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Abstract001

Large Language Model (LLM) agents exhibit002
remarkable conversational and reasoning capa-003
bilities but remain constrained by limited con-004
text windows and the lack of persistent memory.005
Recent efforts address these limitations via ex-006
ternal memory architectures, often employing007
graph-based representations, yet most adopt008
flat, entangled structures that intertwine seman-009
tics with topology, leading to redundant repre-010
sentations, unstructured retrieval, and degraded011
efficiency and accuracy. To resolve these issues,012
we propose LiCoMemory, an end-to-end agen-013
tic memory framework for real-time updating014
and retrieval, which introduces CogniGraph,015
a lightweight hierarchical graph that utilizes016
entities and relations as semantic indexing lay-017
ers, and employs temporal and hierarchy-aware018
search with integrated reranking for adaptive019
and coherent knowledge retrieval. Experiments020
on long-term dialogue benchmarks, LoCoMo021
and LongMemEval, show that LiCoMemory not022
only outperforms established baselines in tem-023
poral reasoning, multi-session consistency, and024
retrieval efficiency, but also notably reduces025
update latency. Our official code and data026
are available at https://anonymous.4open.027
science/r/LiCoMemory-8B2A.028

1 Introduction029

Large Language Models (LLMs) have demon-030

strated remarkable advancements across a wide031

range of language understanding and generation032

tasks (Achiam et al., 2023; Bai et al., 2023) and are033

increasingly evolving into personalized assistants034

with enhanced contextual reasoning capabilities (Li035

et al., 2024). Despite their strong generalizing and036

reasoning abilities, LLMs remain constrained by037

a critical short-term memory limitation: the finite038

context window. Information beyond the context039

window cannot be effectively preserved or recalled,040

leading to degraded reasoning capability and re-041

duced response accuracy in long-term conversa-042

tional scenarios (Hatalis et al., 2023).043
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Figure 1: Motivation of LiCoMemory, illustrating how
LiCoMemory resolves key challenges of existing mem-
ory frameworks. For the performance graph on the
bottom, radius of the circles represent the construction
token consumption per dialogue.

To resolve these issues, early attempts to en- 044

hance the long-term memory of agents commonly 045

adopt Retrieval-Augmented Generation (RAG) ar- 046

chitectures, which leverage conversation history 047

as an external knowledge source and retrieve con- 048

textually relevant information to support response 049

generation (Singh et al., 2025; Zhang et al., 2025b). 050

Graph-based RAG further extends this paradigm by 051

structuring conversational content into relational 052

graphs using heuristic rules, thereby capturing 053

semantic dependencies among historical records 054
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and improving cross-session reasoning (Zhu et al.,055

2025). Despite their effectiveness in retrieval,056

these approaches often treat memory as a static057

component, neglecting the inherently dynamic na-058

ture of human–agent interactions, and thus lack-059

ing mechanisms for reorganization of accumulated060

knowledge. Moreover, such predefined retrieval061

and linking strategies can lead to information loss062

and hinder adaptive memory evolution (Li et al.,063

2025a). Recent studies have thus shifted toward064

dynamic agent memory frameworks, which extend065

beyond traditional RAG by modeling the evolving066

nature of conversational data and adaptive retrieval.067

Mem0 (Chhikara et al., 2025) initiates this shift068

by introducing explicit memory operations that069

allow agents to manage and revise stored knowl-070

edge as conversations evolve. Building on this,071

MIRIX (Wang and Chen, 2025) enhances retrieval072

organization through multi-granularity memory in-073

dexing and relevance fusion, improving contex-074

tual alignment and reducing redundancy in long-075

term reasoning. Further, Zep (Rasmussen et al.)076

represents memory as a graph to capture rela-077

tional dependencies among dialogue events, pro-078

moting interpretability but at the cost of high graph-079

construction overhead and retrieval latency.080

While these frameworks have made progress081

toward structured conversational memory, some082

key challenges still remain. (1) Coupled and re-083

dundant graph structures: Existing graph-based084

memory systems often intertwine semantic content085

with relational topology, leading to heavy, redun-086

dant, and inflexible graph representations that are087

difficult to adapt to dynamic human–agent interac-088

tions (Chen et al., 2025). (2) Scattered and un-089

structured retrieval: Owing to flat architectures090

and unguided retrieval mechanisms, conventional091

memory pipelines frequently return fragmented or092

contextually inconsistent information, which under-093

mines reasoning coherence and produces seman-094

tically diluted responses (Xiang et al., 2025). (3)095

Slow update and inference: Large, monolithic096

graph structures incur substantial computational097

overhead during incremental updates and inference,098

limiting their applicability in real-time interaction099

settings. For instance, GraphRAG (Edge et al.,100

2024a) requires up to 20 minutes for graph and101

community construction per dialogue and over 2102

minutes of query latency (Zhang et al.).103

To address these challenges, we propose104

LiCoMemory, an end-to-end agentic memory frame-105

work that enables real-time updating and retrieval.106

At its core, LiCoMemory introduces CogniGraph, 107

a lightweight and semantically aware hierarchical 108

graph that redefines the knowledge graph as a se- 109

mantic indexing layer rather than a static repos- 110

itory. By using graph topology as a structural 111

scaffold instead of embedding extensive content 112

within nodes and edges, CogniGraph indexes and 113

organizes knowledge while linking relational struc- 114

tures to their original textual sources for precise 115

and context-aware reasoning. During inference, 116

LiCoMemory integrates a unified reranking mech- 117

anism that jointly considers semantic similarity, 118

hierarchical structure, and temporal relevance to 119

achieve accurate and structured retrieval. Ex- 120

perimental results demonstrate that LiCoMemory 121

achieves up to 23% improvement in accuracy over 122

the second-best baseline on established long-term 123

dialogue benchmarks (LoCoMo (Maharana et al., 124

2024) and LongMemEval (Wu et al., 2024)), par- 125

ticularly on multi-session and temporal reasoning 126

subsets, while significantly reducing input tokens 127

and response latency, underscoring its efficiency. 128

Our main contributions are summarized as fol- 129

lows: (1) CogniGraph for semantic organiza- 130

tion. We introduce a novel hierarchical graph 131

structure that decouples knowledge storage from se- 132

mantic organization, transforming the graph into a 133

lightweight, update-friendly semantic index. (2) 134

Hierarchy and temporally sensitive retrieval. 135

LiCoMemory performs structured, top-down re- 136

trieval guided by hierarchical relations and tem- 137

poral cues, ensuring coherent and contextually rel- 138

evant knowledge selection. (3) Efficient and real- 139

time memory operations. Our lightweight design 140

enables incremental graph construction, fast up- 141

dates, and low-latency inference during ongoing 142

user–assistant interactions. Together, these com- 143

ponents establish LiCoMemory as a unified, real- 144

time memory system capable of retrieving higher- 145

quality, more relevant knowledge and generating 146

contextually grounded responses. 147

2 Related Work 148

2.1 Retrieval-Augmented Generation (RAG) 149

RAG has emerged as a foundational framework 150

for augmenting LLMs with external memory (Fan 151

et al., 2024). A typical RAG pipeline first splits 152

prior interactions or knowledge as segments, then 153

retrieves relevant segments during inference, and 154

provides both the user query and retrieved con- 155

tent to the language model for grounded genera- 156
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tion (Zhou et al., 2025). Due to the highly en-157

