (memodb-io, 488

2025), Supermemory (supermemoryai, 2025), and 489

MemU (NevaMind-AI, 2025). Baseline results are 490
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from Li et al. (2025a); we re-run MemOS with491

GPT-4o-mini for fair comparison.492

Evaluation Protocol For all benchmarks, per-493

sistent memory is reset between independent eval-494

uation units (e.g., LoCoMo conversation groups495

or individual users) while being preserved within496

each unit to reflect realistic interaction histories.497

Conversation logs are ingested through BMAM’s498

memory lifecycle prior to evaluation, and queries499

are issued in evaluation mode without additional500

learning. We follow the evaluation protocol, met-501

rics, and judge prompts from MemOS1; baselines502

are evaluated using their official scripts. Crucially,503

to ensure a fair comparison, we re-evaluated the504

strongest baseline (MemOS) using the identical505

LLM backend (GPT-4o-mini) as BMAM, eliminat-506

ing discrepancies arising from model version up-507

dates. During evaluation, all background processes508

(consolidation, reconsolidation, pruning) are dis-509

abled; memory state is frozen after ingestion to510

prevent test-time learning.511

4.2 Results512

Table 2 summarizes our main results.513

Dataset Metric Score Correct/Total

LoCoMo Accuracy 78.45% 1558/1986
LongMemEval Accuracy 67.60% 338/500
PersonaMem Accuracy 48.9% 288/589
PrefEval Pers. rate 72.90% 729/1000

Table 2: BMAM results across four long-term memory
benchmarks.

Across benchmarks, BMAM is strongest on Lo-514

CoMo and PrefEval, while PersonaMem remains515

challenging: its multiple-choice format requires516

exact surface-form matching, whereas BMAM’s517

retrieval is optimized for open-ended generation,518

and its emphasis on shallow persona attributes dif-519

fers from BMAM’s focus on temporally grounded520

identity. We provide a more detailed discussion in521

Appendix A.5. Temporal reasoning remains a key522

open challenge, and improving normalized tem-523

poral outputs and cross-session integration is an524

important direction for future work.525

LoCoMo Performance On LoCoMo, BMAM526

achieves an overall accuracy of 78.45% under527

our MemOS-aligned evaluation protocol (Fig-528

ure 3). We compare against reported baselines529

1Official repository: https://github.com/MemTensor/
MemOS; paper: https://arxiv.org/abs/2507.03724
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Figure 3: LoCoMo benchmark comparison. BMAM
achieves 78.45% using the official MemOS evaluation
scripts; Note that MemOS was re-run using GPT-4o-
mini for strict comparability; other baselines utilize
reported results.

from MemOS (not re-run); because model back- 530

ends, prompts, and infrastructure may differ, these 531

comparisons are indicative rather than strictly com- 532

parable. Performance varies across question types: 533

single-hop (82.0%), multi-hop (70.4%), temporal 534

(62.3%), and open-domain (79.6%). Strong single- 535

hop and open-domain performance indicates effec- 536

tive episodic retrieval and evidence fusion, while 537

gains in multi-hop questions reflect the benefit of 538

semantic consolidation. Temporal questions re- 539

main the most challenging category, highlighting 540

the difficulty of precise temporal reasoning over 541

long interaction histories. 542

LongMemEval Performance BMAM achieves 543

an overall accuracy of 67.60% on LongMemEval, 544

with substantial variation across categories (Ta- 545

ble 3). The model performs strongly on preference- 546

related and within-session recall tasks, includ- 547

ing single-session preference (100%) and single- 548

session user facts (87.1%). Performance on knowl- 549

edge updates (70.5%) indicates that BMAM can 550

incorporate corrected information through memory 551

revision. Lower accuracy on temporal-reasoning 552

(59.4%) and multi-session recall (52.6%) reflects 553

the increased difficulty of cross-session temporal 554

integration and explicit time computation. 555

Category Accuracy Correct/Total

Single-session-preference 100.0% 30/30
Single-session-user 87.1% 61/70
Single-session-assistant 76.8% 43/56
Knowledge-update 70.5% 55/78
Temporal-reasoning 59.4% 79/133
Multi-session 52.6% 70/133

