
Mnemis: Dual-Route Retrieval on Hierarchical Graphs for Long-Term
LLM Memory

Anonymous ACL submission

Abstract001

AI Memory, specifically how models organizes002
and retrieves historical messages, becomes003
increasingly valuable to Large Language004
Models (LLMs), yet existing methods (RAG005
and Graph-RAG) primarily retrieve memory006
through similarity-based mechanisms. While007
efficient, such System-1-style retrieval008
struggles with scenarios that require global009
reasoning or comprehensive coverage of all010
relevant information. In this work, We propose011
Mnemis, a novel memory framework that012
integrates System-1 similarity search with a013
complementary System-2 mechanism, termed014
Global Selection. Mnemis organizes memory015
into a base graph for similarity retrieval and016
a hierarchical graph that enables top-down,017
deliberate traversal over semantic hierarchies.018
By combining the complementary strength019
from both retrieval routes, Mnemis retrieves020
memory items that are both semantically021
and structurally relevant. Mnemis achieves022
state-of-the-art performance across all023
compared methods on long-term memory024
benchmarks, scoring 93.9 on LoCoMo and025
91.6 on LongMemEval-S using GPT-4.1-mini.026

027

1 Introduction028

With the rapid advancement of Large Language029

Models (LLMs), there is a growing trend to inte-030

grate memory mechanisms to support long-term in-031

teractions (Lewis et al., 2020; Ouyang et al., 2025;032

Behrouz et al., 2024). As LLMs shift from text gen-033

erators to persistent interactive agents, the ability034

to organize and retrieve past interactions becomes035

increasingly valuable. The prevailing research036

paradigm is based on retrieval-augmented genera-037

tion (RAG). Inspired by human episodic memory038

(Tulving et al., 1972), these methods (e.g. SeCom039

(Pan et al., 2025), Memory-R1 (Yan et al., 2025))040

explicitly store historical messages (i.e., Episodes)041

and retrieve only the most relevant pieces (Arslan042

et al., 2024; Lewis et al., 2020). This design al- 043

leviates the computational and latency issues of 044

long-context models and keeps the input compact 045

and focused. However, its effectiveness critically 046

depends on retrieval quality. 047

Recent work on graph-based RAG (Graph-RAG) 048

extends RAG by incorporating concepts from se- 049

mantic memory (Tulving et al., 1972). Graph-RAG 050

(e.g. GraphRAG (Edge et al., 2024), Nemori (Nan 051

et al., 2025), Mem0 (Chhikara et al., 2025), and 052

Zep (Rasmussen et al., 2025)) extracts memory 053

segments, e.g. Entities (key figures, objects, or con- 054

cepts) and Edges (events or relationships connect- 055

ing Entities) and organizes memory into a struc- 056

tured graph. These methods highlight essential 057

information and enable more effective and seman- 058

tically meaningful retrieval. 059

Although Graph-RAG-based methods mark an 060

important step toward structured memory, their 061

retrieval remains largely similarity-driven, select- 062

ing Episodes, Entities, or Edges via text matching 063

(BM25) or embedding similarity (cosine). This 064

approach is fast and effective, and resembles the 065

System-1 process in dual-process theory (Kahne- 066

man, 2011), but becomes limited when queries 067

require global reasoning or comprehensive cover- 068

age of all relevant information. Although recent 069

research has explored iterative generation of sub- 070

queries to mitigate this issue, such methods still 071

fall short for questions that require a broader per- 072

spective (Wang et al., 2025; Jin et al., 2025). For 073

example, consider the query "Which cities did Dave 074

travel to in 2023?" from LoCoMo Benchmark (Ma- 075

harana et al., 2024), as shown in fig. 1. The mention 076

"attended a conference in Detroit." is buried in a 077

long message and has only a weak semantic rela- 078

tion to the user query. Moreover, generating effec- 079

tive sub-queries is challenging as the model lacks a 080

global view of the memory to determine how the 081

original query should be meaningfully expanded. 082

Recalling how human approach such questions, 083
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Figure 1: Framework of Mnemis together with the workflow of base graph ingestion, hierarchical graph ingestion
and search. Left is a real case from LoCoMo.

it can be naturally addressed using a semantic hier-084

archy. We can begin with a high-level concept (e.g.085

city), enumerate all the cities we have visited and086

verify them one-by-one. This kind of solution op-087

erates over a global view of memory and naturally088

avoids the need for sub-query generation, reflect-089

ing a structured process characteristic of System-2090

reasoning (Kahneman, 2011).091

Inspired by this observation, we propose an anal-092

ogous mechanism, called Global Selection, which093

constructs a hierarchical graph that provides a com-094

plete, global, and structured view of the entire mem-095

ory, mimicking human semantic hierarchies. It al-096

lows models to perform top-down, deliberate mem-097

ory scanning within it. In this example, Global098

Selection can start from the top layer and follow099

the path "Geography" → "Geographical Locations"100

→ "Detroit" to retrieve the relevant information.101

In practice, real-world queries often benefit from102

combining both the System-1 and System-2 pro-103

cesses, as they operate through different retrieval104

patterns. Motivated by this, we present Mnemis, a105

novel and effective framework to organize and re-106

trieve AI memory. Mnemis comprises two storage107

components: a base graph and a hierarchical graph,108

and two corresponding retrieval routes: System-109

1 similarity search and System-2 global selection.110

The base graph, similar to prior Graph-RAG de-111

signs, extracts Entities and Edges from history texts112

(Episodes) to support similarity-based retrieval. We113

refine the extraction pipeline to increase extraction114

fields and improve extraction quality. In contrast,115

the hierarchical graph prompts LLMs to catego- 116

rize Entities into higher-level Categories through 117

bottom-up. This process follows three key prin- 118

ciples: (1) Minimum Concept Abstraction: each 119

Category should faithfully capture the shared fea- 120

tures of its child nodes. It should be specific enough 121

to be informative, yet sufficiently general to sup- 122

port abstraction; (2) Many-to-Many Mapping: one 123

child node can be assigned to multiple Categories 124

to represent its different semantic facets; and (3) 125

Compression Efficiency Constraint: one Category 126

must contain at least n children and higher layers 127

must contain no more Categories than lower layers 128

(applied from layer 2 onward). 129

When a query arrives, the similarity search route 130

conducts a semantic search based on embeddings 131

and text similarity, while the global search per- 132

forms a top-down selection through the hierarchi- 133

cal graph, layer by layer. Down to the lowest 134

level, the LLM first selects all relevant entities and 135

then retrieves all edges, entities and episodes con- 136

nected to them. These two routes capture comple- 137

mentary signals: System-1 provides fine-grained 138

semantic similarity evidence, while System-2 re- 139

trieves structurally relevant items that may be se- 140

mantically distant yet relationally important. By 141

combining and re-ranking the union of both routes, 142

Mnemis achieves SOTA performance across all 143

compared methods on long-term memory bench- 144

marks, scoring 93.9 on LoCoMo and 91.6 on 145

LongMemEval-S using GPT-4.1-mini. Our con- 146

tributions can be summarized as below: 147
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• We introduce Mnemis, a novel framework148

