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Abstract
Personalized agents that interact with users001
over long periods must maintain persistent002
memory across sessions and update it as cir-003
cumstances change. However, existing bench-004
marks predominantly frame long-term memory005
evaluation as fact retrieval from past conver-006
sations, providing limited insight into whether007
models can consolidate memory over time or008
handle frequent knowledge updates. We intro-009
duce Memora, a long-term memory benchmark010
spanning weeks to months long user conversa-011
tions. The benchmark evaluates three memory-012
grounded tasks: remembering, reasoning, and013
recommending. To ensure data quality, we014
employ automated memory-grounding checks015
and human evaluation. We further introduce016
Forgetting-Aware Memory Accuracy (FAMA),017
a metric that penalizes reliance on obsolete or018
invalidated memory when evaluating long-term019
memory. Evaluations of four LLMs and six020
memory agents show frequent reuse of invalid021
memories and failures to reconcile evolving022
memories. Memory agents offer marginal im-023
provements, exposing shortcomings in long-024
term memory for personalized agents.025

1 Introduction026

Large Language Models (LLMs) have rapidly ad-027

vanced as general-purpose systems, demonstrat-028

ing strong capabilities in reasoning (Huang and029

Chang, 2023), instruction following (Xu et al.,030

2023; Wen et al., 2024), generating high-quality031

content (Liang et al., 2024), and adapting across032

diverse tasks (Radford et al., 2019; Kojima et al.,033

2022). These advances have fueled growing in-034

terest in deploying LLMs as personalized assis-035

tants (Yuan et al., 2025), tutors (Chen et al., 2024),036

and life-long companions (Zhang et al., 2025).037

However, despite their apparent fluency, current038

LLMs remain fundamentally constrained due to the039

lack of persistent long-term memory (Zhong et al.,040

2023; Wu et al., 2025). By default, LLMs are state-041

less across interactions (Mei et al., 2025). Although042

Long-Term
Memory
Dataset

Memory Memory
Consolidation Mutation

Avg. Max. Avg. Max.

PerLTQA (2024) 1.0 1.0 0.0 0.0
MemDaily (2024b) 3.3 8.0 0.0 0.0
LOCOMO (2024) 1.3 15.0 0.0 0.0
LongMemEval (2024) 1.9 6.0 2.0 2.0
PersonaMem (2025) 1.3 3.0 1.2 3.0

Memora (Weekly) 5.3 26.0 2.7 11.0
Memora (Monthly) 17.3 99.0 8.8 43.0
Memora (Quarterly) 28.4 309.0 14.8 94.0

Table 1: Comparison of benchmarks on two key long-
term memory challenges. Memory consolidation mea-
sures the number of past sessions whose information
must be integrated to answer a query, and memory mu-
tation measures the number of updates or deletes across
sessions before querying. We report both average (Avg.)
and maximum (Max.) values across evaluation ques-
tions. Memora places substantially higher demands on
both challenges under three temporal durations.

models maintain a key-value cache during a single 043

interaction to preserve short-term context, this in- 044

ternal state is discarded once the interaction ends. 045

As a result, information shared by users in previous 046

conversations such as preferences, plans, correc- 047

tions, or goals is not retained unless it is explicitly 048

reintroduced. This limitation prevents LLMs from 049

behaving as persistent assistants that can maintain 050

interaction over days, weeks, or months. 051

Human cognition provides a clear contrast. Peo- 052

ple naturally remember prior conversations (Brown- 053

Schmidt et al., 2025), integrate information across 054

time (Mazurek et al., 2003), revise beliefs when 055

new evidence arises (Hogarth and Einhorn, 1992), 056

and discard outdated knowledge (Bekinschtein 057

et al., 2018; Ye et al., 2020). Long-term mem- 058

ory is not defined solely by recalling (Ericsson and 059

Kintsch, 1995), but by the ability to accumulate 060

experiences (Meeter and Murre, 2004), reconcile 061

changes (Wood et al., 2012), and maintain a coher- 062
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Remembering Reasoning Recommending

My car is due for maintenance this
week, so I need to get it checked.

Definitely. Maintenance keeps it
running well.

I am planning to check out a coffee
shop and try some new beans.

What’s your go-to brewing style?

My weekly grocery budget is $100.

Perfect, we can plan a tasty week
while staying under budget!

Just spent $45.50 at Trader Joe's on
groceries.

Grocery run update: spent $30.25 at
Whole Foods this afternoon picking
up a few fresh ingredients.

I’m really into Christopher Nolan’s
movies with psychological twists.

Absolutely, he’s a master of
psychological storytelling.