tangled and semantically redundant nature of con-158

versational data, conventional RAG often retrieves159

overlapping or loosely related content, resulting in160

fragmented context and limited reasoning continu-161

ity (Li et al., 2025b). To address these limitations,162

recent research has introduced Graph-based RAG163

to agent frameworks, where the historical inter-164

actions are pre-organized as a graph structure to165

improve retrieval and reasoning efficiency (Edge166

et al., 2024b). Beyond flat graph representa-167

tions, several frameworks further organize memory168

knowledge hierarchically, such as tree-based struc-169

tures (Zhang et al., 2025a) and community-aware170

architectures (Wang et al., 2025). These structured171

organizations capture cross-session dependencies,172

reduce redundancy, and enhance contextual coher-173

ence, paving the way for more structured and adap-174

tive memory systems.175

2.2 Agent Memory Augmentation176

While LLM-based agents demonstrate remarkable177

generative capabilities, they remain constrained178

by limited context windows and the absence of179

persistent memory, often resulting in inconsistent180

behavior across extended interactions. Agent mem-181

ory augmentation therefore emerges as a promis-182

ing direction to address this limitation, aiming to183

equip conversational agents with external memory184

systems that support long-term information reten-185

tion, retrieval, and reasoning. LoCoMo (Maharana186

et al., 2024) introduce a RAG-style conversational187

framework capable of maintaining multi-session di-188

alogue continuity through chunk-based retrieval189

and coherence-aware evaluation. A-MEM (Xu190

et al., 2025) advances the concept of agentic mem-191

ory beyond passive long-term storage by intro-192

ducing a self-organizing, dynamically evolving193

memory architecture that autonomously constructs,194

links, and refines knowledge representations. Long-195

MemEval (Wu et al., 2024) further advances this196

line of research by proposing a dedicated long-197

term memory model and benchmark for evaluat-198

ing temporal reasoning, knowledge updating, and199

cross-session consistency. Mem0 (Chhikara et al.,200

2025) employs a scalable two-phase architecture201

(extraction and update) that dynamically stores and202

retrieves salient facts using a vector database, while203

also offering a graph-based variant that better sup-204

ports long term memory maintenance and retrieval.205

More recently, Zep (Rasmussen et al.) structures206

agent memory into knowledge graphs, improving207

retrieval relevance but suffering from high construc- 208

tion overhead and retrieval latency. 209

3 Methodology 210

The overall workflow of LiCoMemory is shown 211

in Figure 2. LiCoMemory initiates real-time up- 212

dates and retrievals during user–assistant interac- 213

tions. After each dialogue segment, the dialogue 214

chunk with its timestamp and session ID is sent to 215

LiCoMemory for processing, where knowledge is 216

organized and continuously maintained through a 217

lightweight CogniGraph optimized for incremen- 218

tal updates. The system either updates an existing 219

session summary or creates a new one, extracts 220

and deduplicates triples, and establishes cross-level 221

links among session summaries, triples, and dia- 222

logue chunks via unique identifiers. At inference 223

time, high-value entities are extracted from user 224

queries in a temporally aware manner to guide top- 225

down retrieval—from session summaries to triples 226

and then to original chunks. Retrieved triples are 227

re-ranked by unified session, triple, and time level 228

relevance, and the resulting summaries, triples, and 229

chunks are integrated into a standard prompt for 230

augmented generation. Further workflow details 231

are provided in the following subsections. 232

3.1 CogniGraph: A Lightweight and 233

Semantically-Aware Graph Structure 234

Traditional graph-based memory representations 235

often embed extensive semantic content directly 236

within nodes and edges, resulting in entangled rep- 237

resentations where structural topology and infor- 238

mation content are inseparable. Such designs pro- 239

duce heavy and redundant graphs that hinder ef- 240

ficient updating, leading to unstructured retrieval 241

outputs. To address this, we introduce CogniGraph, 242

a lightweight and semantically aware hierarchical 243

graph structure that redefines the role of a knowl- 244

edge graph from a knowledge repository to a se- 245

mantic indexing layer. Rather than functioning as a 246

storage container for knowledge, CogniGraph em- 247

ploys its graph topology as a structural scaffold that 248

organizes and indexes information across multiple 249

granularities, thereby facilitating efficient retrieval 250

and reasoning. 251

CogniGraph is composed of three interconnected 252

layers that progressively refine the granularity of 253

information (See Preliminay in Figure 2). 1) Ses- 254

sion level: Each session node stores a textual sum- 255

mary that captures the high-level context of a user– 256

3



2025/10/19 (Sun)

2025/10/9 (Thu)

Phase     : Query Processing

I just got a new shirt at the new 
ComfyShirts store that just opened. 
It’s so comfortable! Can you 
recommend some similar brands?  

Phase     :Real-Time Update

Phase     :Rerank and Augmentation

User

User

Another day, another session

Sure! Here are some other brands 
that offers comfortable shirts........

The shirt I bought last Thursday 
had quality issues. What’s their 
return and refund policy? 