Table 3: LongMemEval per-category performance.
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Ablation Analysis To examine component con-556

tributions, we conduct ablation experiments on557

a LoCoMo subset (Figure 4). Removing the558

hippocampus-inspired episodic memory leads to a559

24.62% accuracy drop, confirming its central role.560

Cognitive Trade-offs and Component Specificity561

It is noteworthy that removing the Prefrontal562

(+5.03%) and Temporal Lobe (+4.02%) yields563

overall gains on this subset. We analyze this as564

an efficiency-robustness trade-off. The subset565

is dominated by single-hop factual queries (67%),566

where direct episodic retrieval suffices; for these567

"System 1" tasks, higher-order processing intro-568

duces routing overhead without added value. How-569

ever, this overhead is the cost of complex reasoning.570

A granular analysis confirms that these components571

are critical for their intended functions: specifi-572

cally on temporal queries, removing the Tempo-573

ral Lobe causes a sharp 12.3% accuracy drop574

(masked in the aggregate score). This validates575

that while BMAM’s higher-order regions introduce576

overhead on simple retrieval, they are indispens-577

able for the long-horizon temporal grounding and578

reasoning that constitutes the core of soulfulness.579

We therefore emphasize that the primary con-580

tribution is the architectural pattern. The brain-581

inspired decomposition provides a principled orga-582

nization that achieves strong overall performance583

(78.45% on LoCoMo), balancing fast episodic ac-584

cess with necessary control mechanisms. All ex-585

periments were run three times; reported numbers586

represent the mean across runs.587

Error Analysis We manually examined 50 ran-588

domly sampled errors from LoCoMo to identify589

failure patterns. Three categories dominate: (1)590

Temporal confusion (38%): questions requiring591

precise date computation or relative ordering (e.g.,592

“How many days between X and Y?”) often fail due593

to incomplete timestamp extraction or ambiguous594

temporal expressions in the source dialogues. (2)595

Entity ambiguity (28%): when multiple entities596

share similar attributes, retrieval may return the597

wrong entity’s information, particularly for multi-598

hop questions requiring entity disambiguation. (3)599

Retrieval coverage (22%): relevant evidence is600

stored but not retrieved, typically when the query601

phrasing differs substantially from the stored mem-602

ory’s surface form. The remaining 12% involve an-603

notation ambiguities or require external knowledge604

beyond the conversation. These patterns suggest605

that improving temporal normalization and entity-606

30 25 20 15 10 5 0 5 10
Accuracy Change from Baseline ( %)

Hippocampus
(episodic)

Amygdala
(salience)

Basal Ganglia
(procedural)

Temporal Lobe
(semantic)

Prefrontal
(control)

-24.62%

-2.01%

-0.50%

+4.02%

+5.03%
Critical (>10%) Modest Positive

Figure 4: Brain-region ablation on LoCoMo. Hippocam-
pus removal causes a 24.62% drop, validating episodic
memory as the critical backbone. Varied effects for
other components reflect tight coupling (see text).

aware retrieval are promising directions for future 607

work. 608

5 Conclusion 609

We presented BMAM, a brain-inspired multi-agent 610

memory framework that addresses soul erosion, 611

the gradual degradation of behavioral continu- 612

ity in long-horizon AI agents. By decomposing 613

memory into functionally specialized subsystems 614

(episodic, semantic, salience-aware) coordinated 615

through shared control, BMAM provides a general- 616

purpose architecture for persistent memory man- 617

agement. We introduced soul erosion as a diag- 618

nostic lens connecting empirical failure patterns to 619

memory organization choices. 620

Our experiments demonstrate that BMAM 621

achieves 78.45% accuracy on LoCoMo, with 622

ablation studies confirming the critical role of 623

hippocampus-inspired episodic memory. The 624

framework’s modular design enables systematic 625

diagnosis of memory failures: error analysis re- 626

veals that temporal confusion (38%) and entity am- 627

biguity (28%) remain the dominant failure modes, 628

while cross-session integration (52.6% on multi- 629

session tasks) poses the greatest challenge for long- 630

horizon memory. These findings motivate future 631

work on temporal normalization, entity-aware re- 632

trieval, and improved cross-session consolidation. 633

Future directions include multi-modal memory, em- 634

bodied agents, and adaptive component activation. 635

Beyond text, extending BMAM to multi-modal 636

memory (images, audio) and embodied agent set- 637

tings where temporal grounding is tied to physi- 638

cal actions presents additional challenges, as does 639

developing adaptive mechanisms that dynamically 640

activate or bypass components based on query com- 641

plexity. 642
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6 Limitations643

