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Abstract001

Agent memory systems have been widely pro-002
posed to equip large language model (LLM)003
agents with long-term memory across sessions.004
Compared to flat memory, graph-based mem-005
ory more effectively models relationships be-006
tween facts, but its construction relies on re-007
peated LLM calls that scale poorly with con-008
versation length. We propose LightGMEM, a009
lightweight entity-centric graph memory frame-010
work that addresses three key bottlenecks: (i)011
replacing per-episode LLM entity extraction012
with GLiNER2, a zero-shot named entity rec-013
ognizer, and deferring entity profiling until suf-014
ficient cross-episode evidence accumulates; (ii)015
introducing conflict-lane partitioning for en-016
tity disambiguation, serializing only mentions017
with overlapping candidate sets while resolving018
independent ones concurrently; (iii) adopting019
Ego-Splitting to construct overlapping commu-020
nities, allowing entities to participate in mul-021
tiple retrieval contexts. On LoCoMo, Light-022
GMEM achieves the best score on 8 of 12023
QA metrics with 58.0× fewer LLM calls and024
151.6× lower construction runtime than Zep.025
On LongMemEval, it remains competitive on026
single-session tasks, with trade-offs on update-027
heavy and temporally reasoning. These results028
demonstrate that graph-based memory can re-029
main practical at scale when LLM reasoning is030
reserved for high-value operations.031

1 Introduction032

As interactions accumulate, raw conversational his-033

tories quickly become redundant, noisy, and dif-034

ficult to retrieve from precisely. LLM agents ex-035

tend language models toward interactive reasoning,036

tool use, personalization, and long-horizon deci-037

sion making (Shinn et al., 2023; Park et al., 2023;038

Xia et al., 2025). A central requirement for such039

agents is long-term memory, which stores past in-040

teractions and enables coherent, consistent, and041

personalized behavior across sessions (Zhang et al.,042

2025; Zhong et al., 2024; Packer et al., 2023). As 043

interactions accumulate, however, raw conversa- 044

tional histories become redundant and noisy, mak- 045

ing precise retrieval increasingly difficult. 046

Graph-based memory offers a promising alterna- 047

tive by organizing past interactions into structured 048

entities, attributes, and relations rather than flat text 049

chunks, enabling explicit representation of entity 050

connections and traversal-based retrieval over long- 051

term context (Nan et al., 2025; Rasmussen et al., 052

2025). Frameworks such as GraphRAG (Edge 053

et al., 2024) demonstrate the value of community- 054

level organization for retrieving information from 055

large-scale graphs. Despite this promise, build- 056

ing practical graph memory for long-term dialogue 057

faces three interconnected challenges. 058

First, graph memory construction typically relies 059

on LLM prompting to extract entities, attributes, 060

and relations from every conversational episode, 061

leading to high token costs and latency that scale 062

poorly with conversation length. Second, men- 063

tions extracted across episodes must be resolved 064

into canonical entities. Systems such as Zep (Ras- 065

mussen et al., 2025) process this named entity dis- 066

ambiguation (NED) sequentially to preserve tem- 067

poral consistency, but strict serialization becomes a 068

bottleneck as memory grows. Third, existing graph 069

memory systems commonly employ disjoint com- 070

munity detection, assigning each entity to exactly 071

one cluster. This constraint is ill-suited to conver- 072

sational settings, where the same entity naturally 073

participates in multiple contexts (e.g., family, work, 074

preferences, travel), and forcing a single assign- 075

ment conflates separable evidence. 076

We introduce LightGMEM, a lightweight 077

entity-centric graph memory framework that ad- 078

dresses these three challenges through a set of co- 079

ordinated design choices. For extraction, Light- 080

GMEM replaces per-episode LLM calls with 081

GLiNER2 (Zaratiana et al., 2024, 2025a), a zero- 082

shot named entity recognizer, and defers entity 083
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profile construction until sufficient cross-episode084

evidence has accumulated, reserving LLM rea-085

soning for high-value semantic operations. For086

disambiguation, LightGMEM introduces conflict-087

lane partitioning: mentions whose candidate sets088

overlap are serialized to preserve temporal depen-089

dencies, while independent mentions are resolved090

in parallel, substantially reducing NED runtime091

without sacrificing resolution quality. For com-092

munity organization, LightGMEM adopts Ego-093

Splitting (Epasto et al., 2017) to construct over-094

lapping communities, allowing entities to partici-095

pate in multiple thematic retrieval contexts. These096

components are complemented by typed entity at-097

tributes, weak co-occurrence edges that preserve098

soft associations, and a multi-faceted retrieval099

strategy combining semantic, lexical, and graph-100

connectivity signals.101

Our contributions are as follows:102

• We propose LightGMEM, a lightweight103

entity-centric graph memory framework for104

long-term conversational agents that reduces105

LLM dependence in memory construction106

through lightweight extraction, selective par-107

allel NED, and deferred profiling.108

• We introduce overlapping community con-109

struction for conversational graph memory via110

Ego-Splitting, enabling entities to participate111

in multiple retrieval contexts rather than being112

confined to a single disjoint community.113

• Experiments on LoCoMo (Maharana et al.,114

2024) and LongMemEval (Wu et al., 2025)115

demonstrate that LightGMEM preserves com-116

petitive QA performance while reducing117

graph-memory construction cost by over an118

order of magnitude.119

2 Related Work120

Graph-based conversational memory. Long-121

term memory for LLM agents spans flat122

stores (Zhong et al., 2024; Chhikara et al., 2025), hi-123

erarchical designs (Packer et al., 2023; Kang et al.,124

2025; Xu et al., 2026), and graph-based approaches125

that model entities, events, or relations. Systems126

such as AriGraph (Anokhin et al., 2025), Zep (Ras-127

mussen et al., 2025), MAGMA (Jiang et al., 2026),128

and EMem-G (Zhou and Han, 2025) demonstrate129

that graph-structured memory supports multi-hop130

retrieval and cross-episode evidence accumulation,131

but their construction relies on repeated LLM ex- 132

traction and graph updates, creating a scalability 133

bottleneck. LightGMEM addresses this by replac- 134

ing expensive LLM operations with lightweight 135

extraction and parallelized disambiguation. 136

Entity extraction and disambiguation. 137

GLiNER and GLiNER2 (Zaratiana et al., 138

2024, 2025a) enable zero-shot, schema-driven 139

named entity recognition with compact encoders, 140

offering a practical alternative to per-episode LLM 141

extraction. For disambiguation, conversational 142

memory imposes a temporal constraint: each 143

resolution decision affects the candidate set 144

for subsequent mentions, so systems such as 145

Zep update the graph incrementally, preserving 146

consistency but creating a runtime bottleneck as 147

mentions accumulate. LightGMEM addresses this 148

with conflict-lane partitioning, which serializes 149

only mentions with overlapping candidate sets 150

while resolving independent mentions in parallel. 151

Community organization for retrieval. 152

GraphRAG (Edge et al., 2024) demonstrates 153

the value of community summaries for retrieval, 154

while LightRAG (Guo et al., 2025) and Hip- 155

poRAG (Gutierrez et al., 2024) further show that 156

graph organization improves retrieval beyond flat 157

similarity search. Standard community detection 158

algorithms such as Leiden (Traag et al., 2018) 159

and label propagation (Raghavan et al., 2007) 160

produce disjoint partitions; however, conversa- 161

tional entities routinely span multiple contexts, 162

and forcing single-cluster assignment discards 163

cross-community connections that retrieval could 164

otherwise exploit. LightGMEM therefore adopts 165

Ego-Splitting (Epasto et al., 2017), which supports 166

overlapping memberships through persona-level 167

decomposition. 168

3 LightGMEM 169

LightGMEM is a graph-based memory framework 170

for long-term conversational agents (Figure 1) that 171

combines lightweight mention extraction, selective 172

parallel disambiguation, deferred entity profile in- 173

duction, and overlapping community organization. 174

3.1 Memory Graph Formulation 175

We represent memory as a heterogeneous graph 176

G = (V, E), V = Vent ∪ Vepi ∪ Vcom, (1) 177

where Vent, Vepi, and Vcom denote entity, episode, 178

and community nodes. The input conversation is 179
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Figure 1: Overview of LightGMEM. Conversational episodes are incrementally transformed into a memory graph
containing episode, entity, and community nodes.