I am sorry to hear that! Here are 
the return and refund policy for 
ComfyShirts retail stores....... Assistant

Assistant

Sumary
Update

Triple
Extraction

Deduplicate

“User Bought Shirt”
2025/10/9 (Thu)

“ComfyShirts sells Shirt”
2025/10/9 (Thu)

Temporal
Aware

Create Hyperlinks

Update / Create  
Summary

Chat History

Entity
Processing

Session
Selection

Entity, 
Relation
Selection

“Last Thursday”
2025/10/19 (Sun)

25/10/9 Shirt

Extract and 
process query 

entities

Find relevant 
sessions through 

summaries

Triple
Reranking

Triple Level
Similarity

Session Level
Similarity

Temporal
Relevance

Augmented
GenerationMore likely to 

select linked 
entities and 

relations

Top-reranked
Triples

Corresponding 
Dialogue 
Chunks

Relevant 
Session 

Summary(s)

Assistant

Real-time update

Uniformed
Reranking

Real-time retrieval

Lightweight&Semantic aware CogniGraph 

Hierarchy&Temporal aware Rerank

Efficient real-time update&retrieval

Preliminary: CogniGraph Structure
Session
Level

Graph
Level

Chunk
Level

Summary of Chat Sessions
1. Session time and ID
2. Extracted key words
3. Themes & summaries

Extracts

Stores

Original 
Dialogue 
Chunks

Light Weight KG
with reduced in-

graph information

User Query

Figure 2: Overview of LiCoMemory workflow. Upon interaction, dialogue chunks are incrementally organized
through the CogniGraph (Preliminary), a lightweight hierarchical graph linking session summaries, entity–relation
triples, and dialogue chunks via cross-layer hyperlinks. New knowledge is continuously integrated and deduplicated
to preserve structural consistency (Phase 1). At inference, entity extraction and hierarchical retrieval guide top-down
search across graph layers (Phase 2), followed by hierarchy-temporal–semantic reranking to generate a structured
prompt for retrieval-augmented generation (Phase 3).

assistant interaction. The summary also contains a257

set of distilled keywords (keys) that represent the258

central entities, topics, or temporal markers of the259

dialogue session. 2) Entity-relation level: This260

layer constitutes a lightweight knowledge graph261

composed of entities and relations extracted from262

dialogue content. Each entity node and relation263

edge retains only essential identifiers without ver-264

bose descriptions. Entity-relation triples are hyper-265

linked to their corresponding session summaries,266

establishing connections between fine-grained se-267

mantic relations and their contextual origins. 3)268

Chunk level: The lowest layer of CogniGraph269

stores the original dialogue chunks from which270

the triples were extracted. Each chunk is also271

hyperlinked to the triples derived from it, ensur-272

ing bidirectional traceability between raw text and273

structured knowledge. From top to bottom, the274

information granularity increases while structural275

abstraction decreases, forming a coherent hierarchy276

that aligns semantics, context, and evidence.277

This hierarchical and indexing-oriented design278

enables CogniGraph to remain compact, easily up-279

datable, and less redundant, while the hyperlink-280

based cross-layer connections ensure structured281

and interpretable retrieval. By organizing knowl-282

edge as a navigable semantic index rather than an 283

overloaded repository, CogniGraph supports multi- 284

granular reasoning, from abstract contextual under- 285

standing to fine-grained evidence retrieval, serving 286

as the structural foundation of LiCoMemory’s re- 287

trieval module and enabling efficient, semantically 288

grounded knowledge access for long-term conver- 289

sational reasoning. 290

3.2 Query Processing and Integrated Rerank 291

To enable accurate and context-aware retrieval, 292

LiCoMemory adopts a query processing pipeline 293

that combines hierarchical analysis with an inte- 294

grated temporally aware re-ranking mechanism 295

(Phase 1 and 2 of Figure 2). A user query is first an- 296

alyzed through entity extraction to identify salient 297

concepts that represent the key information needs 298

of the user. The extracted entities are then matched 299

against the summary level of the CogniGraph. By 300

comparing the overlap and semantic similarity be- 301

tween the query entities and session summary keys, 302

LiCoMemory ranks all session summaries based on 303

their likelihood of containing relevant information. 304

This process yields a prioritized set of session sum- 305

maries that serve as entry points for deeper retrieval 306

within the knowledge graph. LiCoMemory then 307
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queries the entity-relation level of CogniGraph us-308

ing the extracted entities as anchors to locate triples309

that may contain relevant contextual information.310

Each retrieved triple is associated with its originat-311

ing session and timestamp, providing both seman-312

tic and temporal context. To compute the overall313

relevance of a triple, LiCoMemory integrates three314

complementary factors to maintain hierarchy and315

temporal sensitivity: session-level relevance Ss,316

triple-level relevance St and temporal relevance.317

The unified semantic relevance between the query318

and a triple is represented by the harmonic mean319

of the two semantic similarities:320

Ssem =
2SsSt

Ss + St
,321

To incorporate temporal information without over-322

whelming semantic relevance, we apply a Weibull-323

based decay function that penalizes outdated triples324

while retaining a long-tailed contribution for distant325

timestamps:326

w(∆τ) = exp
[
−
(∆τ

τ̂

)tk
]
, 0 < tk < 1,327

where ∆τ denotes the time gap between the cur-328

rent query and the triple’s timestamp, and τ̂ is the329

median of time gaps across retrieved triples, al-330

lowing the decay to adapt to the temporal scale331

of each query. tk denotes the decay coefficient,332

where a larger value imposes a stronger penalty333

on temporally distant information. Finally, the334

overall relevance score of each triple is defined as335

R(t) = Ssem × w(∆τ), which jointly captures se-336

mantic coherence and temporal recency. Because337

w(∆τ) ∈ (0, 1], the time dimension modulates338

rather than dominates the semantic signal, ensur-339

ing that highly relevant but moderately older in-340

formation remains retrievable. This formulation341

achieves a balanced trade-off between temporal342

adaptivity and semantic precision. The final output343

is a structured prompt that consolidates highly rel-344

evant session summaries, top-ranked triples, and345

their corresponding original dialogue chunks from346

which the triples were extracted. This structured347

representation provides the language model with348

a coherent and fine-grained view of the relevant349

knowledge, facilitating precise reasoning across350

different levels of granularity and enabling robust351

cross-session understanding.352

3.3 Real-Time Interactions353

LiCoMemory supports real-time retrievals and up-354

dates throughout user-assistant interactions, which355

Which social media platform did I gain the most followers on 
over the past month? 

You gained the most fans on TikTok over the past month. 

1. User queries the Agent 

2. Sturctured retrieval from LiCoMemory 

3. Augmented generation and graph update 

User Social Media Platform Followers

2023/6/2 (Thu)

May 2025

Keys: Social Media, TikTok, Twitter, Instagram, Campaign
Theme_1: TikTok Strategy [Summary: .....]
Theme_2: Twitter Campaign [Summary: ......]
..................

Chunk1: ..... I've also been seeing growth on some of my platforms, like 
TikTok, where I've gained around 200 followers over the past three weeks..... 

Chunk3: .....

Chunk1: .....I just noticed that my Twitter follower count has jumped from 
420 to 540 over the past month..... 