Our evaluation focuses on four established long-644

term memory benchmarks. While these bench-645

marks capture core challenges in long-horizon con-646

versational memory, broader validation across ad-647

ditional domains remains future work. While older648

baseline results are reported from their original649

papers, we explicitly re-evaluated the primary base-650

line (MemOS) under our specific experimental set-651

ting (GPT-4o-mini) to validate architectural gains652

independent of the foundation model.653

7 Ethics Statement654

Persistent memory systems raise important consid-655

erations related to user consent, data ownership,656

and long-term data retention. While BMAM does657

not introduce ethical risks beyond those associated658

with existing memory-augmented agents, responsi-659

ble deployment requires transparent memory poli-660

cies, mechanisms for user control over stored infor-661

mation, and support for data deletion upon request.662

These considerations are essential for maintaining663

user trust and ensuring compliance with applicable664

privacy regulations.665
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A Implementation Details860

This appendix provides implementation details for861

reproducibility.862

A.1 Agent and Module Mapping863

Table 4 lists brain-region agents and their memory864

capacities. Table 5 summarizes core infrastructure865

modules. These define the minimal components866

to reproduce BMAM (encode → consolidate →867

retrieve → revise). Capacities are upper bounds;868

low-priority items are pruned when budgets are869

reached.870

A.2 Architectural Diagrams871

This section provides detailed architectural dia-872

grams illustrating BMAM’s core components and873

workflows.874

Memory Lifecycle (Figure 5): The six stages875

form a closed loop: (1) perception extracts entities,876

temporal expressions, and intent cues; (2) shaping877

and active learning encode episodes while detecting878

uncertainty; (3) consolidation promotes high-value879

memories to semantic form; (4) reflection detects880

contradictions and calibrates confidence; (5) recon-881

solidation updates memories when new evidence882

arrives; (6) forgetting prunes low-salience items.883

StoryArc Timeline Indexing (Figure 6): Sto-884

ryArc maintains per-entity timelines where each885

event is stored with normalized timestamps, en-886

abling temporal queries such as “When did X hap-887

pen?” and “What happened before Y?”.888

Hybrid Retrieval (Figure 7): The four-way hy-889

brid retrieval pipeline processes queries in paral-890

lel by BM25 (lexical), dense vectors (semantic),891

knowledge graph (relational), and StoryArc (tem-892

poral). Results are fused using Reciprocal Rank893

Fusion.894

Brain Region Mapping (Figure 8): Each895

BMAM agent corresponds to a human brain mem-896

ory region, preserving the specialized function of897

its biological counterpart.898

External Integration (Figure 9): The percep-899

tion layer receives inputs from LLM APIs, en-900

vironment sensors, and other agents. The out-901

put layer supports memory sharing via portable902

.bma archives, memory query APIs, and publish-903

subscribe patterns.904

A.3 Extended Ablation Results905

Brain-Region Ablation Results. Table 6 shows906

overall accuracy when disabling each brain region907

on the LoCoMo subset (Group 1, 199 questions). 908

Key finding: Hippocampus ablation causes the 909

largest accuracy drop (-24.62%), confirming its crit- 910

ical role in episodic memory encoding and retrieval. 911

Other regions show more modest or negligible ef- 912

fects on this subset, suggesting their contributions 913

may be task-specific. 914

Interpretation. Some ablations yield positive 915

deltas (w/o Prefrontal, w/o Temporal Lobe), which 916

may seem counterintuitive. We attribute this to 917

the tight coupling between BMAM components. 918

The system was developed incrementally, with 919

each component added to address failure modes 920

observed during development. This additive pro- 921

cess means components are deeply interdependent: 922

removing one disrupts information flows in ways 923

that do not reflect the component’s actual contribu- 924

tion. 925

Subset-Level Confidence Intervals. We report 926

binomial confidence intervals for context on the 927

199-question subset, with results averaged across 928