segmented into a temporally ordered episode se-180

quence181

X = (x1, x2, . . . , xT ), (2)182

which LightGMEM incrementally maps into G.183

Episode nodes store local conversational seg-184

ments, entity nodes represent canonical en-185

tities with typed attribute profiles π(v) =186

{a1(v), . . . , aK(v)}, and community nodes repre-187

sent higher-level shared contexts. We use four edge188

families: Emem links episodes to mentioned entities,189

Erel stores explicit extracted relations, Eweak cap-190

tures weak co-occurrence associations, and Ecom191

records entity–community assignments. We sum-192

marize the main notation in Table 1.193

3.2 Memory Construction194

Given the episode stream X , memory construction195

incrementally builds G through four stages:196

X →M→ Vent → P → Vcom, (3)197

where M is the set of extracted entity mentions,198

Vent is the canonical entity set after disambiguation,199

P is the collection of entity profiles, and Vcom is200

the set of induced community nodes.201

3.2.1 Entity and Relation Extraction 202

For each episode xt, we first extract a set of 203

entity mentions Mt = {mt,1, . . . ,mt,nt} using 204

GLiNER2 (Zaratiana et al., 2025b) rather than in- 205

voking an LLM on every segment. We separately 206

extract direct relations from the same episode so 207

that relation endpoints omitted by the entity extrac- 208

tor can still be surfaced as candidate mentions. 209

Each mention m is stored as an enriched tuple 210

m =
(
s(m), τ(m), κ(m), δ(m)

)
, (4) 211

where s(m) is the surface form of m, τ(m) is its 212

extracted entity type, κ(m) is its local context, 213

and δ(m) is its timestamp. In our setting, κ(m) 214

includes local segment text, co-occurring entity 215

names, and directly observed relation neighbors. 216

To preserve soft conversational associations be- 217

yond schema-bound relations, we also accumu- 218

late weak association counts between entities. Let 219

a(u, v) denote the accumulated weak association 220

count between canonical entities u and v. We cre- 221

ate a weak edge eweakuv ∈ Eweak with weight a(u, v). 222

These edges are not treated as factual predicates; 223

they provide soft structural support for later com- 224

munity construction and retrieval. 225
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Symbol Definition

X Temporally ordered episode sequence.
G Memory graph.
Vent,Vepi,
Vcom

Entity, episode, and community node sets.

Erel, Eweak Explicit relation edges and weak semantic
association edges.

Mt Mention set extracted from episode xt.
Cℓ Canonical entity set after mention-

processing step ℓ.
σ(m, v),
ρ(m)

Mention–entity compatibility score and top
confidence.

γ Confidence threshold for entering LLM-
based disambiguation.

K(m) Conflict-key set of mention m.
L Conflict lanes for parallel NED.
H(v),
Hprof(v)

All supporting episodes of entity v and the
subset already absorbed into its profile.

∆(v) Pending profile evidence of entity v.
B Profile update batch threshold.
µ(v) Community membership set of entity v.

Table 1: Main notation used in Section 3.2.
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Figure 2: Selective Parallel Entity Disambiguation.

3.2.2 Selective Parallel Entity Disambiguation226

The extracted mentionsM =
⋃T

t=1Mt must be227

resolved to canonical entity nodes while respect-228

ing temporal order. Let (m1,m2, . . . ,mN ) denote229

the flattened mention sequence sorted by time. We230

call two mentions conflicting if resolving one may231

change the candidate set or final assignment of232

the other. We propose Selective Parallel Entity233

Disambiguation, which proceeds in three steps:234

pre-disambiguation filtering identifies the LLM-235

bound mention subset, conflict-key grouping par-236

titions that subset into conflict lanes, and different237

lanes are resolved concurrently. The procedure238

is executed over a sequence of batches with an239

overlap window of size ω, so mentions near batch240

boundaries can still be compared across neighbor-241

ing batches (Figure 2).242

Pre-disambiguation Filtering Let Cℓ−1 be the 243

canonical entity set before processing mention mℓ. 244

We first attempt deterministic or similarity-based 245

resolution against Cℓ−1 using exact normalization, 246

alias matching, and fuzzy candidate retrieval. If 247

the mention remains unresolved, we compute a 248

heuristic compatibility score 249

σ(mℓ, v) = fconf
(
ϕ(mℓ, v)

)
, v ∈ Cℓ−1, (5) 250

where ϕ(mℓ, v) collects mention–candidate com- 251

patibility features and fconf is a weighted scoring 252

function. We then define the mention confidence 253

ρ(mℓ) = max
v∈Cℓ−1

σ(mℓ, v). (6) 254

Only mentions with ρ(mℓ) ≥ γ enter LLM-based 255

disambiguation. If ρ(mℓ) < γ, we directly in- 256

stantiate a new canonical entity v+ℓ and update the 257

canonical set as Cℓ = Cℓ−1 ∪ {v+ℓ }. 258

Conflict-lane partitioning For each LLM-bound 259

mention mℓ, we compute a conflict-key set 260

K(mℓ) = Kexact(mℓ) ∪ Klsh(mℓ) ∪ Kcand(mℓ).
(7) 261

where the three components correspond to exact- 262

name signals, MinHash-LSH bucket collisions, and 263

top-ranked candidate identities. Two mentions are 264

considered potentially conflicting if their conflict- 265

key sets intersect. 266

We partition LLM-bound mentions into lanes 267

L = {L1, . . . , LK} such that mentions within the 268

same lane may conflict and must remain serialized, 269

while mentions in different lanes satisfy 270

K(m) ∩ K(m′) = ∅,

∀m ∈ Li, ∀m′ ∈ Lj , i ̸= j.
(8) 271

Algorithm 1 summarizes the partitioning process. 272

Parallel lane execution Each lane Lk is pro- 273

cessed in temporal order, but different lanes are 274

executed concurrently. Let C(k)r denote the lane- 275

local canonical entity set after the first r mentions 276

in lane Lk have been resolved. If mi ≺t mj and 277

both belong to the same lane, then mi is resolved 278

before mj ; no such ordering is imposed across dis- 279

joint lanes. For the r-th mention in lane Lk, the 280

resolver outputs a canonical entity v̂
(k)
r , which may 281

be either an existing entity inherited from the initial 282

canonical set or a newly created entity introduced 283

during lane processing. The lane-local state is then 284

updated incrementally, 285

C(k)r = C(k)r−1 ∪ {v̂
(k)
r }, (9) 286
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with the understanding that if v̂(k)r already exists,287

the update merges new evidence into that entity288

rather than creating a duplicate node. Thus every289

later mention in the same lane is resolved against290

the canonical state produced by all preceding men-291

tions in that lane, including newly created entities.292

3.2.3 Deferred Entity Profiling293

We decouple entity discovery from profile construc-294

tion. Profile induction is triggered only when an en-295

tity has accumulated sufficient unprofiled episode296

evidence.297

For each entity v, letH(v) denote the set of as-298

sociated episodes and letHprof(v) ⊆ H(v) denote299

the subset already absorbed into the current profile.300

The pending evidence set is301

∆(v) = H(v) \ Hprof(v). (10)302

We update the profile of v only when |∆(v)| ≥ B303

for a batch threshold B, or when a final flush is304

triggered at the end of the episode stream. The305

resulting profile update is306

π(r)(v) = U
(
π(r−1)(v),∆r(v),Rr(v)