I’m starting to get bored of Nolan’s
style. It’s super heavy.

What are you enjoying recently?

I’ve been enjoying comedies,
especially ones with clever humor.I usually stick to pour-over.

What are the things I need to do?

You could get the car maintenance
done first, then relax at the coffee
shop and try those new beans
afterward!

Am I within my grocery budget?

You have spent a total of $75.75 so
far this week, which means you are
still within your $100 budget and
have $24.25 remaining to spend.

Suggest me a movie.

I'd recommend The Grand Budapest
Hotel. It’s sharp, funny, and full of
quirky characters with a great visual
style that is really fun to watch!
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Figure 1: The three tasks of the Memora benchmark: 1) Remembering: recalling and leveraging discussed facts
in response, such as to-dos, 2) Reasoning: integrating multiple pieces of information to derive a specific answer,
for example, calculating the grocery budget status, and 3) Recommending: suggesting relevant items or actions
based on the user’s evolving preferences, like proposing The Grand Budapest Hotel after the user grew bored of
Christopher Nolan’s movies. Each task depends on selectively extracting and reusing relevant information from
non-contiguous, temporally distant sessions, emphasizing long-term memory beyond recent context.

ent mental model of the world (Jones et al., 2011).063

For conversational agents to approximate this be-064

havior, they must support not only remembering065

past information, but also consolidating memory066

across many interactions and mutating memory as067

circumstances evolve.068

Despite growing interest in long-term mem-069

ory, existing benchmarks (Maharana et al., 2024;070

Du et al., 2024; Jiang et al., 2025) primarily op-071

erationalize it as shallow cross-session retrieval072

rather than sustained memory accumulation. In073

LoCoMo (Maharana et al., 2024) 94% of the evalu-074

ation questions require grounding evidence from no075

more than two previous sessions. We observe the076

same pattern for 85% of the evaluation questions077

in LongMemEval (Wu et al., 2024). Consistent078

with these observations, Table 1 shows that aver-079

age memory consolidation across benchmarks is080

approximately one session. This skewed distribu-081

tion means that the majority of evaluation reduces082

to whether a model can recall an isolated piece of083

information introduced in a prior, rather than syn-084

thesizing information accumulated over extended085

interaction histories. Also, this retrieval-centric086

framing implicitly assumes that stored information087

remains permanently valid. In contrast, real-world088

long-term interaction is non-stationary: user infor-089

mation is updated, corrected, or withdrawn over090

time. Therefore long-term memory requires not 091

only recalling past information, but also correct 092

handling of memory mutation. However, as shown 093

in Table 1, prior benchmarks place minimal stress 094

on memory mutation. LongMemEval (Wu et al., 095

2024) includes knowledge-update operations, but 096

limits them to at most two sessions before evalua- 097

tion and PersonaMem (Jiang et al., 2025) handles 098

updates across no more than three sessions. As a 099

result, models are rarely required to reconcile mul- 100

tiple revisions of the same information or to track 101

how user state evolves over extended timelines. 102

To address these gaps, we introduce Memora, 103

a benchmark that models long-term memory as 104

a continuous and evolving process rather than 105

static retrieval. Memora increases demands on 106

both memory consolidation and mutation by requir- 107

ing models to integrate information across weekly, 108

monthly, and quarterly conversation sessions. Fig- 109

ure 1 shows that Memora evaluates three memory- 110

grounded tasks, remembering, reasoning, and rec- 111

ommending, all require respecting the temporal 112

validity of users’ long-term memory. 113

Beyond dataset design, Memora also revisits 114

how long-term memory should be evaluated. Exist- 115

ing evaluations largely reward memory inclusion, 116

measuring whether relevant information appears in 117

a model’s response. This overlooks memory mis- 118
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use, where obsolete information is retrieved and119