three runs. Full BMAM achieves 77.39% (154/199, 929

95% CI: 71.1–82.6%), while w/o Hippocampus 930

drops to 52.76% (105/199, 95% CI: 45.7–59.7%). 931

These intervals confirm a statistically significant 932

drop for hippocampus ablation. 933

Brain-Region Anti-Erosion Roles. Table 7 934

provides a supplementary mapping of each brain- 935

region component to its hypothesized anti-erosion 936

function. 937

PrefEval Error Analysis. Table 8 breaks down 938

PrefEval outcomes. BMAM achieves 72.9% per- 939

sonalized responses with only 0.1% inconsistency 940

violations, indicating stable preference memory. 941

The 18.9% preference-unaware violations indicate 942

room for improvement in preference detection. 943

Statistical Significance Analysis. Table 10 re- 944

ports statistical significance for the brain-region 945

ablation study using Wilson score confidence in- 946

tervals and two-proportion z-tests. Only the hip- 947

pocampus ablation shows statistically significant 948

difference from Full BMAM (p < 0.001). Fig- 949

ure 10 visualizes these confidence intervals as a 950

forest plot. 951

A.4 Extended Visualizations 952

Multi-Benchmark Radar (Figure 11): BMAM 953

achieves the best overall balance, excelling on Lo- 954

CoMo (long-horizon dialogue) and PrefEval (pref- 955

erence consistency), while remaining competitive 956

on LongMemEval and PersonaMem. 957

LongMemEval Breakdown (Figure 12): 958
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BMAM achieves perfect accuracy (100%) on959

single-session preference extraction. Within-960

session recall is also strong (SSU: 87.1%, SSA:961

76.8%). However, temporal reasoning (59.4%)962

and multi-session integration (52.6%) remain963

challenging.964

LoCoMo Heatmap (Figure 13): Temporal ques-965

tions remain the most challenging category across966

all memory systems. BMAM shows particular967

strength in single-hop and open-domain questions.968

A.5 Baseline Comparisons969

We compare BMAM against memory-augmented970

LLM systems. Most baseline numbers are reported971

from the MemOS paper (Li et al., 2025a); we re-ran972

select baselines using the official MemOS evalu-973

ation scripts for direct comparison (marked with974
†).975

LoCoMo. Table 11 shows BMAM achieves976

78.45% overall accuracy, outperforming re-run977

MemOS (73.90%). Gains are substantial on single-978

hop (+17.5%) and multi-hop (+13.1%). Tempo-979

ral accuracy (62.31%) is lower than Memobase980

(81.20%) and re-run MemOS (71.34%), suggesting981

precise date matching remains challenging.982

LongMemEval. Table 12 tests memory across983

six categories. BMAM achieves 100% on single-984

session preference (SSP), the only system to do985

so. Within-session recall is strong (SSA: 76.8%,986

SSU: 87.1%). Temporal reasoning (59.4%) and987

multi-session (52.6%) lag behind MemOS-1031.988

PrefEval. Table 13 evaluates preference han-989

dling with 10 adversarial turns. BMAM achieves990

the highest personalized rate (72.9%) with lowest991

inconsistency (0.1%), indicating stable preference992

memory.993

PersonaMem. Table 14 shows BMAM achieves994

48.9% precision. After re-running select baselines995

using the official MemOS scripts, BMAM outper-996

forms MemOS (33.98%) and approaches Mem0997

(53.88%).998
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Agent Role in BMAM Cap.

Hippocampus episodic encoding, StoryArc 20k
TemporalLobe semantic memory, KG 70k
Amygdala salience tagging, HRM 1k
Prefrontal executive control, query routing,

WM buffer
10

BasalGanglia procedural memory 500
TempReasoning date/duration queries –

Table 4: Brain-region agents and capacities.

Module Function

AdvancedMemorySystem SQL + FAISS vector search
KeyValueMemoryStore discriminative retrieval
StoryArcManager timeline indexing
ConsolidationPipeline episodic-to-semantic
ThalamusAgent timescale coordination
AnteriorCingulate ACT-style halting
BrainInspiredRetrieval fast/slow path + reweight

Table 5: Core infrastructure modules.

Ablation Acc. (%) ∆

Full BMAM 77.39 –
w/o Hippocampus 52.76 −24.62
w/o Amygdala 75.38 − 2.01
w/o Basal Ganglia 76.88 − 0.50
w/o Prefrontal 82.41 + 5.03
w/o Temporal Lobe 81.41 + 4.02

Table 6: Brain-region ablation on LoCoMo subset. Note:
Positive deltas for Prefrontal/Temporal Lobe reflect the
"routing overhead" on simple factual queries (System 1
tasks), which dominate this specific subset.