)
, (11)307

where ∆r(v) is the current batch of newly incor-308

porated episodes for entity v,Rr(v) is the relation309

evidence filtered from those episodes, and U is310

an LLM-based merge operator constrained by the311

schema of v.312

Entities with only sparse support skip LLM pro-313

file induction and retain a lightweight profile state.314

3.2.4 Overlapping Community Organization315

LightGMEM constructs overlapping communities316

over the entity graph, allowing entities to partici-317

pate in multiple retrieval contexts.318

We first derive a weighted entity subgraph from319

the memory graph,320

Gent = (Vent, Eent), Eent = Erel ∪ Eweak, (12)321

where edge weights reflect the frequency of explicit322

or weak association evidence.323

We then apply Ego-Splitting (Epasto et al.,324

2017). For each entity v, let Γ(v) denote its neigh-325

borhood. Ego-Splitting partitions the ego-minus-326

center subgraph into local persona clusters327

Πv = Alocal

(
Gent[Γ(v)]

)
, (13)328

where Alocal is a local partitioning operator. Each329

partition in Πv induces one persona of v. A persona330

graph is then formed by connecting compatible 331

personas of adjacent entities: 332

(ui, vj) ∈ E ′ ⇐⇒ (u, v) ∈ Eent,
v ∈ Si

u, u ∈ Sj
v,

(14) 333

where Si
u is the i-th local persona neighborhood of 334

entity u. 335

Standard partitioning on the persona graph yields 336

overlapping entity memberships µ(v) ⊆ Vcom. Fi- 337

nally, an LLM generates a short name and descrip- 338

tion for each community node. 339

3.3 Memory Retrieval 340

At inference time, given a query q, we extract query 341

entities and match them against the canonical entity 342

index as anchors for graph-aware retrieval. 343

Candidate memories are scored by combining 344

semantic similarity, lexical matching, and graph 345

connectivity: 346

score(d | q) = λsemssem(q, d) + λlexslex(q, d)

+ λgraphsgraph(q, d).
(15) 347

Here d may be an episode, entity profile, or com- 348

munity description. Retrieved candidates are then 349

re-ranked with a cross-encoder before answer gen- 350

eration. 351

4 Experiments 352

We evaluate LightGMEM along two axes, answer 353

quality and memory-construction efficiency, or- 354

ganized around three research questions. RQ1: 355

Does LightGMEM maintain competitive QA per- 356

formance while reducing construction cost relative 357

to existing graph-based memory systems? RQ2: 358

How much runtime does Parallel-Pipeline NED 359

save, and under what workload conditions is the 360

speedup largest? RQ3: Does overlapping commu- 361

nity organization provide more coherent retrieval 362

structure and better downstream QA than disjoint 363

community alternatives? 364

4.1 Experimental Setup 365

Datasets. We evaluate LightGMEM on two long- 366

term conversational memory benchmarks. Lo- 367

CoMo (Maharana et al., 2024) contains 1,540 QA 368

pairs over 10 multi-session conversations and eval- 369

uates single-hop recall, multi-hop reasoning, tem- 370

poral reasoning, and open-domain retrieval. For 371

LongMemEval (Wu et al., 2025), we use the 500- 372

question LongMemEvalS subset, which covers 373
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Method
Category

Method Multi-Hop Open-Domain Single-Hop Temporal

F1 B1 LLM-J F1 B1 LLM-J F1 B1 LLM-J F1 B1 LLM-J

RAG
FullContext 0.354 0.261 0.668 0.245 0.172 0.486 0.531 0.447 0.830 0.441 0.361 0.562
RAG-4096 0.186 0.117 0.313 0.190 0.135 0.326 0.222 0.186 0.320 0.195 0.157 0.237

Flat
Memory

LangMem 0.335 0.239 0.524 0.294 0.235 0.476 0.388 0.331 0.614 0.319 0.262 0.249
Mem0 0.343 0.252 0.603 0.271 0.194 0.406 0.444 0.377 0.681 0.444 0.376 0.504
NEMORI 0.365 0.256 0.653 0.208 0.151 0.448 0.544 0.432 0.821 0.567 0.466 0.710

Other Structural
Memory

MemoryOS 0.412 0.308 0.567 0.486 0.430 0.458 0.353 0.252 0.671 0.200 0.165 0.402
StructMem - - 0.688 - - 0.469 - - 0.811 - - 0.816

Graph Structural
Memory

Zep 0.275 0.193 0.505 0.229 0.157 0.396 0.397 0.337 0.632 0.448 0.381 0.589
Mem0g - - 0.657 - - 0.472 - - 0.757 - - 0.581
MAGMA 0.264 0.172 0.528 0.180 0.136 0.517 0.551 0.477 0.776 0.509 0.370 0.650
EMem-G 0.406 0.305 0.747 0.242 0.199 0.573 0.504 0.422 0.823 0.581 0.468 0.760
LightGMEM 0.419 0.335 0.748 0.272 0.200 0.677 0.641 0.585 0.901 0.564 0.501 0.760

Table 2: LoCoMo QA performance. Metrics include token-level F1, BLEU-1 (B1), and LLM-as-a-Judge (LLM-J)
across four question types, with baselines grouped by memory paradigm.

Method single-session
-user

multi-
session

single-session
-assistant

single-session
-preference

temporal-
reasoning

knowledge
-update

Overall

Full-Context 0.786 0.383 0.893 0.067 0.421 0.782 0.550
NEMORI 0.886 0.511 0.839 0.467 0.617 0.615 0.642

Zep 0.929 0.474 0.750 0.533 0.541 0.744 0.632
MAGMA 0.729 0.504 0.839 0.733 0.451 0.667 0.612
EMem-G 0.870 0.736 0.875 0.322 0.748 0.944 0.779

LightGMEM 0.986 0.511 0.964 0.733 0.459 0.782 0.675

Table 3: LongMemEval QA performance. LLM-as-a-Judge accuracy is reported across six types and overall.

Method Tokens (k) Calls Time (s)Input Output Total
LangMem 9,873 1,192 11,066 5,990 26,281
A-Mem 9,126 2,368 11,494 11,754 60,607
Mem0 10,958 1,239 12,196 9,181 30,057
MemoryOS 1,889 939 2,868 5,534 24,220
StructMem 1,501 436 1,937 1,056 22,854
Mem0g 33,512 2,313 35,825 53,514 115,670
Zep 29,389 1,362 30,751 26,616 142,048
MAGMA - - - - 1,404
LightGMEMs 2,422 37 2,459 454 1,619
LightGMEMp 2,441 36 2,478 459 937

Table 4: Construction-cost on LoCoMo. s and p denote
the serial and parallel LightGMEM variants.