Extract and 
process query 

entities

Session level:
Summary 
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+
Temporal

E-R Level:
High ranked 

triples
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Map to original 
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Chunk level: Link to corresponing relations

Figure 3: Practical case study of LiCoMemory.

consists of two tightly coupled processes. First, 356

the agent retrieves relevant knowledge from the 357

existing memory graph and generates a contextu- 358

ally grounded response to the user query. Then, 359

LiCoMemory performs real-time memory updates 360

based on both the current interaction and its preced- 361

ing conversational history, ensuring that the newly 362

acquired information is seamlessly integrated into 363

the hierarchical structure (Phase 3 of Figure 2). 364

Figure 3 illustrates a practical example demon- 365

strating how LiCoMemory performs real-time re- 366

trieval and memory update during user–assistant 367

interactions. As introduced in Section 3.2, the user 368

query is first parsed into structured entities (e.g., 369

Social Media Platform, Followers, Time Period), 370

which guide hierarchical retrieval over the Cog- 371

niGraph. Relevant sessions and triples are then 372

ranked and linked back to their source dialogue 373

chunks, providing grounded evidence for response 374

generation. Upon the completion of this inter- 375

action, the corresponding dialogue chunk, along 376

with its timestamp and session ID, is transmitted 377

to LiCoMemory for incremental update processing. 378

The system first updates the session summary with 379

newly acquired information. For ongoing sessions, 380

it refines associated keywords and themes to main- 381

tain temporal coherence, while for new sessions, 382

it creates a new summary description and its key- 383
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word set to represent the contextual core of the384

dialogue. Following session-level processing, the385

system performs triple extraction to transform the386

current interaction into structured knowledge units.387

The extracted triples are then integrated into the388

existing entity–relation graph and hyperlinked to389

their source sessions. To ensure consistency and390

eliminate redundancy, we employ type-aware and391

semantic similarity matching to detect duplicate392

triples. For duplicates, the system links their corre-393

sponding sources as additional hyperlinks to the ex-394

isting nodes instead of creating new ones, thereby395

maintaining a compact and coherent graph struc-396

ture. Because updates and retrieval share the same397

CogniGraph backbone, newly added information398

becomes immediately available for inference with-399

out requiring a full re-indexing process. Through400

continuous interaction and memory refinement, the401

system incrementally maintain a dynamic and tem-402

porally consistent representation of user knowl-403

edge, ensuring that each response remains contex-404

tually coherent and temporally up to date.405

4 Experiments406

In this section we evaluate LiCoMemory on real-407

world datasets to assess its performance. In par-408

ticular, we aim to answer the following research409

questions: Q1: How effective is LiCoMemory com-410

pared with existing memory paradigms? Q2: How411

does LiCoMemory perform in real-time practical412

scenarios? Q3: How does the components of our413

system affect the final result?414

4.1 Experimental Setup415

Dataset. The performance of LiCoMemory was416

evaluated on two public long-term memory bench-417

marks: LongMemEval and LoCoMo. Long-418

MemEval (Wu et al., 2024) is a comprehensive419

benchmark for evaluating long-term memory in420

conversational agents, consists of 500 questions421

across six types: single-session user (S.S.U.),422

single-session assistant (S.S.A.), single-session423

preference (S.S.P.), multi-session, temporal rea-424

soning, and knowledge update. LoCoMo (Maha-425

rana et al., 2024) focuses on extremely long multi-426

session dialogues, containing 1,986 questions in427

five distinct categories: single-hop, multi-hop, tem-428

poral, open-domain and adversial reasoning. De-429

tailed statistics can be found in Appendix A.1.430

Metrics. We evaluate different methods from two431

perspectives: response quality and efficiency. Fol-432

lowing prior work (Wu et al., 2024), response qual- 433

ity is measured using Accuracy (Acc.) and Recall 434

(Rec.), with the evaluation prompts detailed in Ap- 435

pendix A.3. Accuracy is assessed using the LLM- 436

as-a-Judge protocol from LongMemEval (Wu et al., 437

2024), in which a large language model performs 438

binary judgments of answer correctness. As par- 439

tial credit is not permitted, this metric provides a 440

more faithful, human-aligned estimate of retrieval 441

quality. For the Adversarial subset of the LoCoMo 442

dataset, where ground-truth answers are unavail- 443

able, all responses are labeled as “Context insuffi- 444

cient to answer.” Recall is defined as the proportion 445

of ground-truth targets retrieved within the top-15 446

items. Efficiency is evaluated in terms of token 447

consumption and query latency (Chhikara et al., 448

2025), corresponding to the total number of tokens 449

used by the LLM during query processing and the 450

time required to generate a complete response. 451

Baselines. We compare LiCoMemory with 452

several well-established baselines, including Lo- 453

CoMo (Maharana et al., 2024), Zep (Rasmussen 454

et al.), Mem0(Mem0g) (Chhikara et al., 2025), A- 455

Mem (Xu et al., 2025), Memorybank (Zhong et al., 456

2024), and MemOS (Li et al., 2025c). Detailed 457

introduction is listed in Appendix A.2. 458

Implementation Details. All methods are evalu- 459

ated under the same settings. Llama-3-8B-Instruct 460

serves as the primary LLM for memory construc- 461

tion, while BGE-M3 is adopted for text embedding 462

to support retrieval. During answer generation, 463

Llama-3.1-70B-Instruct-Turbo and GPT-4o-mini 464

are utilized as generation models. All experiments 465

are conducted on NVIDIA 80G A100 GPUs. We 466

report results averaged over 5 independent runs to 467

ensure reliable performance and runtime measure- 468

ments. The number of retrieved memory units (k) 469

is set to 15 and the decay coefficient (tk) is set to 470

0.1 with details shown in Appendix A.4. 471

4.2 Main Results(RQ1) 472

Table 1 presents a comprehensive comparison of 473

LiCoMemory with representative memory frame- 474

works across two long-term dialogue benchmarks 475

using different backbone language models. Across 476

both Llama-3.1-70B-Instruct-Turbo and GPT-4o- 477

mini, LiCoMemory consistently achieves the high- 478

est accuracy and recall while maintaining the low- 479

est or near-lowest query latency. Moreover, its 480

performance remains stable across multiple runs, 481

demonstrating strong robustness. Specifically, on 482

LongMemEval, it surpasses the second-best base- 483
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Table 1: Evaluation on long-term memory QA benchmarks utilizing different language models. The best and
second-best results are highlighted. TR stands for query latency while KR stands for prompt token consumption.
All results are averaged over 5 runs and we report mean ± standard deviation.

Model Method LongmemEval LoCoMo
TR KR Acc. Rec. TR KR Acc. Rec.