used. As long as the final answer appears correct,120

reliance on invalidated memory is not penalized. To121

address this, we introduce Forgetting-Aware Mem-122

ory Accuracy (FAMA), an evaluation metric that123

explicitly accounts for invalid memories. FAMA124

measures whether a model’s response reflects the125

user’s current memory state by rewarding correct126

use of valid memory and penalizing reliance on ob-127

solete or deleted memory. This enables evaluation128

of memory mutation over long interaction histories.129

Using Memora, we evaluate four LLMs and six130

long-term memory agents. Despite extended con-131

text windows and external memory mechanisms,132

our results reveal persistent failures in maintaining133

consistent belief states under high consolidation134

and mutation pressure. Models frequently reuse ob-135

solete information, and memory agents offer only136

limited improvements. In summary, our main con-137

tributions are:138

• Introducing Memora, a benchmark that sub-139

stantially increases demands on both memory140

consolidation and memory mutation across141

weekly, monthly and quarterly durations.142

• Proposing Forgetting-Aware Memory Accu-143

racy (FAMA), an evaluation metric that penal-144

izes reliance on outdated memories.145

• Empirical evaluation of LLMs and long-term146

memory agents, revealing limitations in main-147

taining consistent memory states.148

These contributions position Memora as a rigorous149

benchmark for studying long-term memory. By150

jointly stressing memory consolidation, frequent151

memory mutation, and forgetting-aware evaluation,152

Memora exposes failure modes that remain hidden153

under retrieval-centric benchmarks.154

2 Related Works155

Long-term memory addresses a fundamentally dif-156

ferent problem than long-context modeling (Bai157

et al., 2024; Zhang et al., 2024a; Hsieh et al., 2024).158

In realistic settings, placing the entire interaction159

history into the prompt is impractical (Lewis et al.,160

2020; Packer et al., 2023) and often counterproduc-161

tive (Liu et al., 2024; Du et al., 2025). Effective162

agents (Park et al., 2023) must depend on persis-163

tent and updatable long-term memory mechanisms,164

rather than simply increasing context length.165

Early long-term conversational memory bench-166

marks relied on a limited session histories (Xu et al.,167

2022a). As context windows expanded, later bench-168

marks primarily emphasized scaling conversation 169

length and explicit memory probing, including tar- 170

geted recall of personal facts (Zhong et al., 2024; 171

Du et al., 2024), question answering and summa- 172

rization over long multi-session dialogues (Maha- 173

rana et al., 2024), narrative-driven recall in tv-series 174

dialogues (Kim et al., 2025), and million-tokens 175

long user–assistant conversations (Wu et al., 2024). 176

In parallel, another line of work frames long- 177

term memory primarily as personalization, aim- 178

ing to adapt system behavior to the individual 179

users over extended interactions. Early bench- 180

marks such as DuLeMon (Xu et al., 2022b) eval- 181

uate persona-consistent dialogue generation. Per- 182

sonaMem (Jiang et al., 2025) shifts toward person- 183

alized decision-making by testing whether models 184

can infer evolving user states from long histories us- 185

ing multiple-choice questions. MemDaily (Zhang 186

et al., 2024b) models daily-life personal assis- 187

tant interactions and probes user-specific facts and 188

events. MemoryAgentBench (Hu et al., 2025) ex- 189

tends personalization-oriented memory evaluation 190

to agentic settings, highlighting competencies such 191

as retrieval, test-time learning, and forgetting. 192

Taken together, prior works have expanded the 193

scale and scope of long-term memory evaluation, 194

either by increasing conversation length or by fram- 195

ing memory as personalization. However, across 196

both lines of work, long-term memory is still pre- 197

dominantly operationalized as fact-retrieval from 198

past interactions, with relatively limited empha- 199

sis on memory consolidation and frequent mem- 200

ory mutation. As a result, it remains unclear how 201

well existing systems integrate information across 202

extended timelines or handle evolving and invali- 203

dated memory. Memora targets these challenges 204

by jointly stressing consolidation and mutation in 205

long-term memory evaluation. 206

3 Memora 207

Memora is constructed through a simulation-driven 208

pipeline that jointly generates long-term conversa- 209

tions and evaluation tasks. Starting from persona- 210

level seed data, the pipeline simulates user inter- 211

actions spanning weeks to months, converts these 212

interactions into multi-turn conversations, and de- 213

rives memory-grounded evaluation tasks. This de- 214

sign focuses on both memory consolidation and 215

memory mutation, requiring models to adhere to 216

the temporal validity of information across remem- 217

bering, reasoning, and recommendation tasks. 218
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3.1 Seed Data Design219