single-session user and assistant facts, preferences,374

multi-session reasoning, temporal reasoning, and375

knowledge updates.376

Evaluation Metrics. For LoCoMo, we report377

token-level F1, BLEU-1 (B1), and LLM-as-a-Judge378

(LLM-J), following the benchmark’s combination379

of lexical and semantic answer-quality measures.380

For LongMemEval, we report LLM-J accuracy by381

question type and overall. To measure construction382

efficiency, we report the number of LLM calls, in-383

put and output tokens, total tokens, and wall-clock384

runtime.385

Baselines. On LoCoMo, we compare against386

representative long-memory baselines from prior387

work, including RAG baselines (Lewis et al., 2020),388

flat memory systems (Chase, 2022; Chhikara et al., 389

2025; Ma et al., 2025), other structural memory 390

systems (Kang et al., 2025; Xu et al., 2026), and 391

graph structural memory systems (Rasmussen et al., 392

2025; Jiang et al., 2026; Zhou and Han, 2025). On 393

LongMemEval, we compare with the available 394

full-context and memory-system baselines: Full- 395

Context, NEMORI, Zep, MAGMA, and EMem-G. 396

All models use gpt-4o-mini for generation and 397

text-embedding-3-small for embeddings. Our 398

code is provided in the supplementary material. 399

4.2 Main Results 400

Tables 2 and 3 report QA performance across both 401

benchmarks. LightGMEM is not uniformly best, 402

but it consistently occupies a strong accuracy-cost 403

region: it leads on most LoCoMo metrics and re- 404

mains competitive on LongMemEval, while the 405

cost study in Table 4 shows far fewer LLM opera- 406

tions during memory construction. 407

On LoCoMo, LightGMEM achieves the best 408

score on eight of the twelve reported metrics. The 409

gains are most pronounced for single-hop ques- 410

tions, where LightGMEM reaches 0.641 F1, 0.585 411

B1, and 0.901 LLM-J, outperforming both flat- 412

memory and graph-memory baselines. It also 413

leads all metrics on multi-hop questions, suggesting 414

that entity-centric graph organization helps aggre- 415
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gate evidence across related memories. On open-416

domain questions, LightGMEM obtains the best417

LLM-J score but not the best lexical-overlap scores;418

this mismatch indicates that semantically accept-419

able answers in this category need not reuse the420

same surface forms as the references. On tempo-421

ral questions, LightGMEM is competitive (LLM-J422

of 0.760 vs. StructMem’s 0.816), though Struct-423

Mem’s advantage suggests temporal reasoning ben-424

efits from a different organizational strategy.425

LongMemEval presents a complementary pic-426

ture. LightGMEM obtains the best results on427

single-session-user and single-session-assistant428

questions, and ties the best score on single-session-429

preference. Its overall score of 0.675 is second-430

best among the compared systems and close to431

NEMORI and Zep, but it trails EMem-G on432

multi-session, temporal-reasoning, and knowledge-433

update questions. This pattern is consistent with434

the design of LightGMEM: typed entity records435

and community retrieval are effective when evi-436

dence can be consolidated into stable entity-centric437

memories, while update-heavy and temporally438

complex cases benefit from stronger mechanisms439

for revising previously stored state.440

4.3 Analysis: Construction Efficiency441

Table 4 shows that existing graph-based memory442

systems suffer from a construction-efficiency bot-443

tleneck compared with other structural memory444

systems, especially in LLM calls, token usage,445

and runtime. LightGMEM substantially reduces446

this cost while retaining graph-based organization:447

compared with Zep, the parallel variant uses about448

58.0× fewer LLM calls, 12.4× fewer total tokens,449

and 151.6× lower runtime; compared with Mem0g,450

it uses about 116.6× fewer calls, 14.5× fewer to-451

kens, and 123.4× lower runtime. LightGMEMs452

and LightGMEMp use nearly identical token bud-453

gets and call counts, but parallel execution reduces454

runtime from 1,619 seconds to 937 seconds, show-455

ing that the gain comes from removing unnecessary456

serialization in NED rather than reducing LLM457

volume. LightGMEM thus reduces graph-based458

memory-construction cost substantially while pre-459

serving memory-graph quality. Together, the QA460

and cost results answer RQ1 affirmatively: Light-461

GMEM maintains competitive QA performance,462

leading on most LoCoMo metrics and ranking sec-463

ond on LongMemEval overall, while reducing con-464

struction cost by over an order of magnitude rela-465

tive to existing graph-based memory systems.466

0.0 0.2 0.4 0.6 0.8 1.0
Normalized runtime (serial NED = 1.0)

LoCoMo-
Episode

LME-
Episode

LoCoMo-
Chunk

LME-
Chunk

7.3h

1189.3h

0.4h

264.5h

1.8h

192.8h

0.3h

61.4h

4.00×

6.17×

1.73×

4.30×

LoCoMo
LongMemEval

Serial NED
Parallel-Pipeline NED

Figure 3: Runtime of serial vs. parallel NED. Bars are
normalized by the serial baseline.

4.4 Ablation: Parallel-Pipeline NED 467

To answer RQ2, we isolate the contribution of 468

Parallel-Pipeline NED by comparing the measured 469

asynchronous pipeline wall clock against a serial 470

counterpart without conflict-lane partitioning. Fig- 471

ure 3 shows clear gains in both settings, with larger 472

speedups on LongMemEval than on LoCoMo. This 473

cross-dataset ordering is consistent with the differ- 474

ence in benchmark scale: LongMemEval’s 57.5M 475

tokens generate far more entity mentions than Lo- 476

CoMo’s 90K, and more unresolved mentions mean 477

more parallel execution opportunities. In the chunk- 478

based setting, the speedup becomes smaller but 479

the dataset ordering remains unchanged. This is 480

consistent with how chunking interacts with our 481

pipeline: larger local context windows allow the 482

deterministic resolver to handle more mentions in 483

a single pass, reducing the LLM-bound workload 484

and therefore the parallelism headroom. In answer 485

to RQ2, Parallel-Pipeline NED delivers a meaning- 486

ful runtime reduction across both benchmarks, and 487

the speedup is largest under high mention volume 488

(LongMemEval, episode-level), confirming that the 489

mechanism is most valuable for long-horizon con- 490

versational workloads where the LLM-bound dis- 491

ambiguation queue is nontrivial. 492

4.5 Analysis: Conflict Structure and 493

Confidence Gating 494

We further examine the workload conditions under- 495

lying RQ2. Figure 4(a) shows the size distribution 496

of conflict lanes after deterministic resolution. The 497

remaining LLM-bound mentions decompose into 498

many small conflict lanes rather than a single entan- 499

gled queue. The workload is therefore structurally 500

sparse even when nontrivial in volume, which is the 501

regime where conflict-lane partitioning is effective: 502

only mentions with shared conflicts must remain 503

serialized, while unrelated mentions are processed 504

7



1 5 10 15 20 25 30
Lane rank (largest to smallest)

0

2

4

6

8

La
ne

 s
iz

e
9 9

8

6
5
4 4 4

3 3 3

(a) Conflict-lane structure

Lane size
Cumulative
mention share

0.8
0
0.7

0
0.6

0
0.5

0
0.4

5
0.4

0
0.3

8
0.3

6
0.3

4
0.3

2
0.3

0
0.2

0
0.1

0

Confidence threshold

0

1

2

3

4

5

Ca
nd

id
at

e 
co

un
t 

(K
)

1153

3204

5110
(b) Confidence-gating frontier
LLM-tested
Filtered by gate
Successful merges

0

20

40

60

80

100

Co
ve

ra
ge

 (
%)

400

600

800

1000

1200

1400

Su
cc

es
sf

ul
 m

er
ge

s

1085

1415 1419

Figure 4: Conflict structure and confidence-gating fron-
tier on LoCoMo.