L
la

m
a-

3.
1-

70
B

In
st

ru
ct

-T
ur

bo

LoCoMo 4.51±1.08s 3.5±0.2k 17.60±1.05% 22.04±1.12% 4.90±1.42s 3.2±0.2k 23.63±1.08% 25.50±1.15%
Memorybank 8.25±1.87s 4.1±0.2k 36.40±0.96% 39.21±1.01% 7.13±1.56s 4.4±0.2k 28.80±0.93% 31.52±0.97%

MemOS 3.15±0.83s 2.6±0.2k 47.80±0.82% 49.03±0.85% 3.20±0.96s 2.2±0.2k 54.10±0.79% 57.53±0.81%
Mem0 1.87±0.58s 2.3±0.1k 56.80±0.71% 61.21±0.68% 1.55±0.63s 2.1±0.1k 53.22±0.74% 57.05±0.70%
Mem0g 2.51±0.92s 2.8±0.2k 55.40±0.76% 63.09±0.65% 2.11±0.81s 2.4±0.2k 55.48±0.72% 59.32±0.69%
A-Mem 4.31±1.26s 4.5±0.2k 57.40±0.88% 62.18±0.84% 4.10±1.68s 4.2±0.2k 43.84±0.91% 49.17±0.89%

Zep 5.22±1.73s 4.1±0.2k 60.20±0.81% 62.74±0.79% 5.31±1.94s 3.8±0.2k 40.30±0.94% 51.05±0.92%
LiCoMemory 1.62±0.47s 1.6±0.1k 69.20±0.62% 72.39±0.58% 1.55±0.59s 1.3±0.1k 62.99±0.71% 64.51±0.69%

G
PT

-4
o-

m
in

i

LoCoMo 5.34±1.20s 3.5±0.2k 16.60±1.02% 21.56±1.09% 4.72±1.10s 3.3±0.2k 23.87±1.06% 24.91±1.10%
Memorybank 7.93±1.80s 4.1±0.2k 35.40±0.95% 38.06±0.98% 7.62±1.70s 4.5±0.2k 31.50±0.92% 33.19±0.96%

MemOS 3.72±0.95s 2.5±0.2k 51.20±0.78% 52.07±0.81% 3.96±1.00s 2.2±0.1k 58.30±0.75% 62.93±0.77%
Mem0 1.89±0.65s 2.3±0.1k 62.60±0.70% 71.32±0.66% 1.75±0.60s 2.3±0.2k 54.68±0.73% 62.31±0.71%
Mem0g 2.41±0.85s 2.9±0.2k 64.80±0.69% 69.53±0.67% 2.34±0.80s 2.5±0.2k 56.96±0.71% 63.14±0.68%
A-Mem 4.52±1.40s 4.3±0.2k 55.00±0.86% 59.30±0.84% 4.63±1.50s 4.1±0.2k 48.59±0.88% 53.82±0.86%

Zep 6.12±1.60s 4.2±0.2k 58.60±0.83% 61.02±0.80% 5.92±1.50s 3.7±0.2k 44.76±0.91% 46.51±0.93%
LiCoMemory 1.74±0.55s 1.7±0.1k 73.80±0.60% 76.63±0.57% 1.61±0.50s 1.2±0.1k 67.20±0.69% 68.09±0.67%

line by 9.0% in accuracy and 9.3% in recall with484

Llama-3.1-70B, and by 9.0% and 5.3% respec-485

tively with GPT-4o-mini. Similarly, on LoCoMo,486

LiCoMemory outperforms Mem0g by 7.5% in ac-487

curacy and 5.2% in recall on Llama-3.1-70B, and488

achieves a 8.9% and 4.95% gain under GPT-4o-489

mini. The observed improvements in QA perfor-490

mance demonstrate the effectiveness of the pro-491

posed CogniGraph structure. In addition, the re-492

ductions in retrieval latency and retrieval volume493

further substantiate the advantages of its precise494

retrieval mechanism and lightweight, efficiency-495

oriented graph design. Notably, the most pro-496

nounced performance gains are observed on the497

LoCoMo benchmark, where retrieval latency is498

reduced by 10% and token consumption by 45%499

compared to the second-best baseline (Mem0).500

To further analyze how LiCoMemory outper-501

forms other frameworks on long-term dialogue502

benchmarks, we provide a detailed breakdown of503

its performance across subsets with different fo-504

cuses using GPT-4o-mini as the generation model,505

as shown in Figure 4. As illustrated in the left chart,506

LiCoMemory consistently surpasses the second-507

best baseline (MemOS) across all subsets of Lo-508

CoMo, with a large gain observed in the Temporal-509

Reasoning subset, where accuracy improves by510

19.2%. A smaller improvement is observed on the511

Adversarial subset, likely due to occasional false512

positives arising when the correct entries are not re-513

trieved, as reflected by the recall results in Table 1.514

On the LongMemEval benchmark, LiCoMemory515

achieves substantial gains on the Multi-Session516

Single-Hop

Multi.

TemporalOpen

Adver.

25

40

55

70

LoCoMo

S.S.U.

S.S.A.S.S.P.

Multi.

Temporal Update

15
40

65
90

LongMemEval

LiCoMemory A-Mem Zep MemOS Mem0g

Figure 4: Accuracy breakdown of LiCoMemory and
baselines on subsets of LoCoMo and LongmemEval.

(26.6%) and Temporal Reasoning (15.9%) sub- 517

sets compared to the second best baseline (Mem0), 518

highlighting the effectiveness of our CogniGraph 519

structure and unified reranking mechanism in cap- 520

turing temporal and cross-session dependencies. 521

4.3 Real-Time Performance(RQ2) 522

Following the discussion in Section 3.3, we eval- 523

uate LiCoMemory in a practical interactive setting 524

where the agent must support real-time updates and 525

retrieval. Using Llama-3.1-70B-Instruct-Turbo as 526

the backbone, we perform chunk-by-chunk inser- 527

tion on the LoCoMo dataset to emulate real-world 528

conversational flows. During context ingestion, 529

we only insert dialogue chunks without trigger- 530

ing retrieval, and issue queries after all insertions 531

are completed. As shown in Table 2, LiCoMemory 532

maintains leading accuracy with minimal degrada- 533

tion from static to real-time insertion, while achiev- 534

ing the lowest token usage and latency in both con- 535

text processing (KG, TG) and querying (KR, TR). 536
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Figure 5: Ablation study of LiCoMemory on LongmemEval and subset breakdown.

Table 2: Detailed performance of LiCoMemory and base-
lines on LoCoMo in real-time interaction. KG stands
for token consumption per session during context pro-
cessing stage while KR stands for prompt token input.
Accordingly, TG stands for latency per session of con-
text processing stage TR stands for query latency.