that integrates System-1 similarity search with149

System-2 global selection to perform both se-150

mantic retrieval and deliberate, top-down rea-151

soning over memory;152

• We improve the base graph extraction and con-153

struct a hierarchical graph for global selec-154

tion, guided by Minimum Concept Abstrac-155

tion, Many-to-Many Mapping, and Compres-156

sion Efficiency Constraint;157

• We perform comprehensive experiments to158

demonstrate the effectiveness of Mnemis.159

Mnemis achieves SOTA performance on long-160

term memory benchmarks, scoring 93.9 on161

LoCoMo and 91.6 on LongMemEval-S using162

GPT-4.1-mini.163

2 Mnemis Methodology164

To achieve effective memory organization, Mne-165

mis constructs two major components: a base graph166

and a hierarchical graph and two key memory re-167

trieval mechanisms: System-1 Similarity Search168

and System-2 Global Selection. We implement169

Mnemis based on Graphiti1.170

2.1 Base Graph171

The base graph stores historical messages and cap-172

tures detailed information, enabling Mnemis to per-173

form System-1 Similarity Search. It consists of174

four components: Episodes, Entities, Edges and175

Episodic Edges.176

Episodes. Each episode is a piece of raw histori-177

cal text. It is encoded into an episode_embedding178

for similarity-based retrieval. Its timestamp is179

recorded at valid_at.180

Entities. An entity is any concrete person, or-181

ganization, place, object, event, or well-defined182

concept. Each entity includes name, summary, tag,183

and episode_idx. The summary provides a con-184

cise contextual description, the tag specifies its185

type or role, and episode_idx tracks the episodes186

it appears. We encode name and summary into cor-187

responding embeddings for flexible search.188

Edges. An edge is a verifiable statement de-189

scribing a meaningful relationship, action, or state190

involving one or more specified entities within191

a defined temporal or contextual scope. Each192

edge connects two entities through a fact, which193

is encoded as a fact_embedding. Additionally,194

1urlhttps://github.com/getzep/graphiti

valid_at and invalid_at specify the time span 195

during which the edge is considered valid. 196

Episodic Edges. An episodic edge links entities 197

to all episodes where they appear. It is utilized dur- 198

ing global search to retrieve all episodes associated 199

with selected entities. 200

The ingestion of the base graph is conducted in- 201

crementally: new inputs are first formatted into 202

Episodes. Based on their timestamps, recent 203

Episodes will be retrieved to provide additional 204

context. During extraction, the LLM first iden- 205

tifies entity names from both the current and re- 206

cent Episodes, followed by a reflection process 207

to capture omitted entity names. These names 208

are then de-duplicated against existing entities in 209

memory, using a combination of full-text search 210

and similarity search over the name_embedding. 211

After de-duplication, each entity’s summary, tag, 212

and episode_idx are extracted according to the 213

episode context. Subsequently, Edges are extracted 214

using both Episodes and Entities as contextual in- 215

puts, followed by reflection and de-duplication 216

steps analogous to those used in entity extraction. 217

2.2 Hierarchical Graph 218

The hierarchical graph abstracts Entities (layer 0) 219

into multi-level Categories, enabling the LLM to 220

perform System-2 Global Selection. The structure 221

consists of two components, as shown in fig. 2. 222

Category Nodes (Categories). A category rep- 223

resents an abstract, high-level concept derived from 224

lower-layer categories (or entities at layer 0). It 225

shares the same core fields as an Entity, with an 226

additional attribute layer indicating its position 227

within the hierarchical graph. 228

Category Edges. A category edge links a higher- 229

layer category to its child nodes (either lower-layer 230

categories or entities). These edges define the hier- 231

archical organization of the graph and support the 232

top-down traversal process in global selection. 233

The ingestion of hierarchical graph is governed 234

by three key design principles: 235

Minimum Concept Abstraction. While cate- 236

gories are intended to capture the shared semantics 237

of their child nodes, we explicitly prompt the LLM 238

to perform minimal abstraction. The resulting cate- 239

gory should remain sufficiently specific to preserve 240

informative detail, leaving room for broader gener- 241

alizations at higher layers. 242

Many-to-Many Mapping. Unlike conventional 243

tree-structured hierarchies, Mnemis permits lower- 244

layer nodes to belong to multiple higher-layer cat- 245
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egories. This design allows the hierarchy to rep-246

resent different semantic facets of each node, en-247

abling retrieval from multiple perspectives depend-248

ing on the query.249

Compression Efficiency Constraint. To en-250

sure the efficiency of System-2 Global Selection,251

the hierarchy is regulated by two complementary252

mechanisms: (1) the compression ratio n and (2)253

the node count reduction rule, which takes effect254

from layer 2 onward.255

The compression ratio constrains the hierarchy256

at the category level. Each category must contain257

at least n child nodes. An exception is made for258

nodes that cannot be naturally merged with others;259

such nodes are directly promoted to the next layer260

as standalone categories, encouraging meaningful261

aggregation while preventing overly fine-grained262

or trivial categories.263

The node count reduction rule, in contrast, con-264

strains the hierarchy at the layer level: each upper265

layer must contain no more nodes than the layer266

beneath it, ensuring progressive abstraction across267

layers. If this rule is violated, e.g., when multiple268

nodes are promoted directly without merging and269

the result layer is oversized, the ingestion process270

is terminated to maintain hierarchical balance.271

Guided by the principles above, the hierarchi-272

cal graph is constructed layer by layer. At layer i,273

all nodes from layer i − 1 are first retrieved. Cat-274

egory names are then generated, and lower-layer275

nodes are assigned to these categories using their276

names and tags as contextual information. The277

construction process terminates when either the278

compression efficiency constraints are violated or279

the maximum layer limit is reached.280

When the base graph is updated, the hierarchical281

graph should be updated accordingly. Currently,282

we periodically rebuild the hierarchical graph for283

simplicity and leave optimization for future work.284

2.3 Memory Retrieval Mechanisms285

Mnemis contains two major memory retrieval286

routes: System-1 Similarity Search and System-2287

Global Selection. Given a user query, Mnemis re-288

trieves Episodes, Entities and Edges and prompts289

LLM to get the final answer.290

System-1 Similarity Search. This route re-291

trieves the top-k Episodes, Entities, and Edges,292

providing fast and effective retrieval based on se-293

mantic similarity. It operates through two com-294

plementary methods: embedding search, which295

retrieves relevant items by computing cosine sim-296
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ilarity between the query embedding and the 297

corresponding embeddings (summary_embedding 298

for Entities, fact_embedding for Edges, and 299

episode_embedding for Episodes); and full-text 300

search, which retrieves relevant components using 301

BM25 over textual content (content for Episodes, 302

name and summary for Entities, and fact for 303

Edges). These two results are then merged and 304

re-ranked using reciprocal rank fusion (RRF) (Cor- 305

mack et al., 2009), which computes a fusion score 306

by summing the reciprocals of each candidate’s 307

ranks and orders candidates in descending score. 308

Episodes, Entities, and Edges are re-ranked sepa- 309

rately and then truncated to top-k according to the 310

predefined search budget. 311

System-2 Global Selection. This route en- 312

ables deliberate, top-down exploration of memory 313

through the hierarchical graph. Because the pro- 314

cess is primarily structure-driven and the selection 315

at each layer is fully determined by the LLM, no 316

strict top-k constraint is applied. Starting from 317

the top layer, the LLM uses category names and 318

tags to select relevant Categories based on the user 319

query and progressively browses down the hierar- 320

chy. At the lowest level, all relevant entities are first 321

selected. Mnemis then retrieves all episodes and 322

edges directly connected to these entities, along 323

with the entities linked through those edges. 324

Re-ranking. After executing both retrieval 325

routes, we apply a re-ranking model to leverage 326

their complementary strengths.2 Episodes, Entities 327

2As System-2 produces unordered results, we cannot di-
rectly apply an RRF re-ranker as in System-1.
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Table 1: Detailed performance (LLM-as-a-Judge score) on LoCoMo by question type. Following the common
practice, Category 5 (Adversarial) is excluded from the results.