in parallel. Figure 4(b) illustrates why confidence505

gating is complementary. Lowering γ expands the506

candidate frontier much faster than it recovers ad-507

ditional successful merges: at γ = 0.40, the sys-508

tem already recovers most merges at γ = 0.20509

while exposing only a small fraction of the candi-510

date frontier. Confidence gating thus serves a dual511

purpose: it reduces LLM usage, and, more impor-512

tantly, it preserves the sparse conflict structure that513

Parallel-Pipeline NED exploits. Without this gate,514

low-confidence candidates would proliferate, erode515

lane independence, and force more mentions into516

serial execution. The two mechanisms are mutually517

reinforcing: conflict-lane partitioning benefits from518

the decomposability of genuine conflicts, while519

confidence gating protects that decomposability by520

limiting unnecessary ambiguity.521

4.6 Ablation: Community Detection522

Algorithm523

To isolate the effect of community organization,524

we keep all other components of LightGMEM525

fixed and replace only the community detection526

algorithm. Table 5 shows that ego-splitting yields527

the strongest communities by semantic coherence528

(0.74) and relation density (1.00), and produces the529

best judge score (82.99). In contrast, the disjoint530

alternatives yield weaker structural communities:531

label propagation and Leiden produce roughly half532

the relation density, indicating that forcing a single533

assignment discards substantial entity–entity con-534

nections. The downstream QA gap is modest (0.5–535

0.6 points) but consistent in direction, suggesting 536

that higher-quality community structure provides a 537

reliable, if small, retrieval advantage. 538

Setting Coher. ↑ Rel Dens ↑ LLM-J ↑
No community – – 82.21
Ego-splitting 0.74 1.00 82.99
Label prop. 0.66 0.39 82.47
Leiden 0.67 0.49 82.40

Table 5: Community-layer comparison on LoCoMo.

Split Entity Community Theme

Tim

John

Caroline

Melanie

Fantasy
Basketball
Competition

Charity
Yoga
Pride

LGBTQ Support
Art & Wellness
Creative Work

Figure 5: Illustrative split entities under ego-splitting.

Figure 5 provides qualitative intuition: entities 539

split by ego-splitting are typically those whose con- 540

versational evidence spans distinct thematic neigh- 541

borhoods, such as a colleague appearing in both 542

work planning and personal social events. Disjoint 543

algorithms force such entities into a single commu- 544

nity, conflating separable contexts. Ego-splitting 545

avoids this by preserving each neighborhood sepa- 546

rately, maintaining local coherence while exposing 547

retrieval handles into all relevant contexts. This 548

answers RQ3: overlapping community organiza- 549

tion improves retrieval by preserving thematically 550

coherent neighborhoods that disjoint algorithms 551

would conflate, though the QA gain is modest in 552

absolute terms, indicating that community struc- 553

ture provides a reliable but supplementary retrieval 554

signal atop the entity-centric graph. 555

5 Conclusion 556

We presented LightGMEM, a lightweight entity- 557

centric graph memory framework that combines 558

zero-shot entity extraction, parallel-pipeline NED 559

via conflict-lane partitioning, and overlapping com- 560

munity construction via Ego-Splitting. Evaluated 561

on LoCoMo and LongMemEval, LightGMEM 562

achieves competitive QA performance while re- 563

ducing construction cost by over an order of magni- 564

tude, demonstrating that graph-based memory can 565

remain practical when LLM reasoning is reserved 566

for high-value operations. 567
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6 Limitations568

LightGMEM depends on the quality of upstream569

extraction, and confidence thresholds may require570

recalibration when applied outside conversational571

benchmarks. Our results also indicate weaker per-572

formance on temporal-reasoning and knowledge-573

update questions, suggesting that the current design574

favors stable memory consolidation over rapid state575

revision. Validation on end-to-end interactive agent576

tasks remains an avenue for future work.577
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A Potential Risks 744

Because LightGMEM is designed for long-term 745

conversational memory, errors in entity extraction, 746

entity disambiguation, or profile consolidation may 747

lead to incorrect or outdated stored memories. In 748

addition, applying the system to real user conver- 749

sations may involve privacy-sensitive information. 750

We therefore frame LightGMEM as a research pro- 751

totype and emphasize the need for careful deploy- 752

ment safeguards, privacy controls, and validation 753

beyond benchmark settings. 754

B Method Supplement 755

Algorithm 1 Conflict-Lane Partitioning

Require: Ordered mentions m1, . . . ,mN , initial
canonical set C

Ensure: Conflict lanes L = {L1, . . . , LK}
1: Build candidate index I from C; L ← []
2: for ℓ = 1 to N do
3: if mℓ is deterministically resolved under I

then
4: Update C and I; continue
5: end if
6: if ρ(mℓ) < γ then
7: Promote mℓ to a new canonical entity;

update C and I; continue
8: end if
9: Compute conflict keys K(mℓ)

10: Find all lanes whose key sets intersect
K(mℓ)

11: if no such lane exists then
12: Create a new lane containing mℓ

13: else
14: Insert mℓ into one matched lane and

merge all intersecting lanes
15: end if
16: end for
17: return L
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C Hyperparameter Details756