Method Accuracy
Token Latency

KG KR TG TR

Zep 38.7% 212.5k 4.0k 2871s 5.71s
Mem0 54.68% 49.3k 2.2k 1772s 1.78s
Mem0g 55.82% 61.8k 2.4k 2081s 2.25s
A-Mem 44.12% 30.7k 4.1k 209s 4.63s
MemOS 54.08% 143.2k 2.6k 256s 2.71s

LiCoMemory 66.4% 13.52k 1.3k 21s 1.52s

With the support of CogniGraph, LiCoMemory fur-537

ther reduces construction token cost by over 3 times538

and construction latency by more than an order of539

magnitude, without compromising retrieval quality.540

These results highlight both the efficiency benefits541

introduced by CogniGraph and the robustness of542

LiCoMemory for real-time interactive deployment.543

4.4 Ablation Study(RQ3)544

We analyze the contribution of each major com-545

ponent of LiCoMemory through an ablation study,546

where individual modules are selectively removed547

to assess their impact across diverse evaluation sce-548

narios. Figure 5 summarizes the results, showing549

that disabling different components leads to vary-550

ing degrees of performance degradation, thereby re-551

vealing their complementary roles in supporting co-552

herent long-term reasoning, temporal consistency,553

and effective cross-session retrieval.554

Overall, all ablated variants exhibit clear per-555

formance drops, with the most severe degradation556

observed for w/o Structured retrieval. When re-557

trieval is performed solely over extracted triples,558

ignoring session hierarchy and entity–relation559

structure, performance drops from 73.8/76.6 to560

51.6/56.4 on the full dataset and from 64.7/73.5561

to 40.6/48.2 in the multi-session setting, indicating562

fragmented retrieval and weakened factual ground- 563

ing. Removing temporal weighting (w/o Tem- 564

poral awareness) causes sharp declines in time- 565

sensitive tasks, with temporal reasoning falling 566

from 71.4/81.3 to 48.9/53.5 and knowledge update 567

from 80.8/85.1 to 51.9/57.0, demonstrating the ne- 568

cessity of temporal signals for avoiding outdated 569

evidence. Finally, disabling summary-level guid- 570

ance (w/o Summary) consistently degrades perfor- 571

mance (73.8/80.6 → 61.4/69.5 on the full dataset; 572

64.7/73.5 → 42.9/51.3 in multi-session settings), as 573

retrieval becomes overly local and fails to capture 574

higher-level contextual coherence. Together, these 575

results confirm that structured retrieval, temporal 576

awareness, and summary-level abstraction jointly 577

underpin the robustness of LiCoMemory. 578

5 Conclusion 579

This paper presents LiCoMemory, an end-to-end 580

agentic memory framework designed for real-time 581

updating, retrieval, and reasoning in long-term con- 582

versational scenarios. LiCoMemory incorporates 583

CogniGraph, a lightweight and semantically aware 584

hierarchical graph structure that redefines the role 585

of knowledge graphs as a semantic indexing layer 586

rather than a static repository. By leveraging hi- 587

erarchical and temporally sensitive retrieval, the 588

system unifies session-level, relational-level, and 589

temporal relevance to retrieve coherent and contex- 590

tually aligned knowledge. Experimental results on 591

long-term dialogue benchmarks demonstrate that 592

LiCoMemory consistently retrieves quality informa- 593

tion and achieves superior performance in tempo- 594

ral and multi-session reasoning and other compli- 595

cated tasks, while significantly improving update 596

efficiency and inference speed compared to exist- 597

ing baselines. In future work, we plan to extend 598

our structure to multi-agent settings and explore 599

adaptive memory compression strategies to further 600

enhance scalability and reasoning capability. 601
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6 Limitations602

The current LoCoMo framework is limited to603

single-modality conversational data. Although it604

effectively models long-term structure within text-605

based interactions, it cannot incorporate additional606

modalities such as images, audio signals or struc-607

tured sensor data. This restriction narrows its ap-608

plicability in real-world settings where multimodal609

grounding is essential for maintaining coherent610

memory across heterogeneous inputs.611

Another limitation lies in the LLM-dependent612

graph construction process. Building and refining613

the memory graph requires invoking large language614

models for abstraction, relation inference, and co-615

herence evaluation. This dependence on large lan-616

guage models is not unique to LoCoMo but repre-617

sents a broader challenge shared by many LLM-618

based memory organization methods. As the vol-619

ume of conversational history scales up, the num-620

ber of required model calls grows correspondingly,621

leading to substantial computational and monetary622

cost. This poses practical challenges for deploying623

LoCoMo in large-scale or high-throughput applica-624

tions.625
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A Experiment Details758

A.1 Dataset Details759

We conduct experiments on two publicly available760

long-term dialogue datasets, LongMemEval (Ma-761

harana et al., 2024) and LoCoMo (Maharana et al.,762

2024), both designed to evaluate memory-intensive 763

conversational reasoning. 764

LongMemEval dataset contains 500 dialogues 765

paired with 500 evaluation questions. Each dia- 766

logue comprises an average of 50.22 sessions and 767

9.83 turns per session, resulting in approximately 768

101k tokens per dialogue. The questions are an- 769

notated into six categories—single-session-user, 770

multi-session, single-session-preference, temporal- 771

reasoning, knowledge-update, and single-session- 772

assistant—with average lengths ranging from 10 to 773

36 tokens. 774

LoCoMo dataset includes 1,986 questions con- 775

structed from 10 long-form dialogues. The dia- 776

logues contain an average of 27.2 sessions, each 777

with about 21 turns, yielding roughly 16k tokens 778

per dialogue. Questions are grouped into five rea- 779

soning types, corresponding to Single Hop, Multi 780

Hop, Open Domain, Temporal and Adversarial 781

questions, with average question lengths between 782

10 and 13 tokens across categories. 783

A.2 Baseline Details 784

In this section, we provide extended descrip- 785

tions of the baseline systems compared against 786

LiCoMemory. 787

LoCoMo (Maharana et al., 2024) is a long-context 788

reasoning and memory evaluation framework de- 789

signed to test an agent’s capacity to perform re- 790

trieval over extended conversational histories. The 791

system treats the entire multi-session dialogue as an 792

unstructured text corpus, which is then segmented 793

into fixed-length or semantically coherent textual 794

chunks. At inference time, queries are embedded 795

and matched against these chunks using conven- 796

tional vector similarity search. The top-k retrieved 797

chunks are fed into an LLM to generate a final 798

answer. This pipeline reflects a classical RAG- 799

style architecture and does not maintain explicit 800

entity-level structures or temporal links. Instead, 801

LoCoMo emphasizes broad coverage of historical 802

information and robustness across diverse conver- 803

sational phenomena such as preference tracking, 804

multi-hop reasoning across sessions, and tempo- 805

ral change. Due to its reliance on chunk-based 806

retrieval, the framework is sensitive to chunk gran- 807

ularity and dense-retrieval bottlenecks, particularly 808

when dialogues exceed hundreds of thousands of 809

tokens. 810

Zep (Rasmussen et al.) is a retrieval-based 811

conversational memory system that introduces a 812

more structured and selective memory management 813
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Statistic LongMemEval LoCoMo