LLM Methods Multi-Hop Temporal Open-Domain Single-Hop Overall

♯Questions 282 321 96 841 1540

G
PT

-4
o-

m
in

i

Full Context 66.8 56.2 48.6 83.0 72.3
RAG 59.9 62.9 63.5 73.5 68.2

LangMem 52.4 24.9 47.6 61.4 51.3
MemOS 64.3 73.2 55.2 78.4 73.3
Mem0 60.3 50.4 40.6 68.1 61.3
Zep 50.5 58.9 39.6 63.2 58.5
Nemori 65.3 71.0 44.8 82.1 74.4
EMem-G 74.7 76.0 57.3 82.3 78.0
Mnemis 89.7 77.6 79.2 95.7 89.8

G
PT

-4
.1

-m
in

i

Full Context 77.2 74.2 56.6 86.9 80.6
RAG 64.9 76.6 67.7 76.5 73.8

LangMem 71.0 50.8 59.0 84.5 73.4
Mem0 68.2 56.9 47.9 71.4 66.3
Zep 53.7 60.2 43.8 66.9 61.6
Nemori 75.1 77.6 51.0 84.9 79.5
PREMem 61.0 74.8 46.9 66.2 65.8
EverMemOS 91.1 89.7 70.8 96.1 92.3
EMem-G 79.6 80.8 71.7 90.5 85.3
Mnemis 91.8 90.3 82.3 96.2 93.3
Mnemis (k=30) 92.9 90.7 79.2 97.1 93.9

(Categories), and Edges are re-ranked separately.328

They are then reformatted into a unified memory329

context and provided to the answer model, together330

with the user query, to generate the final response.331

3 Experiments332

3.1 Experiment Setups333

Datasets. We evaluate Mnemis on two well-known334

AI memory benchmarks: LoCoMo (Maharana335

et al., 2024) and LongMemEval-S (Wu et al., 2024).336

LoCoMo consists of long-term conversations from337

10 users, with each user contributing approximately338

600 turns across 32 sessions, totaling around 16K339

tokens on average. The dataset contains roughly340

2,000 questions spanning five diverse categories:341

Single-Hop, Multi-Hop, Temporal, Open-Domain,342

and Adversarial. LongMemEval-S comprises 500343

sessions, with each session containing one ques-344

tion and roughly 115K tokens, designed to evalu-345

ate five core memory abilities: information extrac-346

tion, multi-session reasoning, temporal reasoning,347

knowledge updates, and abstention.348

Baselines. We compare Mnemis against the fol-349

lowing baselines: LangMem 3, MemOS (Li et al.,350

2025), Mem0 (Chhikara et al., 2025), Zep (Ras-351

mussen et al., 2025), Nemori (Nan et al., 2025), Pre-352

Mem (Kim et al., 2025), EverMemOS4, EMem-G353

3https://github.com/langchain-ai/langmem
4https://github.com/EverMind-AI/EverMemOS/

(Zhou, 2025) using GPT-4o-mini or GPT-4.1-mini 354

as the backend model for memory building and 355

question answering. We directly use their reported 356

performance. In addition, we include two supple- 357

mentary baselines: Full Context, which feeds the 358

entire conversation history to the model, and RAG, 359

which retrieves only episodes while keeping all 360

other settings identical to Mnemis. We also identi- 361

fied several other comparable baselines; however, 362

due to missing details such as the backbone model 363

and hyperparameter settings, we report their results 364

only in appendix C. 365

Hyperparameters. Following Nemori (Nan 366

et al., 2025), we limit the number of retrieved 367

episodes in the answer prompt to top-k = 10, while 368

entities (including categories) and edges are limited 369

to top-2k = 20. We use Qwen3-Embedding-0.6B 370

as the embedding model, with the embedding di- 371

mension fixed at 128 due to storage constraints. 372

The re-ranker model used in the main experiments 373

is Qwen3-Reranker-8B (Zhang et al., 2025). We 374

use neo4j5 as the backend database. Across all 375

experiments, the grader model is consistently GPT- 376

4.1-mini to ensure accurate scoring. 377

Metrics. We employ LLM-as-a-Judge score 378

(0/1) for evaluation and adopt the official judger 379

prompt for each dataset. Following previous meth- 380

ods, Category 5 is excluded from LoCoMo’s score. 381

5https://neo4j.com/
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Table 2: Detailed performance (LLM-as-a-Judge score) on LongMemEval-S, categorized by question type: single-
session-user (SSU), multi-session (MS), single-session-preference (SSP), temporal reasoning (TR), knowledge
update (KU), and single-session-assistant (SSA).

LLM Methods SSU MS SSP TR KU SSA Overall

♯Questions 70 133 30 133 78 56 500

G
PT

-4
o-

m
in

i Full Context 78.6 38.3 6.7 42.1 78.2 89.3 55.0
RAG 88.6 47.4 70.0 63.2 70.5 91.1 67.2

Mem0 91.4 66.2 34.0 63.9 74.4 96.4 71.1
Zep 92.9 47.4 53.3 54.1 74.4 75.0 63.2
Nemori 88.6 51.1 46.7 61.7 61.5 83.9 64.2
EMem-G 87.0 73.6 32.2 74.8 94.4 87.5 77.9
Mnemis 97.1 76.7 90.0 83.5 92.3 100.0 87.2

G
PT

-4
.1

-m
in

i

Full Context 85.7 51.1 16.7 60.2 76.9 98.2 65.6
RAG 82.9 54.9 86.7 67.7 80.8 94.6 72.6

PREMem 92.9 57.1 36.7 59.4 84.6 12.5 60.8
Mem0 94.3 66.9 86.7 75.9 87.2 96.4 80.8
Nemori 90.0 55.6 86.7 72.2 79.5 92.9 74.6
EverMemOS 100.0 78.5 96.7 71.2 87.2 78.6 82.0
EMem-G 94.8 82.6 50.0 83.7 94.4 87.5 84.9
Mnemis 98.6 86.5 100.0 86.5 93.6 100.0 91.6

Table 3: Detailed LLM cost of Mnemis on LoCoMo using GPT-4.1-mini, reported in terms of the number of prompt
tokens, completion tokens, end-to-end runtime. Runtime depends heavily on database latency and parallelism
configuration; the reported values are for reference only, and we will continue to optimize it for greater efficiency.