This appendix summarizes the hyperparameters757

and implementation settings used by the main758

LightGMEM pipeline. In our experiments, the759

base memory graph is built in chunk mode with760

entity_profile profiling, and the community761

layer used for retrieval is constructed with Ego-762

Splitting.763

D Experimental Details764

D.1 Dataset Details765

LoCoMo (Maharana et al., 2024) is a multi-session766

dialogue benchmark comprising 10 conversations767

with very long interaction histories. The bench-768

mark averages 27.2 sessions, 588.2 turns, and769

16,618.1 tokens per conversation, with conversa-770

tions spanning up to 32 sessions.771

LongMemEval-S (Wu et al., 2025) contains 500772

evaluation instances. Concatenating the full his-773

tory is approximately 115K tokens, or roughly 40774

history sessions, for Llama 3.775

D.2 Baseline Details776

Full-Context and RAG-4096. These two base-777

lines are simple retrieval settings rather than stan-778

dalone memory architectures. Full-Context di-779

rectly feeds the entire available conversation history780

to the answer model without a separate memory781

layer. RAG-4096 follows the standard retrieval-782

augmented generation paradigm of Lewis et al.783

(2020), treating the history as a document collec-784

tion and retrieving semantically relevant chunks; in785

our experiment naming, the history is chunked at786

4096 tokens.787

LangMem. LangMem is a framework-style long-788

term memory baseline from the LangChain ecosys-789

tem rather than a standalone research paper (Chase,790

2022). LangMem provides a memory API that791

stores long-term memories as JSON documents792

in a persistent store, supports search over those793

memories, and lets agents write memories during794

interaction or through a background memory man-795

ager.796

Mem0 and Mem0g. Mem0 is a memory-centric797

architecture that extracts salient memories from798

conversations, compares them against existing799

memories, and then applies memory operations800

such as add, update, delete, or no-op (Chhikara801

et al., 2025). Mem0g is a graph-enhanced variant802

that augments the base memory design with graph- 803

based memory representations to capture richer re- 804

lational structure among conversational elements. 805

NEMORI. NEMORI is a self-organizing mem- 806

ory framework inspired by cognitive science (Nan 807

et al., 2025). Its central idea is that the agent should 808

not retain all observations uniformly; instead, mem- 809

ory formation is guided by adaptive distillation, so 810

the system preferentially stores and reorganizes in- 811

formation that is estimated to be more useful for 812

future tasks. 813

MemoryOS. MemoryOS organizes agent mem- 814

ory using a hierarchical storage architecture with 815

short-term, mid-term, and long-term personal mem- 816

ory (Kang et al., 2025). It uses four core mod- 817

ules, namely storage, updating, retrieval, and gen- 818

eration, with dynamic movement of information 819

across memory levels rather than a single flat store. 820

StructMem. StructMem is a structured memory 821

framework for long-horizon agent behavior (Xu 822

et al., 2026). It employs temporally anchored struc- 823

tured memories, dual perspectives over user and 824

agent behavior, and periodic semantic consolida- 825

tion, with the goal of preserving long-range behav- 826

ioral and temporal dependencies while controlling 827

memory cost. 828

Zep. Zep formulates agent memory as a temporal 829

knowledge graph built by its Graphiti engine (Ras- 830

mussen et al., 2025). Zep uses a bi-temporal design 831

and a three-level graph organization over episodes, 832

semantic entities, and higher-level communities, 833

so retrieval can combine raw interaction evidence 834

with structured and summarized memory. 835

MAGMA. MAGMA is a multi-graph memory ar- 836

chitecture for AI agents (Jiang et al., 2026). Rather 837

than storing all structure in a single graph, it models 838

different relational views explicitly and frames re- 839

trieval as policy-guided traversal over those graphs, 840

enabling query-adaptive selection of memory evi- 841

dence. 842

EMem-G. EMem uses an event-centric memory 843

representation for long-term conversational mem- 844

ory (Zhou and Han, 2025). On top of that represen- 845

tation, EMem provides retrieval variants based on 846

dense search and LLM filtering; EMem-G is the 847

graph-based variant, which adds graph propagation 848

to connect and aggregate evidence across related 849

event units. 850
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Stage Hyperparameter Value

Segmentation Segment unit chunk
Segmentation Chunk size 500 tokens
Segmentation Chunk overlap 50 tokens
Extraction Entity and relation extractor GLiNER2
Extraction Maximum concurrent extraction budget 12,000 tokens in flight
Preprocessing Coreference resolution Disabled in the default main pipeline
Deduplication Processing mode Parallel pipeline
Deduplication Dedup batch size 50 chunks
Deduplication Batch-boundary overlap 3 chunks
Deduplication Maximum parallel conflict lanes 10
Deduplication LLM fallback confidence threshold γ 0.40
Profiling Build mode entity_profile
Profiling Profile update threshold B 15 episodes
Profiling Profile prompt context radius 1 neighboring episode on each side
Profiling Sparse-entity shortcut Skip LLM profiling on first profile if total evidence ≤ 2 episodes
Community Community algorithm Ego-Splitting (ego_splitting)
Community Minimum entities per community 2
Community Minimum supporting episodes per community 2
Community Maximum supporting episodes for topic generation 12

Table 6: Main graph-construction hyperparameters used by LightGMEM.

Stage Hyperparameter Value

Entity anchoring Embedding-based entity match top-k 3
Entity anchoring Entity embedding similarity threshold 0.75
Context retrieval Profile context nodes retained 5
Context retrieval Community context nodes retained 2
Episode expansion Supporting episodes added from each selected profile node 12
Episode retrieval Initial episode recall depth 30
Rank fusion BM25 + dense retrieval fusion Reciprocal rank fusion, rank constant = 1
Candidate scoring Profile-context prior weight 0.20
Candidate scoring Matched-entity bonus 0.05 per overlapping entity
Candidate scoring Matched-relation bonus 0.10 per overlapping relation pair
Reranking Cross-encoder rerank depth 25 episodes
Final answer context Returned memories 10 episodes

Table 7: Main retrieval hyperparameters used by LightGMEM QA. Episode candidates are first recalled lexically
and semantically, then expanded with graph signals and re-ranked before answer generation.

LoCoMo scale Value

Released conversations 10
Average sessions per conversation 27.2
Average turns per conversation 588.2
Average tokens per conversation 16,618.1
Maximum sessions in one conversation 32

Table 8: Scale statistics of the LoCoMo benchmark.

LoCoMo type Count Reported in Table 2

Multi-Hop 282 282
Temporal Reasoning 321 321
Open-Domain 96 96
Single-Hop 841 841

Total 1,540 1,540

Table 9: LoCoMo question categories reported in our
main results.

LongMemEval-S scale Value

Evaluation instances 500
Approximate context depth per problem 115K tokens
Approximate history length per problem ∼40 sessions

Table 10: Scale statistics of LongMemEval-S.

LongMemEval-S type Share in Figure 9(a)

single-session-user 14%
single-session-assistant 11%
single-session-preference 6%
multi-session 27%
temporal-reasoning 27%
knowledge-update 16%

Table 11: LongMemEval-S question-type distribution.
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D.3 Evaluation Metrics851

We use three answer-quality metrics in the QA ex-852

periments: LLM-as-a-Judge (LLM-J), token-level853

F1, and BLEU-1. For the lexical metrics, the eval-854

uation script first lowercases both prediction and855

reference, removes articles (a, an, the), maps non-856

alphanumeric characters to spaces, collapses re-857

peated whitespace, and then tokenizes on spaces.858

Let ŷ and y denote the resulting prediction and859

reference token sequences.860

LLM-J. LLM-J is the accuracy of a binary LLM861

grader that labels each answer as CORRECT or862

WRONG. For N evaluated questions,863

LLM-J =
1

N

N∑
i=1

I[gi = CORRECT],864

where gi is the grader output for question i.865

Token-level F1. Let m =866 ∑
w min(cŷ(w), cy(w)) be the multiset to-867

ken overlap, where cŷ(w) and cy(w) count868

occurrences of token w in ŷ and y. Precision and869

recall are870

P =
m

|ŷ|
, R =

m

|y|
,871

and the reported score is872

F1 =
2PR

P +R
.873

This metric rewards lexical overlap after normaliza-874

tion while remaining less strict than exact-match875

judging.876

BLEU-1. BLEU-1 uses clipped unigram preci-877

sion with a brevity penalty:878

p1 =
m

|ŷ|
,

BP =

{
1, |ŷ| > |y|,
exp(1− |y|/|ŷ|), |ŷ| ≤ |y|,

879

880
BLEU-1 = BP · p1.881

Compared with F1, BLEU-1 penalizes overly short882

generations more directly through the brevity term.883

D.4 Additional LongMemEval-S Metrics884

Table 12 reports the token-level F1 and BLEU-1885

scores of LightGMEM on LongMemEval-S. These886

metrics supplement the LLM-as-a-Judge results887

reported in Table 3.888

Type LLM-J F1 B1

knowledge-update 0.782 0.606 0.557
multi-session 0.511 0.423 0.378
single-session-assistant 0.964 0.808 0.718
single-session-preference 0.733 0.113 0.026
single-session-user 0.986 0.844 0.795
temporal-reasoning 0.459 0.382 0.289

Table 12: Additional LongMemEval-S metrics for Light-
GMEM. LLM-J denotes LLM-as-a-Judge accuracy, B1

denotes BLEU-1.

D.5 Retrieval Hit Rate by Category 889

Tables 13 and 14 summarize QA retrieval hit rates 890

by question category and top-k. For LoCoMo, 891

retrieved memories are chunk-level spans, so a 892

prediction is counted as a hit when a gold evi- 893

dence turn falls inside a retrieved chunk range. For 894

LongMemEval-S, the retrieved memories are di- 895

rectly compared against the stored gold evidence 896

turn identifiers in the result file. 897

LoCoMo type Hit@1 Hit@3 Hit@5

Multi-Hop 0.521 0.780 0.865
Temporal Reasoning 0.567 0.801 0.875
Open-Domain 0.312 0.458 0.562
Single-Hop 0.709 0.899 0.926

Table 13: LoCoMo retrieval hit rates by category and
top-k.