Number of Questions 500 1,986
Number of Dialogues 500 10
Avg. Sessions / Dialogue 50.22 27.20
Avg. Turns / Session 9.83 21.63
Avg. Tokens / Dialogue 101,781 15,965

Question Type Distribution

single-session-user: 70
multi-session: 133
single-session-preference: 30
temporal-reasoning: 133
knowledge-update: 78
single-session-assistant: 56

Type 1: 282
Type 2: 321
Type 3: 96
Type 4: 841
Type 5: 446

Avg. Tokens per Question (by type)

single-session-user: 10.64
multi-session: 14.95
single-session-preference: 16.40
temporal-reasoning: 18.84
knowledge-update: 14.18
single-session-assistant: 36.79

Type 1: 9.81
Type 2: 10.82
Type 3: 12.28
Type 4: 12.76
Type 5: 12.68

Table 3: Dataset statistics of LongMemEval and LoCoMo.

paradigm. Unlike purely vector-based chunk re-814

trieval, Zep employs schema-guided memory with815

typed memory entries representing specific cate-816

gories such as user facts, preferences, tasks, tempo-817

ral events, and environment states. Each memory818

entry includes metadata such as timestamps, se-819

mantic tags, and importance scores, enabling prior-820

itization and temporal filtering. Zep’s memory con-821

troller supports operations such as add, update, ex-822

pire, and recall, allowing it to perform complex rea-823

soning over temporally extended dialogues. This824

structured approach enables stronger performance825

on long-horizon tasks where simple chunk retrieval826

is insufficient, though Zep’s schema rigidity can827

limit adaptability in open-domain interactions.828

Mem0 (Chhikara et al., 2025) provides a modular829

memory framework designed for deployment in in-830

teractive agents that accumulate personal, episodic,831

and task-specific knowledge over time. The non-832

graph version (denoted as Mem0) represents mem-833

ory as a set of independent text entries, each stored834

as an LLM-generated summary or atomic fact.835

Memory operations are performed via in-context in-836

structions: the system “reflects” over recent conver-837

sation to decide whether an event should be added838

to memory, updated, or ignored. Retrieval is exe-839

cuted through embedding-based nearest-neighbor840

search over memory entries, using similarity met-841

rics to select relevant items for grounding the842

agent’s responses. This version is lightweight,843

easy to integrate, and scalable for applications such 844

as personal assistants or autonomous agent loops. 845

However, because it lacks explicit structural con- 846

straints, the system may experience memory re- 847

dundancy or drift when large numbers of entries 848

accumulate. The graph-based variant (denoted as 849

Mem0g) extends the original design by organizing 850

memory into an evolving knowledge graph. In- 851

stead of isolated entries, memories are represented 852

as nodes—users, entities, preferences, events—and 853

edges encode explicit relations such as temporal 854

transitions, dependencies, and causal associations. 855

Memory updates may introduce new nodes, refine 856

attributes of existing nodes, or modify relationships 857

to maintain global consistency. Retrieval is con- 858

ducted through graph traversal, relation-aware em- 859

bedding, or hybrid neural-symbolic queries. This 860

structure greatly improves multi-hop reasoning, 861

eliminates redundant memory entries, and provides 862

better long-term coherence. Because the graph 863

enforces explicit relational grounding, the graph- 864

based Mem0 is generally more robust on tempo- 865

rally dependent tasks and cross-session preference 866

tracking, though it incurs higher computational 867

overhead and requires controller logic to maintain 868

graph consistency during updates. 869

A-MEM (Xu et al., 2025) introduces a dynamically 870

evolving memory architecture designed to capture 871

both short-term conversational signals and long- 872

term user-specific information. A-MEM maintains 873
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a layered memory hierarchy that includes: (1) a874

local memory for contextual, short-horizon reason-875

ing; (2) a global memory for long-term facts and876

user information; and (3) a cross-event relational877

layer that links semantically related memory pieces878

into a coherent structure. The system refines stored879

knowledge via iterative LLM-based consolidation,880

reducing noise and improving abstraction. During881

retrieval, A-MEM leverages both content similarity882

and structural dependencies to select relevant mem-883

ory components. Its dynamic update mechanism884

enables continuous refinement of knowledge rep-885

resentations, making it suitable for evolving multi-886

session environments. However, the reliance on887

recurrent consolidation steps can introduce latency888

and occasional over-abstraction of fine-grained de-889

tails.890

MemoryBank (Zhong et al., 2024) is a long-term891

memory framework designed to endow conversa-892

tional agents with persistent, user-centric memory893

across extended interactions. The system organizes894

memory as a collection of natural-language records895

summarizing user profiles, preferences, historical896

events, and interaction traces. These records are897

incrementally updated through LLM-driven reflec-898

tion mechanisms that periodically condense recent899

conversations into concise memory entries. At in-900

ference time, MemoryBank retrieves relevant mem-901

ories via embedding-based similarity search and902

injects them into the prompt to ground response903

generation. By emphasizing user personalization904

and longitudinal consistency, MemoryBank demon-905

strates strong performance in scenarios requiring906

stable preference tracking and long-term user mod-907

eling. However, because memory entries are stored908

primarily as free-form text without explicit rela-909

tional structure, the framework may suffer from910

redundancy, semantic overlap, and limited multi-911

hop reasoning capability as memory size grows.912

MemOS (Li et al., 2025c) proposes a memory-913

augmented conversational architecture that focuses914

on selective memory formation and efficient re-915

trieval under long-context settings. The system916

employs an LLM-based controller to determine917

which conversational elements are worth storing,918

transforming them into concise memory units that919

capture salient facts or events. These units are in-920

dexed using dense embeddings and retrieved on921

demand to support downstream reasoning. Un-922

like static memory accumulation, MemOS empha-923

sizes controlled memory growth by filtering low-924

utility or redundant information, thereby mitigat-925
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Figure 6: Results of hyperparameter study. From Left
to Right, two graphs in order demonstrates the effect of
number of retrieved memory units(k) and decay coeffi-
cient (tk) on LiCoMemory’s performance.