Stage ♯Prompt Tokens ♯Completion Tokens E2E Runtime(s)

Base Graph Ingestion 3.87× 107 1.06× 106 1111.40
Hierarchical Graph Ingestion 1.39× 107 9.27× 105 3873.26

Global Selection 1.37× 106 1.21× 105 3637.65

3.2 Experiment Results382

The results can be found in tables 1 and 2. Below,383

we provide detailed discussion on the results.384

Full-context models alone are insufficient for385

long-horizon AI memory. Across all settings, we386

observe a clear divergence between Full Context387

and RAG as context length grows. In LoCoMo,388

where the average context is roughly 16K tokens,389

which is well within the optimal operating win-390

dow of modern LLMs (128K), the Full Context391

model remains competitive with most baselines.392

However, this behavior changes dramatically in393

LongMemEval-S, whose average context length394

reaches 115K tokens. As the input approaches or395

exceeds the model’s practical context limit, the Full396

Context model consistently degrades. This contrast397

suggests an important implication for long-term398

memory: real deployments must support months or399

years of accumulated interaction history, far beyond400

what can be reliably handled by a single forward401

pass over the full context. Thus, relying solely402

on the model’s native context window without any403

additional memory management or retrieval mech-404

anisms is insufficient for long-horizon, persistent405

AI memory systems. 406

Mnemis consistently outperforms all base- 407

lines. With limited and aligned context budget 408

(10 episodes, 20 entities, and 20 edges), Mne- 409

mis achieves consistently superior performance 410

across both benchmarks. For relatively eas- 411

ier tasks that are solvable within a single ses- 412

sion or via single-hop reasoning, such as Single- 413

Hop in LoCoMo and single-session-user, single- 414

session assistant, and single-session-preference in 415

LongMemEval-S, Mnemis reaches near-saturated 416

scores. More importantly, on the challenging cat- 417

egories that require multi-hop evidence aggrega- 418

tion or complex temporal or event reasoning, Mne- 419

mis shows substantially larger margins over all 420

baselines. These results demonstrate Mnemis’s 421

strong ability to organize and retrieve memory. 422

We also report the LLM token cost when using 423

GPT-4.1-mini for LoCoMo in table 3. 424

3.3 Ablation Study 425

To further assess the effectiveness of Mnemis, 426

we conduct comprehensive experiments from four 427

perspectives: (1) the influence of System-1 and 428

System-2 routes on the final results; (2) the effect 429

6



Table 4: Detailed performance (LLM-as-a-Judge score) on LoCoMo by question type.

Settings Multi-Hop Temporal Open-Domain Single-Hop Overall

System-1 RAG 64.9 76.6 67.7 76.5 73.8
System-1 Graph 84.8 62.6 74.0 88.6 81.6
System-1 RAG + Graph 85.1 84.7 75.0 93.7 89.1
System-1 Re-ranked 88.7 85.0 75.0 92.4 89.1

System-2 Only 88.1 78.5 79.5 92.0 87.7

System-1 + System-2 91.8 90.3 82.3 96.2 93.3

of backend models (re-ranker, embedding model,430

LLM); (3) the impact of the top-k parameter. For431

simplicity, these experiments are conducted on Lo-432

CoMo using GPT-4.1-mini.433

3.3.1 Influence of System-1 and System-2434

As stated in previous sections, System-1 Similarity435

Search provides a fast, heuristic retrieval mecha-436

nism based on similarities, while System-2 Global437

Selection performs a more structured and reflective438

selection process. To evaluate their individual and439

combined contributions, we compare three configu-440

rations: using only System-1, using only System-2,441

and using both jointly. For System-1, we further442

analyze four settings: (1) System-1 RAG: use re-443

trieved episodes only; (2) System-1 Graph: use re-444

trieved entities and edges only; (3) System-1 RAG445

+ Graph: use episodes, entities and edges jointly;446

and (4) System-1 Re-ranked: the same to (3) but447

replace RRF re-ranker with Qwen3-Reranker-8B.448

The results can be found in table 4. System-1449

Graph slightly wins System-1 RAG as the enti-450

ties and edges are more condensed and informative451

compared to raw episodes. However, the compres-452

sion comes at the cost of certain information loss,453

where episodes could compensate it. System-1454

RAG + Graph hence achieves higher scores. Intro-455

ducing a re-ranking model affects performance in456

some sub-categories, but the overall score remains457

comparable to System-1 RAG + Graph. This in-458

dicates that the performance gain of System-1 +459

System-2 is not primarily driven by the re-ranking460

model, but instead stem from global selection.461

According to the essence of the System-2 route,462

not all user queries are suitable for this process. We463

expect it to perform well on enumerative problems464

(e.g., "find all items that . . . ") but weakly on tem-465

poral problems. Since the search query remains466

unchanged during the route, it may identify some467

key points but fail to capture the full sequence of468

temporal events. In the experiments, about 90.06%469

(1387 / 1540) queries obtain the results, we hence470

report the average score on these valid queries. The471

results match our expectations. With both routes 472

combined, all categories are improved, leveraging 473

the complementary strengths of them. 474

To be more intuitive, we present Mnemis win 475

cases to demonstrate the effectiveness of introduc- 476

ing System-2 Global Selection in appendix B. 477

3.3.2 Impact of top-k 478

The top-k parameter is introduced to balance an- 479

swer cost and accuracy. In the main experiments, 480

we use top-k = 10, meaning that 10 episodes, 20 481

entities, and 20 edges are included in the context 482

to generate the final answer. To evaluate the im- 483

pact of top-k, we vary it across values of 5, 10, 30, 484

and 50, and conduct experiments under the same 485

configuration as section 3.3.1. 486

5 10 30 50
top-k

65

70

75

80

85

90

95

Ov
er

al
l S

co
re

64.3

73.8

82.7 85.6

79.4
81.6

84.7
86.2

86.8

89.1
90.6

91.8

87.3
87.7

87.9 88.1

92.2 93.3 93.9 93.4

System 1 RAG
System 1 Graph
System 1 RAG + Graph
System 2 Only
System 1 + System 2

Figure 3: LoCoMo result across different top-k settings.

The results are shown in fig. 3 with details in ta- 487

ble 9. Reducing top-k from 10 to 5 leads to a clear 488

performance drop in most settings, indicating that a 489

top-k of 5 is insufficient to capture all the evidence 490

needed for user queries. System-1 RAG is espe- 491

cially sensitive to this reduction, particularly on 492

Multi-Hop questions where diverse evidence across 493

multiple parts of the history is required. In contrast, 494

System-1 Graph, which retrieves more information- 495

dense entities and edge, is less affected. System-1 496

RAG + Graph, which combines episodes, entities, 497

and edges, shows more stable performance, and ap- 498

plying the re-ranker in System-2 Only or System-1 499
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Table 5: Detailed performance (LLM-as-a-Judge score) on LoCoMo by question type.