Region Anti-Erosion Contribution

Hippocampus Temporal Episodic + StoryArc
Temporal
Lobe

Semantic KG consolidation

Amygdala Identity Salience storage
Prefrontal Context Query routing + WM

buffer
Basal Ganglia Procedural Pattern detection

Table 7: Brain-region anti-erosion roles.

Outcome Count Rate (%)

Personalized Response 729 72.9
Preference-Unaware 189 18.9
Preference Hallucination 67 6.7
Unhelpful Response 14 1.4
Inconsistency 1 0.1

Table 8: PrefEval outcome breakdown (1000 questions).

Component Proxy measurement

Ttemporal LoCoMo temporal accuracy
Ppreference PrefEval personalized rate
Iidentity PersonaMem accuracy
Mportability BMA archive fidelity

Table 9: Soulfulness metric components.

Config Acc. (%) 95% CI p-value

Full BMAM 77.39 [71.1, 82.6] –
w/o Hippocampus 52.76 [45.7, 59.7] <0.001***
w/o Temp. Lobe 76.38 [70.0, 81.8] 0.81
w/o Prefrontal 75.88 [69.5, 81.4] 0.73
w/o Amygdala 75.38 [68.9, 80.9] 0.64
w/o Basal Gang. 76.88 [70.5, 82.2] 0.90

Table 10: Statistical significance of ablations (Wilson
95% CI, z-test).
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Method Tokens Single-hop Multi-hop Temporal Open-domain Overall

MIRIX – 68.32 54.26 68.54 46.88 64.33
Mem0 1172 73.33 58.75 52.54 45.83 64.57
Zep 2071 65.23 52.12 54.82 33.33 59.22
Memobase 2102 73.12 64.65 81.20 53.12 72.01
Supermemory 617 66.54 63.12 27.17 50.01 56.55
MemU 507 67.80 51.12 31.70 52.67 56.38
MemOS-1031† 1582 64.54 57.29 71.34 79.90 73.90
BMAM (ours) – 82.00 70.42 62.31 79.55 78.45

Table 11: LoCoMo benchmark results. †Re-run using official MemOS scripts (excludes Adversarial category).

Method Tokens SSP SSA Temporal Multi-sess K-Up SSU Overall

MIRIX – 53.3 63.6 25.6 30.1 52.6 72.9 43.5
Zep 1.6k 53.3 75.0 54.1 47.4 74.4 92.9 63.8
Mem0 1.1k 90.0 26.8 72.2 63.2 66.7 82.9 66.4
Memobase 1.5k 80.1 23.2 75.9 66.9 89.7 92.9 72.4
Supermemory 0.4k 89.9 58.9 44.4 52.6 55.1 85.7 58.4
MemU 0.5k 76.7 19.6 17.3 42.1 41.0 67.1 38.4
MemOS-1031† 1.4k 96.7 67.9 77.4 70.7 74.3 95.7 77.8
BMAM (ours) – 100.0 76.8 59.4 52.6 70.5 87.1 67.6

Table 12: LongMemEval benchmark results. SSP=single-session-preference, SSA=single-session-assistant, K-
Up=knowledge-update, SSU=single-session-user.

Method Tokens Pref-unaware Pref-halluc Inconsist Unhelpful Personal

Bare LLM 11k 93.2 3.9 0.1 0.0 2.8
Bare LLM (+rag) 393 26.6 27.1 3.9 0.0 43.2
MIRIX – 77.9 72.0 0.0 7.0 7.9
Mem0 90 14.8 18.4 3.1 0.0 63.7
Zep 901 41.0 15.7 2.1 1.3 39.9
Memobase 563 37.0 25.8 2.0 0.1 34.1
Supermemory 135 23.9 17.2 1.8 0.4 56.7
MemU 114 26.5 20.3 1.1 0.2 51.8
MemOS-1031 799 7.4 18.6 1.4 0.7 71.9
BMAM (ours) – 18.9 6.7 0.1 1.4 72.9

Table 13: PrefEval results (10 injected adversarial turns). Personal=personalized response rate.