LongMemEval-S type Hit@1 Hit@3 Hit@5

knowledge-update 0.410 0.782 0.846
multi-session 0.466 0.774 0.872
single-session-assistant 0.357 0.464 0.464
single-session-preference 0.400 0.667 0.733
single-session-user 0.586 0.743 0.786
temporal-reasoning 0.594 0.805 0.857

Table 14: LongMemEval-S retrieval hit rates by cate-
gory and top-k.

D.6 Community Ablation Metrics 898

The community-ablation study in Table 5 899

reports semantic coherence, relation density, 900

and downstream LLM-J. The evaluation script 901

in run_community_evaluation.py computes a 902

broader set of structural metrics on the community 903

overlay, which we summarize here. 904

Let the detected communities be C = 905

{C1, . . . , CM}. For each community C, let VC be 906

its entity set, EC its supporting episodes, ze the em- 907

bedding of episode e ∈ EC , z̄C = 1
|EC |

∑
e∈EC

ze 908

the mean episode embedding, dC the embedding 909
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of the generated community description, and Rin
C910

the set of original entity-relation edges whose two911

endpoints both lie in VC .912

Semantic coherence and fidelity. Community913

coherence is the average pairwise cosine similarity914

among supporting-episode embeddings within a915

community, averaged over all communities with at916

least two supporting episodes:917

Coherence =
1

|CE≥2|
∑

C∈CE
≥2

2

|EC |(|EC | − 1)

·
∑

ei<ej∈EC

cos(zei , zej ).

918

Description fidelity measures how well the gener-919

ated topic description matches the mean episode920

semantics:921

Fidelity =
1

|C′|
∑
C∈C′

cos(dC , z̄C),922

where C′ contains communities with a non-empty923

description and at least one supporting episode.924

Separation, relation density, and temporal co-925

herence. Inter-community separation is defined926

as one minus the mean pairwise cosine similarity927

between community mean embeddings:928

Separation = 1− 1(
M
2

) ∑
1≤a<b≤M

cos(z̄Ca , z̄Cb
).929

Relation density measures how many of the possi-930

ble intra-community entity pairs are supported by931

original graph edges:932

RelDens =
1

|CV≥2|
∑

C∈CV
≥2

|Rin
C |

|VC |(|VC | − 1)/2
.933

Temporal coherence is reported as the average stan-934

dard deviation of supporting-episode timestamps,935

converted to days, so lower is better:936

TempStd =
1

|CT≥2|
∑

C∈CT
≥2

std({te : e ∈ EC}) .937

Community-size inequality. Let x(1) ≤ · · · ≤938

x(M) be the sorted community entity counts. The939

reported Gini coefficient is940

Gini =
2
∑M

i=1 ix(i)

M
∑M

i=1 x(i)
− M + 1

M
.941

Lower Gini indicates a more even size distribution 942

across communities. 943

Table 15 adds the structural metrics that were not 944

shown in the main paper for the three community 945

algorithms compared in Table 5. 946

Setting Fidelity ↑ Separation ↑ Temp Std ↓ Gini ↓

Ego-Splitting 0.656 0.067 57.75 0.000
Label Propagation 0.621 0.052 61.16 0.047
Leiden 0.618 0.109 59.30 0.057

Table 15: Supplementary community-ablation metrics
on LoCoMo. Coherence and relation density are already
reported in Table 5; this table adds the remaining struc-
ture metrics computed by the community evaluation
script. Lower Temp Std and Gini are better.

E Prompt Templates 947

This appendix lists the prompt templates used in the 948

main LightGMEM pipeline for entity disambigua- 949

tion, entity-profile construction, and community 950

description generation. For readability, runtime 951

values are replaced with uppercase placeholders 952

such as <MESSAGES> and <EXISTING_ENTITIES>. 953

E.1 Entity Disambiguation Prompt 954

Prompt name: dedupe_nodes.nodes 955
956

SYSTEM 957
You are a helpful assistant that determines whether or not 958

ENTITIES extracted 959
from a conversation are duplicates of existing entities. 960

961
USER 962
<MESSAGES> 963
<SERIALIZED_MESSAGES> 964
</MESSAGES> 965

966
Each of the following ENTITIES was extracted from the MESSAGES 967

block. 968
Each entity in ENTITIES is represented as a JSON object with 969

the following 970
structure: 971
{ 972

id: integer id of the entity, 973
name: "name of the entity", 974
entity_type: ["Entity", "<optional additional label>", 975
...], 976

entity_type_description: "Description of what the entity 977
type represents" 978

} 979
980

<ENTITIES> 981
<SERIALIZED_EXTRACTED_ENTITIES> 982
</ENTITIES> 983

984
<EXISTING ENTITIES> 985
<SERIALIZED_EXISTING_ENTITIES> 986
</EXISTING ENTITIES> 987

988
Each entry in EXISTING ENTITIES is an object with the 989

following structure: 990
{ 991

candidate_id: integer id of the candidate entity, 992
name: "name of the candidate entity", 993
aliases: ["known alias", ...], 994
dialog_contents: ["dialog content where this candidate 995
entity appeared", ...], 996

cooccurring_entity_names: [ 997
"entity name seen in the same message/dialog context", 998

... 999
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],1000
relation_neighbor_names: [1001

"entity name directly connected by extracted relations1002
", ...1003

],1004
...<selected supporting attributes>1005

}1006
1007

For each of the above ENTITIES, determine if the entity is a1008
duplicate of any1009

of the EXISTING ENTITIES.1010
1011

Entities should only be considered duplicates if they refer to1012
the same1013

real-world object or concept.1014
1015

Do NOT mark entities as duplicates if:1016
- They are related but distinct.1017
- They have similar names or purposes but refer to separate1018

instances or1019
concepts.1020

1021
Task:1022
ENTITIES contains <NUM_ENTITIES> entities with IDs 0 through1023
<NUM_ENTITIES_MINUS_1>. Your response MUST include EXACTLY <1024

NUM_ENTITIES>1025
resolutions with IDs 0 through <NUM_ENTITIES_MINUS_1>. Do not1026

skip or add IDs.1027
1028

For every entity, return an object with the following keys:1029
{1030

"id": integer id from ENTITIES,1031
"name": the best full name for the entity (preserve the1032
original name unless1033

a duplicate has a more complete name),1034
"duplicate_id": the exact candidate_id of the EXISTING1035
ENTITY that is the1036

best duplicate match, or -1 if there is no1037
duplicate,1038

"duplicate_name": the exact top-level name field of that1039
same EXISTING1040

ENTITY, or empty string if there is no1041
duplicate1042

}1043
1044

Respond with a JSON object in exactly this shape:1045
{1046

"entity_resolutions": [1047
{1048

"id": 0,1049
"name": "entity name",1050
"duplicate_id": -1,1051
"duplicate_name": "matching existing entity name1052

or empty string"1053
}1054

]1055
}1056

1057
- Always use the exact candidate_id of an EXISTING ENTITY for1058

duplicate_id.1059
- Only use the exact top-level name field of that same1060

EXISTING ENTITY for1061
duplicate_name.1062

- Never return an alias, a cooccurring entity name, a relation1063
neighbor name,1064

or any string copied from dialog_contents.1065
- Use duplicate_id: -1 and empty string if there is no1066

duplicate.1067
- Never fabricate entity names.10681069

E.2 Entity Profile Construction Prompt1070

Prompt name: my_tests.new_graph_paradigm.1071

extract_<entity_type>_profile1072

This template is instantiated separately for1073

each profiled entity type. The placeholder1074

<ENTITY_TYPE> is replaced by the current type1075

(e.g., Person, Organization, Event), and1076

<SINGLE_VALUE_ATTRIBUTES> is filled with the1077

type-specific attributes that must take at most one1078

value. The final three safety rules are only added 1079

for Person. 1080
1081

SYSTEM 1082
You are a helpful assistant that extracts <ENTITY_TYPE> 1083

properties from the 1084
provided messages and structured relationship evidence. 1085