Re-ranker Multi-Hop Temporal Open-Domain Single-Hop Overall

Qwen3-Reranker-0.6B 91.8 90.3 79.2 95.2 92.6
BGE-Reranker-V2-M3 90.1 90.0 77.1 96.4 92.7
Qwen3-Reranker-8B 91.8 90.3 82.3 96.2 93.3

+ System-2 further minimizes fluctuations.500

3.3.3 Effect of Backend Models501

In this section, we analyze the effect of backend502

models (LLM, re-ranker, embedding) on Mnemis.503

LLM. In Mnemis, LLM is responsible for mem-504

ory component extraction and retrieval. Switching505

LLM from GPT-4o-mini to GPT-4.1-mini, Mne-506

mis shows clear improvements across all datasets507

and question types, as show in tables 1 and 2. The508

same trend appears in baselines, which suggests509

that the gains come from the stronger backend510

LLM rather than method specific factors. Given511

GPT-4.1-mini’s favorable cost-performance trade-512

off, we recommend it as the backend LLM.513

Re-ranker. Re-ranker organizes System-1 and514

System-2 search results to provide a compact con-515

text for the answer model. In the main experiments,516

we use Qwen3-Reranker-8B to obtain the best per-517

formance. We further evaluate Mnemis with two518

lightweight re-rankers: (1) Qwen3-Reranker-0.6B519

(Zhang et al., 2025) and (2) BGE-Reranker-V2-M3520

(0.5B) (Chen et al., 2024). As shown in table 5,521

replacing the re-ranker with these smaller models522

results in only minor performance regressions.523

Embedding. Please refer to appendix A.524

4 Related Work525

The core of AI memory lies in how they orga-526

nize and retrieve past interactions. One straight-527

forward way to organize LLMs’ memory is to treat528

them like individuals with hyperthymesia, suppos-529

ing LLM can recall every past interaction without530

additional processing on historical messages (i.e.,531

Episodes). A line of work has therefore focused on532

enlarging the context window of LLMs (Liu et al.,533

2025; Peng et al., 2024). However, naively feeding534

the entire history can quickly become costly and in-535

efficient in many real-world applications due to the536

quadratic scaling of transformers with input length537

(Li et al., 2024), and irrelevant information in his-538

torical messages may further dilute the context (Shi539

et al., 2023).540

Another line of work borrows the idea of541

episodic memory (Tulving et al., 1972). It stores542

historical messages as Episodes and only retrieves 543

relevant items when dealing with user queries, 544

termed as retrieval-augmented generation (RAG) 545

(Arslan et al., 2024; Lewis et al., 2020). Graph- 546

RAG, incorporating concepts from semantic mem- 547

ory (Tulving et al., 1972), extracts Entities (key 548

figures, objects, or concepts) and Edges (events 549

or relationships connecting them) and organizes 550

memory into a structured graph (Nan et al., 2025; 551

Chhikara et al., 2025; Wang and Chen, 2025; Ras- 552

mussen et al., 2025). Some readers may note 553

that GraphRAG (Edge et al., 2024) introduces 554

a hierarchy concept similar to Mnemis. How- 555

ever, GraphRAG and Mnemis differ in two fun- 556

damental ways. First, GraphRAG constructs its 557

hierarchy using community detection algorithms, 558

where each lower-level node is assigned to a sin- 559

gle parent. In contrast, Mnemis supports many- 560

to-many mappings, allowing entities to belong to 561

multiple higher-level categories and resulting in a 562

more expressive and flexible hierarchy. Second, 563

GraphRAG generates answers by independently 564

querying each community and aggregating the out- 565

puts into a final response. Mnemis instead per- 566

forms top-down hierarchical browsing to retrieve 567

relevant memory components, and the final answer 568

is produced based on the aggregated memory con- 569

text rather than separate community-specific re- 570

sponses. 571

5 Conclusion 572

In this work, we introduce Mnemis, a unified mem- 573

ory framework to organize and retrieve AI memory. 574

By combining a refined base graph for System- 575

1 Similarity Search with a hierarchical graph de- 576

signed to support System-2 Global Selection, Mne- 577

mis enables more accurate retrieval than exist- 578

ing RAG and Graph-RAG approaches on memory 579

benchmarks, achieving 93.9 in LoCoMo and 91.6 580

on LongMemEval-S. While the results are strong, 581

several important directions remain open. In future 582

work, we plan to support more data modalities and 583

enhance global selection with more flexible graph 584

traversal and planning mechanisms. 585
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Limitations586

While Mnemis achieves state-of-the-art perfor-587

mance across all compared methods on long-term588

memory benchmarks, several limitations and risks589

remain. First, as memories are extracted by LLMs,590

hallucinations are unavoidable, which may to some591

extent dilute the quality of memory. Second, since592

memories are merged and consolidated for consis-593

tency, when user-requested deletion is required, the594

best practice is to rebuild the memory without the595

corresponding content. To further improve Mne-596

mis, future work will support multi-modal input597

and more flexible memory traversal operations.598
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A Effect of Embedding Model740