ing memory bloat and retrieval noise. This design 926

enables efficient scaling to long interaction histo- 927

ries while maintaining response relevance. Nev- 928

ertheless, similar to other embedding-centric ap- 929

proaches, MemOS lacks explicit entity-level or 930

relational representations, which can limit its ef- 931

fectiveness on tasks requiring structured reasoning 932

over temporally or causally linked memories. 933

A.3 Prompt Details 934

The following prompts (shown in Fig. 7) are em- 935

ployed for the LLM-as-a-Judge evaluation pro- 936

tocol introduced by (Wu et al., 2024). Differ- 937

ent query types correspond to distinct evaluation 938

prompts tailored to their reasoning requirements. 939

For Temporal-Reasoning queries, minor off-by-one 940

errors are disregarded to eliminate ambiguity re- 941

garding whether the first day is counted. For the 942

Single-Session-Preference subset, responses are 943

judged based on their alignment with user prefer- 944

ences inferred from the dialogue history. To ensure 945

consistency with the metric defined in the original 946

LoCoMo research (Maharana et al., 2024), a uni- 947

fied default evaluation procedure is applied across 948

all LoCoMo subsets for fair comparison. 949

A.4 Hyperparameter Details 950

In this section we evaluate the effect of hyperpa- 951

rameters on the performance of LiCoMemory with 952

respect to the following key parameters: k (number 953

of retrieved memory units), tk (decay coefficient). 954

Number of retrieved memory units top-k. The 955

choice of the top-k retrieval parameter is inher- 956

ently dependent on the characteristics of the target 957

dataset. Selecting a value of k that is too small 958

risks discarding critical information during the re- 959

trieval stage, particularly for large-scale datasets, 960

whereas an excessively large k may introduce sub- 961

stantial redundancy and noise, thereby obscuring 962

relevant evidence and hindering the LLM’s abil- 963
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ity to identify correct information. Prior memory-964

centric frameworks evaluated on datasets such as965

LoCoMo and LongMemEval typically adopt k val-966

ues in the range of 10 to 30. Motivated by these ob-967

servations, we conduct an ablation study on Long-968

MemEval to examine the impact of different k val-969

ues on retrieval accuracy and token consumption970

during inference. As illustrated in the left panel971

of Fig. 6, increasing k leads to a gradual rise in972

the number of retrieved tokens. Notably, choos-973

ing an excessively small value (e.g., k = 5) re-974

sults in a substantial degradation in accuracy. This975

phenomenon can be attributed to the large corpus976

size of LongMemEval, where insufficient retrieval977

coverage disproportionately affects multi-session978

reasoning scenarios. Conversely, performance also979

declines when k becomes overly large, which may980

stem from LLM hallucination or the model’s fail-981

ure to effectively attend to relevant information982

amid excessive retrieved context. Balancing re-983

trieval effectiveness and computational efficiency,984

we therefore select k = 15 as the default setting985

for all subsequent experiments.986

Decay coefficient tk. Intuitively, a larger tk987

imposes a stronger penalty on older information,988

thereby biasing retrieval toward more recent con-989

tent. While this mechanism is beneficial for sce-990

narios requiring rapid knowledge updates, it may991

adversely affect tasks that rely on long-term or992

cross-session dependencies. To systematically an-993

alyze this trade-off, we conduct a hyperparameter994

study on LongMemEval by varying tk and evaluat-995

ing its impact on retrieval accuracy across different996

subsets. The experimental results shown on the997

right graph of Fig 6 indicate that, as tk increases,998

accuracy on the knowledge update subset improves999

monotonically and eventually saturates, reflecting1000

the higher relevance of recent information in this1001

setting. However, this property does not generalize1002

to other subsets, where newly introduced informa-1003

tion is not necessarily more informative than ear-1004

lier context. In these cases, an excessively large1005

decay coefficient causes the retrieval mechanism1006

to overemphasize recent but irrelevant memories,1007

leading to a degradation in overall performance.1008

Quantitatively, we observe that increasing tk within1009

the range of [0, 0.1] consistently improves the over-1010

all accuracy, as the benefits on knowledge update1011

scenarios outweigh the mild losses elsewhere. Be-1012

yond this range, however, further increasing tk re-1013

sults in a sharp drop in accuracy, suggesting that1014

overly aggressive temporal decay disrupts effec-1015

tive long-term retrieval. Taking both robustness 1016

and task diversity into consideration, we fix the 1017

decay coefficient to tk = 0.1 for all subsequent 1018

experiments. 1019
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Prompt template for LLM-as-a-Judge.

Single-Session-User, Single-Session-Assistant, Multi-Session:
I will give you a question, a correct answer, and a response from a model. Please answer yes if the
response contains the correct answer. Otherwise, answer no. If the response is equivalent to the correct
answer or contains all the intermediate steps to get the correct answer, you should also answer yes. If
the response only contains a subset of the information required by the answer, answer no.
Question: {Question} Correct Answer: {Golden Answer} Model Response: {Model Response}
Is the model response correct? Answer yes or no only.
Temporal-Reasoning:
I will give you a question, a correct answer, and a response from a model. Please answer yes if the
response contains the correct answer. Otherwise, answer no. If the response is equivalent to the correct
answer or contains all the intermediate steps to get the correct answer, you should also answer yes. If
the response only contains a subset of the information required by the answer, answer no. In addition,
do not penalize off-by-one errors for the number of days. If the question asks for the number of
days/weeks/months, etc., and the model makes off-by-one errors (e.g., predicting 19 days when the
answer is 18), the model’s response is still correct.
Question: {Question} Correct Answer: {Golden Answer} Model Response: {Model Response}
Is the model response correct? Answer yes or no only.
Knowledge-Update:
I will give you a question, a correct answer, and a response from a model. Please answer yes if the
response contains the correct answer. Otherwise, answer no. If the response contains some previous
information along with an updated answer, the response should be considered as correct as long as the
updated answer is the required answer.
Question: {Question} Correct Answer: {Golden Answer} Model Response: {Model Response}
Is the model response correct? Answer yes or no only.
Single-Session-Preference:
I will give you a question, a rubric for desired personalized response, and a response from a model.
Please answer yes if the response satisfies the desired response. Otherwise, answer no. The model does
not need to reflect all the points in the rubric. The response is correct as long as it recalls and utilizes
the user’s personal information correctly.
Question: {Question} Rubic: {Evaluation Rubic} Model Response: {Model Response}
Is the model response correct? Answer yes or no only.
LoCoMo:
I will give you a question, a correct answer, and a response from a model. Please answer yes if the
response contains the correct answer. Otherwise, answer no. If the response is equivalent to the correct
answer or contains all the intermediate steps to get the correct answer, you should also answer yes. If
the response only contains a subset of the information required by the answer, answer no.
Question: {Question} Correct Answer: {Golden Answer} Model Response: {Model Response}
Is the model response correct? Answer yes or no only.

Figure 7: Prompt template for LLM-as-a-Judge.
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