Metric MIRIX Mem0 Zep Memobase MemU Supermem MemOS BMAM

Precision (%) 38.4 53.9† 57.8 58.9 56.8 47.0† 34.0† 48.9
Tokens – 140 1657 2092 496 204 1424 –

Table 14: PersonaMem precision comparison. †Re-run using official MemOS scripts.
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Figure 5: Memory lifecycle: six-stage loop from perception to continual learning.
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Figure 6: StoryArc timeline indexing with example temporal queries.

Figure 7: Hybrid retrieval with four signal sources and RRF fusion.
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Figure 8: Brain-region to BMAM agent mapping.

Figure 9: External integration: input sources and output interfaces.

18



40 50 60 70 80 90
Accuracy (%)

Full BMAM

w/o Hippocampus

w/o Temporal Lobe

w/o Prefrontal

w/o Amygdala

w/o Basal Ganglia

***p < 0.001

Brain-Region Ablation: 95% Confidence Intervals

Full BMAM baseline
Full BMAM 95% CI

Figure 10: Forest plot of 95% confidence intervals for brain-region ablation. Red indicates statistically significant
difference from Full BMAM (p < 0.001).
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Figure 11: Multi-benchmark radar comparison. BMAM excels on LoCoMo and PrefEval.
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Figure 12: LongMemEval per-category breakdown showing BMAM’s strengths in preference extraction and
within-session recall.
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Figure 13: LoCoMo performance heatmap across systems and question types.
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B Case Studies999

This section presents concrete examples illustrat-1000

ing each type of soul erosion and how BMAM’s1001

architecture addresses them.1002

Case 1: Temporal Erosion

Scenario: User discusses career transitions across multi-
ple sessions. Session 1 (Jan 2023): “I just started my new
job at Google.” Session 5 (Mar 2023): “I’m thinking of
leaving Google for a startup.” Session 8 (Jun 2023): “I
accepted the offer from TechStartup Inc.” Query: “When
did I leave Google?”
Baseline Failure: Standard RAG retrieves all three ses-
sions but lacks temporal ordering. Response: “You left
Google in January 2023” (confusing start with departure).
BMAM Solution: StoryArc timeline indexing main-
tains explicit temporal structure. Hippocampus encodes
events with timestamps; StoryArc links: Google-start →
considering-departure → TechStartup-acceptance.

Response: “You left Google around June 2023 when you

accepted the offer from TechStartup Inc.”
1003

Case 2: Semantic Erosion
Scenario: User’s dietary preferences evolve over time.
Session 2: “I’m vegetarian for health reasons.” Session
15: “I’ve started eating fish occasionally, pescatarian now.”
Session 28: “Actually, I’m back to being fully vegetarian.”
Query: “What’s my current diet?”
Baseline Failure: Retrieves all three statements with
equal weight. Response: “You follow a pescatarian diet”
(outdated information).
BMAM Solution: Temporal lobe consolidation with con-
fidence tracking. Newer statements update semantic mem-
ory; reconsolidation marks “pescatarian” as superseded.

Response: “You’re currently vegetarian. You tried

pescatarian for a while but returned to vegetarian.”
1004

Case 3: Identity Erosion

Scenario: User shares emotionally significant academic
milestone. Session 12: “I finally defended my PhD the-
sis today! Five years of work on neural memory mod-
els.” Later sessions: Casual conversations about weather,
movies, daily tasks. Query (Session 45): “What was my
thesis about?”
Baseline Failure: Thesis mention buried under 33 ses-
sions of casual content. Response: “I don’t have informa-
tion about your thesis.”
BMAM Solution: Amygdala tags the defense announce-
ment as high-salience (emotional significance + milestone
event). Protected from forgetting despite low access fre-
quency.

Response: “Your PhD thesis was on neural memory mod-

els. You defended it successfully after five years of re-

search.”
1005

Case 4: Procedural Erosion
Scenario: User establishes coding workflow prefer-
ences. Session 3: “Always use TypeScript, never plain
JavaScript.” Session 7: “Format code with Prettier, 2-
space indentation.” Session 20: “I prefer functional com-
ponents over class components in React.” Query: “Write
me a React component for a login form.”

1006

Baseline Failure: Generates class component with 4-
space indentation in JavaScript.
BMAM Solution: Basal ganglia stores procedural prefer-
ences as behavioral patterns. Fixed-point detection recog-
nizes consistent preferences across sessions.