The embedding model contributes to the similarity741

based search across Mnemis. In our main experi-742

ments, we adopt Qwen3-Reranker-0.6B and reduce743

its embedding dimension from 1024 to 128 to con-744

trol serving costs by using its MRL capability. To745

isolate and better understand the impact of embed-746

ding quality alone, we further evaluate System 1747

RAG with three additional embedding models: (1)748

BGE-M3 (Chen et al., 2024) with dimension 1024,749

(2) all-MiniLM-L6-v26 with dimension 384, and750

(3) Gemma-300M (Schechter Vera et al., 2025)751

with dimension 768. The results are presented in752

table 6.753

B Case Study754

To be more intuitive, we present Mnemis win cases755

from the LoCoMo and LongMemEval-S bench-756

marks to demonstrate the effectiveness of introduc-757

ing System-2 Global Selection. As illustrated in758

fig. 4, when addressing the query "What health759

issue did Sam face that motivated him to change760

his lifestyle?", similarity-based search could only761

retrieve "gastritis", merely a surface reason found762

in Episode Text 14-0. In contrast, equipped with763

Global Selection, we browse the hierarchical graph764

through "Physical Well-Beings" → "Health" →765

"Health Events" → "Health Conditions" → "gastri-766

tis" to locate the surface cause, and through "Physi-767

cal Well-Beings" → "Health" → "Physical Health"768

→ "Health Factors" → "weight" to locate the essen-769

tial root cause. Along the search path, intermediate770

Categories, such as "Physical Health" and "Health771

Factors" naturally aggregate relevant information772

from their descendants in summary, which further773

enriches the retrieved context.774

fig. 5 provides another win case of Mnemis on775

LongMemEval-S. This question asks the LLM to776

order the three sports events the user participated in777

during June 2026. Similarity-based retrieval strug-778

gles here, as a limited top-k often fails to surface779

all relevant sports events. In contrast, Mnemis can780

simply start from top-leevel category "Sports" and781

browse down through Category "Sports Events"782

and "Sporting Events" and then reliably retrieve all783

events.784

Although the ground truth entities "Midsummer785

5K Run" and "charity soccer tournament" are fil-786

tered out in the final answer context due to limited787

6https://huggingface.co/sentence-transformers/all-
MiniLM-L6-v2

top-k, their related edges, such as "The user par- 788

ticipates in the company’s annual charity soccer 789

tournament. (2023-06-17 - now)" and "The user 790

completed a 5K run at the Midsummer 5K Run 791

with a personal best time of 27 minutes and 42 sec- 792

onds. (2023-06-10 - now)" are still retrieved with 793

rank 9 and 2 respectively. Besides, category nodes 794

like "Sports Events", summarizing the content of 795

their children nodes, also provide sufficient content 796

for the model to answer the question correctly. 797

C Further Benchmark Results 798

We also note several strong recently proposed base- 799

lines: MIRIX (Wang and Chen, 2025), MemU7, 800

EmergenceMem8. However, due to incomplete im- 801

plementation details, such as backend model con- 802

figuration or system workflow, we could not obtain 803

their results under comparable settings. To main- 804

tain fairness, we therefore exclude them from the 805

main evaluation. Here, we report their best publicly 806

available performance, regardless of configuration 807

differences, to provide readers with a broader view 808

of the current landscape. 809

The full results are reported in tables 7 and 8 and 810

align with the findings summarized in section 3.2. 811

Mnemis consistently outperforms all baseline meth- 812

ods across both benchmarks. 813

D Detailed Performance Impact of top-k 814

Beyond the overall trend as shown in fig. 3, a 815

closer breakdown by question type in table 9 re- 816

veals distinct behavioral patterns across retrieval 817

strategies. For System-1 RAG, increasing top-k 818

consistently improves performance across all cate- 819

gories, with particularly large gains on Multi-Hop 820

subset (49.6→81.6). This suggests that the re- 821

trieved text contains necessary but scattered ev- 822

idence, and restricting retrieval too aggressively 823

leads to missing critical evidence. However, even 824

at high top-k, RAG remains relatively weak on 825

Multi-Hop (peaking at 81.6), indicating difficulty 826

in identifying temporally aligned evidence without 827

explicit structure. 828

In contrast, System-1 Graph shows a stronger 829

starting point, especially on structured attributes 830

(e.g., Single-Hop: 86.7 with top-k = 5), mean- 831

ing the graph format inherently surfaces salient 832

relational information without requiring large re- 833

7https://github.com/NevaMind-AI/memU
8https://www.emergence.ai/blog/

sota-on-longmemeval-with-rag
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Table 6: Detailed performance (LLM-as-a-Judge score) on LoCoMo by question type.

Embedder Multi-Hop Temporal Open-Domain Single-Hop Overall

MiniLM 46.1 57.9 64.6 62.5 58.7
BGE-M3 50.0 74.1 63.5 74.0 69.0
Qwen3-Embedding-0.6B 64.9 76.6 67.7 76.5 73.8
Gemma-300M 62.4 78.8 60.4 82.9 76.9

[LoCoMo User 8 QA 11] Q: What health issue did Sam face that motivated him to change his lifestyle? Gold Answer: Weight problem

Physical
Health

Health
Factors

Evan

health
problems

Category_1: ”Health Factor" (rank 1)
tag: ["Weight concern", "Health risk", "Lifestyle change"]
summary: "Health Factors in Sam's life are primarily centered around 
serious health risks related to his weight, which significantly impact 
his well-being and daily life. Sam experiences difficulties in living 
fully due to his weight, which motivates him to improve his health 
through lifestyle changes such as diet and exercise. With advice 
from a doctor and support from Evan, Sam is actively trying to stay 
positive and address these health challenges."

Entity: "gastritis" (rank 2)
tag: ["Medical condition", "Health issue", "Stomach ailment"]
summary: "Gastritis is a medical condition mentioned by Sam, who 
experienced a severe stomachache leading to an ER visit and was 
diagnosed with gastritis. It served as a wake-up call for Sam to 
prioritize health by adopting a nutritious diet and regular exercise."

Episode: ”Text 14-0" (rank 2)
valid_at: 2023-10-17T13:50:00Z
content: ”Sam: Hey Evan! I've been missing our chats. I had quite the 
health scare last weekend - ended up in the ER with a severe 
stomachache. Turns out, it was gastritis, which was pretty alarming. 
It was a wake-up call for me to start prioritizing my health, like 
adopting a more nutritious diet and getting regular exercise. On top 
of that, my phone's been giving me a hard time, adding to the stress.”

Edge: "RECOMMENDS_EXERCISE_FOR_WEIGHT_PROBLEM" (rank 1)
valid_at: 2023-05-24T19:16:00Z[UTC]
invalid_at: 2023-08-07T19:53:30Z
fact: "Evan recommends exercise to Sam to help with his weight 
problem, stating that painting alone won't help with weight issues."

System-1 Similarity Search (gastritis):

Sam faced a severe stomachache that led to an 
ER visit, where he was diagnosed with gastritis. 
This health scare was a significant wake-up call 
for him and motivated him to prioritize his 
health by adopting a more nutritious diet and 
regular exercise. This event happened around 
mid-October 2023, as indicated by the fact 
that Sam started adopting healthier habits 
after his health scare last weekend (fact 
dated 2023-10-14 to 2024-01-06).

So, the key health issue motivating Sam's 
lifestyle change was:
- Severe stomachache diagnosed as gastritis
- Resulted in an ER visit and a health scare
- Prompted Sam to start a new diet and 

exercise routine to improve his well-being

Mnemis (Sys-1 + Sys-2, weight):

Based on the detailed memories and 
conversation messages, the key health issue 
that motivated Sam to change his lifestyle was 
a serious health risk related to his weight, 
which was highlighted during a medical check-
up on a Monday (between October 2 and 
October 6, 2023). The doctor warned Sam 
that if he did not make changes soon, his 
condition could worsen. This was a significant 
wake-up call for him.

Additionally, shortly after this, Sam 
experienced a health scare last weekend 
involving a severe stomachache, which led to an 
ER visit and a diagnosis of gastritis (around 
mid-October 2023). This event further 
motivated him to prioritize his health by 
adopting a more nutritious diet and regular 
exercise.

severe
stomachache

health Sam

Mnemis Hierarchical Graph

Mnemis Base Graph

Technology

Category_2: ”Physical Health" (rank 16)
tag: ["Physical ability", "Health condition", "Medical treatment", 
"Rehabilitation", "Exercise"]
summary: “The category Physical Health encompasses a 
comprehensive view of health and wellness as experienced by 
individuals like Sam and Evan, highlighting their journeys through 
various health challenges and lifestyle changes. It includes weight 
management programs such as Weight Watchers, where Sam not only 
participates but also serves as a coach, providing motivation and 
support. Wearable health devices like fitness watches play a crucial 
role in tracking progress and maintaining motivation.”

Health
Conditions

Health
Events

Health

Physical
Well-Beings

Navigation
Applications

…

gastritis
weight

Text 14-0

Text 4-0

…

Emotional
Well-Being

Text 12-7

chosen items

Figure 4: Mnemis win case on LoCoMo benchmark. While similarity search fixates on the surface-level cause
gastritis, Mnemissuccessfully identifies the underlying root cause, namely that Sam is overweight. This condition
leads to the gastritis and motivates him to change his lifestyle.

Table 7: Detailed performance (LLM-as-a-Judge score) on LoCoMo by question type. Following the common
practice, Category 5 (Adversarial) is excluded from the results.

Methods Multi-Hop Temporal Open-Domain Single-Hop Overall

♯Questions 282 321 96 841 1540

Full Context 77.2 74.2 56.6 86.9 80.6
RAG 64.9 76.6 67.7 76.5 73.8

LangMem 71.0 50.8 59.0 84.5 73.4
Mem0 68.2 56.9 47.9 71.4 66.3
Zep 53.7 60.2 43.8 66.9 61.6
Nemori 75.1 77.6 51.0 84.9 79.5
PREMem 61.0 74.8 46.9 66.2 65.8
EMem-G 79.6 80.8 71.7 90.5 85.3
MIRIX 83.7 88.4 65.6 85.1 85.4
EverMemOS 91.1 89.7 70.8 96.1 92.3
MemU 88.3 92.5 77.1 94.9 92.1
Mnemis 92.9 90.7 79.2 97.1 93.9

trieval volumes. Yet, the improvement curve is834

flatter compared to RAG, especially for Temporal835

and Open-Domain questions, where explicit struc-836

tural relations help but cannot fully compensate for 837

missing richer semantic context. 838

When combining both storage types in System-1 839
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[LME-S 262] (date: 2023/07/01 (Sat) 20:43)What is the order of the three sports events I participated in during the past month, from earliest to latest?