1086
USER 1087
Given the MESSAGES, ENTITY, and RELATIONSHIP_EVIDENCE, update 1088

the 1089
<ENTITY_TYPE> attributes. 1090

1091
Guidelines: 1092
1. Do not hallucinate values that are not supported by the 1093

MESSAGES or 1094
RELATIONSHIP_EVIDENCE. 1095

2. Use RELATIONSHIP_EVIDENCE as reference when deciding 1096
attributes that involve 1097

other entities. 1098
3. Use the existing ENTITY attributes as prior context, but 1099

only return values 1100
grounded in the current evidence. 1101

4. Do not overwrite, delete, or weaken an existing attribute 1102
unless the current 1103

MESSAGES or RELATIONSHIP_EVIDENCE provide clear support for 1104
the change. 1105

5. If the current evidence is insufficient to refine a field, 1106
preserve the 1107

prior value by leaving that field empty in your update 1108
instead of guessing. 1109

6. description must never be empty. Always return a short, 1110
evidence-grounded 1111

description of what this ENTITY is. 1112
7. RELATIONSHIP_EVIDENCE provides candidate values for 1113

attributes that involve 1114
other entities. Use the MESSAGES as the primary evidence 1115

when deciding 1116
whether those candidates should affect the profile. 1117

8. When generating profileAttributeFacts, the source entity is 1118
the current 1119

ENTITY name, and the target entity name must be chosen only 1120
from the 1121

corresponding candidates in RELATIONSHIP_EVIDENCE. 1122
9. Each generated fact must connect two distinct entities. Do 1123

not generate 1124
duplicate or semantically redundant facts. 1125

10. Each generated fact should closely paraphrase the 1126
supporting message 1127

evidence instead of quoting it verbatim. If time 1128
expressions are vague or 1129

relative, resolve them using the message timestamps only 1130
when the evidence 1131

supports that resolution. 1132
11. The following attributes are SINGLE-VALUE attributes for 1133

this entity type: 1134
<SINGLE_VALUE_ATTRIBUTES> 1135

12. For each SINGLE-VALUE attribute, choose at most one best 1136
value. If 1137

RELATIONSHIP_EVIDENCE contains multiple candidates, use 1138
the MESSAGES to 1139

choose the single best-supported value. Do not combine 1140
multiple candidates 1141

into one field. 1142
13. If a SINGLE-VALUE attribute does not have a clearly 1143

supported best value, 1144
keep the prior value when it is still plausible; otherwise 1145

leave the field 1146
empty. 1147

14. For Person entities, do not infer a personal name from 1148
nearby context 1149

unless the MESSAGES explicitly identify this ENTITY as 1150
that named person. 1151

15. If the ENTITY is a generic role, descriptor, or group 1152
label, leave 1153

givenName, familyName, and additionalName empty unless the 1154
MESSAGES 1155

explicitly rename that same ENTITY. 1156
16. Do not copy another person's name onto this ENTITY just 1157

because they appear 1158
in the same message or conversation. 1159

1160
<MESSAGES> 1161
<TIMESTAMPED_MESSAGE_BLOCK> 1162
</MESSAGES> 1163

1164
<ENTITY> 1165
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{1166
"name": "<ENTITY_NAME>",1167
"attributes": <SERIALIZED_EXISTING_ATTRIBUTES>1168

}1169
</ENTITY>1170

1171
<RELATIONSHIP_EVIDENCE>1172
<SERIALIZED_RELATIONSHIP_EVIDENCE>1173
</RELATIONSHIP_EVIDENCE>11741175

E.3 Community Description Prompt1176

Prompt name: my_tests.new_graph_paradigm.1177

topic_description1178
1179

SYSTEM1180
You are a helpful assistant that names graph topics and1181

describes them using1182
only the provided entities and supporting episodes. Your1183

description should1184
cover the community broadly rather than focusing on only the1185

most salient1186
entity.1187

1188
USER1189
Create a concise topic node for this entity community.1190

1191
Requirements:1192
- name: 3 to 8 words, noun-phrase style, specific and readable.1193

1194
- description: 2 to 3 sentences, grounded only in the provided1195

entities and1196
episodes.1197

- Do not invent facts that are not supported by the context.1198
- Prefer a community-level summary that reflects the main1199

shared activities,1200
relationships, roles, or themes across the entity set.1201

- The description should cover as many community entities as1202
possible, not just1203

one or two prominent members. But make sure the description1204
still represents1205

the overall community composition.1206
1207

<COMMUNITY ENTITIES>1208
[1209
{1210

"name": "<ENTITY_NAME>",1211
"entity_type": "<ENTITY_TYPE>",1212
"mention_count": <MENTION_COUNT>1213

}1214
]1215
</COMMUNITY ENTITIES>1216

1217
<SUPPORTING EPISODES>1218
[1219
{1220

"dia_id": "<DIA_ID>",1221
"session_id": "<SESSION_ID>",1222
"valid_at": "<TIMESTAMP>",1223
"matched_entities": ["<ENTITY_1>", "<ENTITY_2>"],1224
"text": "<EPISODE_TEXT>"1225

}1226
]1227
</SUPPORTING EPISODES>12281229

F Runtime Ablation Details1230

We report runtime ablations on LoCoMo by decom-1231

posing graph construction into four stages: entity1232

and relation extraction, entity disambiguation, en-1233

tity profile construction, and community detection.1234

The default setting is the main system used in the1235

paper, with GLiNER2 extraction, parallel conflict-1236

lane disambiguation, entity profile construction,1237

and Ego-Splitting community detection. We then1238

replace GLiNER2 with LLM-based extraction, and1239

separately replace parallel disambiguation with its 1240

matched serial version. Table 16 reports absolute 1241

stage time and normalized stage share for each set- 1242

ting. 1243

Setting Metric Ext. Dedup. Prof. Comm.

Default
(969.3s)

Sec. 120.4 294.9 526.5 32.8
Share 12.35% 30.26% 54.03% 3.37%

LLM Ext.
(3887.2s)

Sec. 3051.8 555.6 462.9 291.2†

Share 69.97% 12.74% 10.61% 6.68%

Serial Dedup
(1654.4s)

Sec. 110.2 991.4 498.2 35.6†

Share 6.74% 60.62% 30.47% 2.18%

Table 16: Stage-wise runtime composition on LoCoMo.
Each setting is shown with one row for stage time and
one row for normalized stage share.

Under the default pipeline, profile construction 1244

is the dominant stage, followed by disambigua- 1245

tion. Replacing GLiNER2 with LLM extraction 1246

shifts the main bottleneck to extraction, while 1247

replacing parallel disambiguation with its serial 1248

counterpart makes disambiguation the dominant 1249

cost. GLiNER2 reduces extraction-stage time from 1250

3051.789 seconds to 120.368 seconds, yielding a 1251

25.354× speedup over LLM-based extraction. Par- 1252

allel conflict-lane execution reduces deduplication 1253

time from 991.388 seconds to 294.899 seconds, 1254

yielding a 3.362× deduplication-stage speedup. In- 1255

cluding the community stage, the default pipeline is 1256

4.010× faster end-to-end than the LLM-extraction 1257

variant and 1.707× faster than serial deduplica- 1258

tion. 1259
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