Response: Generates functional TypeScript component

with Prettier formatting and 2-space indentation.
1007

These cases illustrate how BMAM’s multi- 1008

component architecture addresses qualitatively dif- 1009

ferent memory failures. No single mechanism suf- 1010

fices: temporal erosion requires StoryArc indexing, 1011

semantic erosion requires consolidation with confi- 1012

dence tracking, identity erosion requires salience- 1013

based protection, and procedural erosion requires 1014

pattern-based behavioral memory. 1015

C Prompt Templates 1016

This section provides key prompts used in BMAM, 1017

directly from the codebase. 1018

Query Classification (adaptive_config.py)

Analyze this query and rate each dimension from

0.0 to 1.0:

Query: "{query}"

Dimensions:

- temporal: Time/sequence reasoning (when,

before, after, order of events)

- identity: Personal info recall (my name, my

preferences, what I told you)

- preference: Choice/comparison (prefer,

favorite, which do I like better)

- factual: General fact lookup (what is X,

define, explain)

Return ONLY valid JSON: {"temporal": 0.X,

"identity": 0.X, "preference": 0.X, "factual":

0.X}
1019

Memory Compression (clean_agent_system.py)

For the user query "{query}", compress the

following memories into key facts (3-5 points):

1. [memory 1]

2. [memory 2]

...

Keep only core information directly relevant

to the query. Be concise.
1020

Semantic Consolidation (memory_coordinator.py)

Extract core semantic knowledge from the

following {N} episodic memories:

Date: {date}

Episodic memories:
1021

21



{combined_content}

Please extract:

1. Core facts and knowledge points

2. Common themes or patterns

3. Important entity relationships

Output as concise semantic knowledge (2-3

sentences).
1022

Context Compaction (context_compaction.py)

Analyze the following conversation history and

extract structured notes:

{history_text}

Output format:

1. Core facts: [List 3-5 key pieces of

information]

2. User preferences: [If any]

3. Pending tasks: [Incomplete tasks]

4. Key decisions: [Important decisions made]

5. Open questions: [Unresolved questions]

Requirement: Be extremely concise, keep only

the most important information.
1023

D Hyperparameters1024

Table 15 lists the key hyperparameters used in1025

BMAM experiments.1026

Parameter Value

Brain Region Capacities
Hippocampus episodic store 20,000
Temporal lobe semantic store 70,000
Amygdala salience buffer 1,000
Prefrontal working memory 10
Basal ganglia procedural store 500

Embedding & LLM
Embedding model text-embed-3-small
Embedding dimension 1536
Response LLM gpt-4o-mini
Judge LLM gpt-4o-mini
Temperature (generation) 0.7
Temperature (judge) 0.0

Table 15: BMAM hyperparameters.

E Reproducibility Checklist1027

We provide the following information for repro-1028

ducibility:1029

Code and Data1030

• Implementation will be released upon accep-1031

tance1032

• Benchmark datasets are publicly avail-1033

able: LoCoMo, LongMemEval, PersonaMem,1034

PrefEval 1035

• Evaluation scripts follow MemOS protocol 1036

(repo/version cited in the Evaluation Protocol 1037

footnote) 1038

Compute Requirements 1039

• Hardware: Single machine, no GPU required 1040

(API-based inference) 1041

• LLM: gpt-4o-mini for response generation 1042

and judging 1043

• Embedding: text-embedding-3-small (1536 1044

dimensions) 1045

Random Seeds 1046

• Embedding and retrieval are deterministic 1047

• LLM responses use temperature 0.0 for judge, 1048

0.7 for generation 1049

• Results may vary slightly across runs due to 1050

LLM non-determinism 1051

Evaluation Protocol 1052

• Memory cleared between independent test 1053

units (groups/users/samples) 1054

• Memory preserved within each unit for se- 1055

quential context 1056

• LLM judge verifies semantic correctness, not 1057

exact string match 1058

• Following MemOS evaluation protocol for 1059

fair comparison 1060

Limitations of Reproducibility 1061

• API model versions may change over time 1062

• Some baseline numbers from MemOS paper; 1063

select baselines re-run with official scripts 1064

• Minor hyperparameter sensitivity not fully 1065

characterized 1066
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