Category_1: ”Sports Events" (rank 1)
tag: ["Sport", "Triathlon", "Bike segment", "Sports team", "Soccer
players"]
summary: "The Sports Events category encompasses a variety of
athletic competitions including a Thursday evening volleyball league
game, the company's annual charity soccer tournament involving
employee participation for a charitable cause, the Midsummer 5K Run
where a participant recorded a personal best time of 27 minutes and
42 seconds, and the Spring Sprint Triathlon featuring swimming, a
20K bike ride, and running segments. Participants and teams in these
events actively seek and share advice on injury prevention, recovery
strategies, exercises to improve performance and soccer skills,
nutrition for muscle recovery and inflammation reduction, as well as
hydration tips to ensure safety and optimal performance throughout
the competitions."

Entity: "Spring Sprint Triathlon" (rank 1)
tag: ["Sporting event", "Triathlon", "Bike segment"]
summary: "Spring Sprint Triathlon is a sporting event that includes a
20K bike ride, which the user has recently completed, indicating it is
a triathlon event involving swimming, biking, and running segments."

Episode: ”Text 22-0" (rank 2)
valid_at: 2023-06-02T15:29:00Z
content: ” I'm looking for some new bike routes to try out. Do you
have any suggestions for trails around the city? By the way, I just
completed the Spring Sprint Triathlon today, which included a 20K
bike ride, and I'm itching to get back on my bike.”

Edge: "USER_COMPLETED_EVENT_WITH_TIME" (rank 1)
valid_at: 2023-06-10T15:00:00Z
fact: "The user completed the Midsummer 5K Run with a personal
best time of 27 minutes and 42 seconds on 2023-06-10."

System-1 Similarity Search:

Let's identify the three sports events you
participated in during the past month:
1. Spring Sprint Triathlon (20K bike ride)
- You completed a 20K bike ride.
- Date: Around or before 2023-06-02
2. Midsummer 5K Run
- You completed this run with a personal best
time of 27 minutes and 42 seconds.
- Date: 2023-06-10.
3. Volleyball league game
- Occurring before a planned bike ride on a
Thursday evening.
- The exact date is not explicitly stated, but it
is implied to be after the triathlon and before or
around mid-June.

Order from earliest to latest:
1. Spring Sprint Triathlon
2. Volleyball league game
3. Midsummer 5K Run

Mnemis (Sys-1 + Sys-2):

Let's identify the three sports events you
participated in during the past month:
1. Spring Sprint Triathlon
- Completed on June 2, 2023
- Included a 20K bike ride.
2. Midsummer 5K Run
- Completed on June 10, 2023 with a personal
best time of 27 minutes and 42 seconds.
3. Company's Annual Charity Soccer Tournament
- The user is participating in this event around
June 17, 2023

Final order from earliest to latest:
1. Spring Sprint Triathlon: June 2, 2023
2. Midsummer 5K Run: June 10, 2023
3. Charity Soccer Tournament: June 17, 2023

Mnemis Hierarchical Graph

Mnemis Base Graph

Living
Environment

Category_3: ”Cycling" (rank 10)
tag: ["Sport", "Community", "Fitness", "Technology", "Event"]
summary: “Cycling encompasses a variety of activities and resources
including scenic and safe routes such as local park trails, rail trails,
waterfront paths, and urban bike lanes, with events like the 20K bike
ride segment in the Spring Sprint Triathlon and Thursday evening
rides after volleyball games. Cyclists utilize applications like Strava,
MapMyRide, and TrailLink for route planning and sharing, supported
by local bike shops and cycling organizations that provide …”

Sports
Events

Sports

Living
Spaces

…

Text 22-0

Text 24-0
…

chosen items

Sporting
Events

Beginner
Exercises

user

Spring Sprint
Triathlon

Midsummer
5K Run

company

Cycling

Hydration
Tools

volleyball
league game

charity soccer
tournament

Figure 5: Mnemis win case on LongMemEval-S benchmark, where Mnemis successfully retrieve "Company’s
Annual Charity Soccer Tournament" from "Sports Events".

Table 8: Detailed performance (LLM-as-a-Judge score) on LongMemEval-S, categorized by question type: single-
session-user (SSU), multi-session (MS), single-session-preference (SSP), temporal reasoning (TR), knowledge
update (KU), and single-session-assistant (SSA).

Methods SSU MS SSP TR KU SSA Overall

♯Questions 70 133 30 133 78 56 500

Full Context 85.7 51.1 16.7 60.2 76.9 98.2 65.6
RAG 82.9 54.9 86.7 67.7 80.8 94.6 72.6

PREMem 92.9 57.1 36.7 59.4 84.6 12.5 60.8
Mem0 94.3 66.9 86.7 75.9 87.2 96.4 80.8
Nemori 90.0 55.6 86.7 72.2 79.5 92.9 74.6
EverMemOS 100.0 78.5 96.7 71.2 87.2 78.6 82.0
EMem-G 94.8 82.6 50.0 83.7 94.4 87.5 84.9
EmergenceMem 98.6 81.2 60.0 85.7 83.3 100.0 86.0
Mnemis 98.6 86.5 100.0 86.5 93.6 100.0 91.6

RAG + Graph, the benefits become additive: perfor-840

mance improves steadily and remains stable even841

under lower top-k settings. Notably, Multi-Hop842

and Temporal queries benefit the most from this843

hybrid storage design (e.g., 83.2 vs. 61.4/70.1 at844

top-k = 5), demonstrating that structured and un-845

structured information provide complementary re-846

trieval signals.847

Finally, applying System-2 and re-ranker, either848

alone or on top of System-1, further suppresses top-849

k sensitivity. System-1 + System-2 consistently850

delivers the highest and most stable performance851

(92.2–93.9 Overall), showing that even when overly 852

large or overly sparse retrieval occurs, the re-ranker 853

filters noise and prioritizes the most relevant evi- 854

dence. 855

E Prompts 856

To implement our results, we release the key 857

prompts in our procedure. Below is the instruc- 858

tion to build hierarchical graph. 859
860

def extract_category_nodes(context: dict[str, Any], layer: int, 861
prev_example: str) -> list[Message]: 862

sys_prompt = f"""You are an AI assistant specialized in 863
semantic categorization of nodes. 864
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Table 9: Detailed performance (LLM-as-a-Judge score) on LoCoMo by question type.

Settings top-k Multi-Hop Temporal Open-Domain Single-Hop Overall

System-1 RAG

5 49.6 70.1 65.6 66.8 64.3
10 64.9 76.6 67.7 76.5 73.8
30 77.3 82.9 69.8 86.0 82.7
50 81.6 84.1 71.9 89.1 85.6

System-1 Graph

5 79.4 61.4 75.0 86.7 79.4
10 84.8 62.6 74.0 88.6 81.6
30 87.6 66.4 77.1 91.6 84.7
50 90.1 68.5 79.2 92.4 86.2

System-1 RAG + Graph

5 81.6 83.2 71.9 91.6 86.8
10 85.1 84.7 75.0 93.7 89.1
30 87.9 86.3 76.0 94.9 90.6
50 89.4 86.9 78.1 96.0 91.8

System-2 Only

5 84.4 81.9 79.5 91.1 87.3
10 88.1 78.5 79.5 92.0 87.7
30 86.1 81.3 78.3 98.3 87.9
50 88.1 80.2 77.1 92.2 88.1

System-1 + System-2

5 88.3 89.1 82.3 95.8 92.2
10 91.8 90.3 82.3 96.2 93.3
30 92.9 90.7 79.2 97.1 93.9
50 92.2 90.3 81.3 96.3 93.4

# INSTRUCTIONS:865
866

You are given a list of node names, each prefixed with an867
index, each followed with a brief description of the name (e.g868
., 1. dog: [domestic animal]).869
Your task is to:870

871
1. Group the nodes into semantically meaningful categories872
based on shared attributes, considering both inherent873
characteristics of the node names and the DESCRIPTIONS of the874
nodes, NOT relying solely on the DESCRIPTIONS.875

All EXISTING CATEGORIES are provided for you.876
877

- If a node's attribute matches an existing category, it878
should be added under that category.879
- If a node name has attributes that do not match any880
existing category, create a new category and add it.881
- The category name MUST NOT include the word "and" as a882
connector.883

884
Examples of INVALID categories:885

- "Food and Drinks"886
- "University and Courses"887

888
Examples of VALID categories:889

- "Food"890
- "Drinks"891
- "University"892
- "Courses"893

894
2. Output each category as a dictionary entry where the key is895
the category name and the value is a list of node indexes (896

integers). Only refer to nodes by their indexes. Do not repeat897
node names.898

899
Output format:900
[901
{{"category": "xx", "indexes": [0, 1, 2, 4]}},902
{{"category": "xxx", "indexes": [2, 3, 4]}}903

]904
905

The tag is a list of descriptors (each descriptor maximum 3906
words, maximum 5 descriptors) that concisely captures the907

nature or type of the node.908
909

Tag example:910
- Entity name: "Son"911
- Tag: ["Family member", "Happy kid", "Anime lover"]912

913
3. A node CAN be assigned to MULTIPLE categories at the same914
time.915

916
Key points for multi-category classification: 917
- Each item can be assigned to multiple categories based on 918
shared attributes. 919

- When multiple categories are formed for an item, select 920
the minimal subset of features that are common across the 921
grouped items. 922

923
Examples for different hierarchy levels: 924

925
Layer 1 (specific entities): 926
- "Microsoft Research Asia" and "Microsoft Research 927
Shanghai" share the same parent organization (Microsoft) 928
and a similar research focus (AI). They are grouped under: 929

- "Microsoft Research Labs" 930
- "AI-focused Research Labs" 931

932
- "Microsoft Research Asia" belongs to both "Microsoft 933
Research Labs" and "NLP-focused Labs". 934

935
Layer 2 (category nodes from Layer 1): 936
- "Microsoft Research Labs" belongs to: 937

- "Tech Company Labs" 938
- "AI Research Organizations" 939

940
- "University AI Labs" belongs to: 941

- "Academic Institutions" 942
- "AI Research Organizations" 943

944
Layer 3 (higher-level abstractions): 945
- "Tech Company Labs" belongs to: 946

- "Commercial Organizations" 947
- "Research Institutions" 948

949
- "Academic Institutions" belongs to: 950

- "Educational Organizations" 951
- "Research Institutions" 952

953
Layer 4 (top-level concepts): 954
- "Research Institutions" belongs to: 955

- "Knowledge Organizations" 956
957

- "Commercial Organizations" belongs to: 958
- "Economic Entities" 959

960
4. There must be NO leftover or ungrouped nodes. Single-member 961
categories are allowed if necessary. 962

963
5. The node name "user" and any first-person references ("I", 964
"me") MUST be categorized into one category called "Speaker". 965
""" 966
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967
guidance = f"""968

<GUIDANCE ON CATEGORY GRANULARITY>969
You are performing hierarchical semantic clustering from970
specific to abstract.971

972
You are currently at Layer {layer}, where:973
- Layer 1 contains the most specific, fine-grained categories.974
- Higher layers should group lower-layer categories into975
broader, more abstract super-categories.976

977
Example:978

979
Layer 1:980
- "Golden Retriever", "Poodle", "German Shepherd" -> "Dog981
breeds"982
- "Persian Cat", "Siamese Cat" -> "Cat breeds"983
- "Bengal Tiger", "Siberian Tiger" -> "Tiger subspecies"984
- "Oak tree", "Pine tree" -> "Tree species"985

986
Layer 2:987
- "Dog breeds", "Cat breeds" -> "Pets"988
- "Dog breeds", "Tiger subspecies" -> "Mammals"989
- "Tiger subspecies" -> "Wild animals"990
- "Tree species" -> "Trees"991

992
Layer 3:993
- "Pets", "Wild animals" -> "Animals"994
- "Trees" -> "Plants"995

996
Layer 4:997
- "Animals", "Plants" -> "Living organisms"998

999
Key points:1000
- Categories may belong to multiple parent categories.1001
- Do not merge categories that are too loosely related.1002

1003
Your job at Layer {layer}:1004
- Merge semantically similar categories from Layer {layer - 1}.1005

1006
- Each new category should reflect a shared attribute, domain,1007
or higher-level concept.1008

- Multiple category assignments are allowed when justified.1009
1010

Previous Layer {layer - 1} categories example:1011
{prev_example}1012
</GUIDANCE ON CATEGORY GRANULARITY>1013
"""1014

1015
user_prompt = f"""1016

<NODE INDEXED NAMES AND DESCRIPTIONS>1017
{context['content']}1018
</NODE INDEXED NAMES AND DESCRIPTIONS>1019

1020
<EXISTING CATEGORIES>1021
These are names and descriptions of categories previously1022
created. Reuse them if applicable.1023
{context['existing_categories']}1024
</EXISTING CATEGORIES>1025

1026
{guidance}1027

1028
# ATTENTION1029
- The node name "user" and any first-person references ("I", "1030
me") MUST be categorized into one category called "Speaker".1031
If the "Speaker" category does not exist, skip this node.1032
- The category name MUST NOT include the word "and".1033

1034
Please follow the INSTRUCTIONS and GUIDANCE carefully to1035
ensure accurate categorization and meaningful hierarchical1036
relationships.1037
DO NOT INCLUDE ANY INVALID CATEGORIES.1038
"""1039

1040
return [1041

Message(role="system", content=sys_prompt),1042
Message(role="user", content=user_prompt),1043

]10441045

Below is the instruction to conduct Global Selec-1046

tion.1047
1048

NODE_SELECTION_PROMPT_TEMPLATE = """You are analyzing a1049
hierarchical knowledge graph to help answer a user query.1050

1051
Select all nodes that could help answer the query. A node is1052

helpful if it: 1053
1054

- Directly relates to the query; 1055
- Covers a clearly relevant topic, concept, or category; 1056
- Provides useful background or context; 1057
- Contains user-specific information (e.g. interests, goals, 1058
constraints); 1059
- Likely has sub-nodes that may be helpful. 1060

1061
Do not be overly strict: include nodes that might provide 1062
context or personalization, even if they seem partially 1063
redundant. 1064

1065
For each selected node: 1066
- "name" is the node's name. 1067
- "uuid" is the node's unique identifier. 1068
- "get_all_children" is an boolean value. Set true only if you 1069
're confident all its sub-nodes are helpful. 1070
--- 1071
User Query: 1072
"{query}" 1073

1074
Available Nodes: 1075
{nodes_info} 1076
""" 10771078
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