We construct ten professional persona profiles (e.g.,220

software engineers, researchers, designers, execu-221

tives) consisting preference patterns, activity ten-222

dencies, and long-term goals. These personas serve223

as the semantic backbone of the benchmark. Mem-224

ora models three user-centric memory types: pref-225

erence, activity, and goal memory. Preference226

memory captures evolving users’ likes and dis-227

likes across domains (e.g., movie, music, travel).228

Activity memory represents what users’ do over229

time, encompassing both personal activities (e.g.,230

expenses, fitness tracking, tasks) and professional231

activities (e.g., drafting documents, managing meet-232

ing notes). Goal memory encodes users’ long-term233

objectives (e.g., budgeting, fitness targets). Mem-234

ory evolution is controlled by operational and tem-235

poral constraints that control the chronological con-236

sistency across sessions. Further details are pro-237

vided in the Appendix A.238

3.2 Session Simulation239

Given the seed data, a session simulator generates240

sequences of user interactions spanning weeks to241

months. The seed data defines the space of possible242

memory entities and the simulator determines when243

and how those entities are introduced, updated, or244

invalidated under explicit temporal and operational245

constraints. The simulator also includes memory-246

neutral sessions that do not introduce, modify, or247

delete any stored memories (e.g., casual conversa-248

tions, clarifications). This mixture follows inter-249

action patterns observed in conversational bench-250

marks (Wu et al., 2024; Deshpande et al., 2025).251

The simulator maintains a persistent memory252

state that is updated after every session. This en-253

ables dynamics such as preference drift (e.g., gradu-254

ally losing interest in a favored director), recurring255

activities (e.g., repeated activities logging), and256

incremental progression of long-term tasks (e.g.,257

refining a draft document across multiple sessions).258

By recording the full memory state before and after259

each session, Memora produces explicit memory260

traces that precisely track how information is intro-261

duced, updated, and invalidated over time. These262

traces define the ground truth for downstream con-263

versation generation and memory evaluation.264

3.3 Conversation Generation265

Building on the simulated session history, Memora266

converts each session specification into a multi-267

Weekly Monthly Quarterly

Number of Personas 10 10 10
Avg. Sessions Per Persona 155 615 1991
Avg. Turns Per Session 16.1 15.6 15.7
Avg. Memory Operations 103.2 374.3 1171.4

– Add (%) 68 63 63
– Update (%) 13 16 18
– Delete (%) 19 21 19

Memory-grounded Questions 150 150 300
Evaluation Criteria 749 1421 4884

Avg. pairwise 1-gram overlap ↓ 0.144 0.144 0.126
Avg. pairwise 2-gram overlap ↓ 0.027 0.026 0.027
Avg. pairwise 3-gram overlap ↓ 0.011 0.011 0.010
Avg. SBERT cosine similarity ↓ 0.275 0.272 0.281

Table 2: Memora statistics and conversation diversity
across different temporal spans. The top block sum-
marizes the dataset scale and memory dynamics. The
bottom block reports conversation diversity using pair-
wise lexical overlap and semantic similarity.

turn dialogue using a controlled, multi-agent con- 268

versation generation framework. The framework 269

supports two types of conversational turns: 1) 270

memory-neutral turns, which involve general in- 271

teraction not related to memory (e.g., casual ques- 272

tions, acknowledgments), and 2) memory-grounded 273

turns, in which the user expresses information cor- 274

responding to the simulated memory operation. 275

An intent selection module determines a se- 276

quence of user and assistant intents (e.g., greeting, 277

memory disclosure, follow-up). Conversations are 278

organized into a multi-phase interaction consisting 279

of an opening phase, an exploration phase, a mem- 280

ory phase where the target operation is expressed, 281

and a closing phase. Dialogue turns are generated 282

using a multi-agent prompting setup with separate 283

user and assistant roles conditioned on persona 284

traits, selected intents, memory entities, and prior 285

conversation context. 286

LLM-based generation does not always strictly 287

adhere to instructions given in the prompt and may 288

introduce plausible but untracked memory details 289

beyond the simulated session specification. To ad- 290

dress this, all generated conversations are checked 291

through an automated memory-grounding evalua- 292

tion loop. The grounding checks verify that the 293

intended memory operation and the entity is cor- 294

rectly expressed in the conversation, and no addi- 295

tional information is introduced. Each conversation 296

is independently evaluated by three LLMs and ac- 297

cepted only if all agree. Otherwise feedback is 298

shared and the conversation is regenerated. This 299

iterative process promotes close alignment between 300

generated conversations and the underlying mem- 301
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Persona Profiles:
    Researcher,
    Designers,
    Engineer etc.

Question
Generation

Memory Tasks:
     Remembering
     Reasoning 
     Recommending

Quality Metrics:
     Memory Presence
     Forgetting Penalty

Session Manager

Intent Manager

Flow Manager

Prompt Manager

Coherence

Memory
Grounding

LLM Voting

Auto
Eval Loop

Session 
Simulation

Seed Data

Memory Types:
    Preferences
    Activities
    Goals

Constrains:
    Operational
    Temporal

Final
Dataset

Simulate User
Interactions

Track Memory
Evaluation

Generate
Session History

Validation Pass

Memory Grounded 
Conversation Generation 

Human
Eval

Pass

Fail

Fail

Conversations
Memory Tasks
Quality Metrics

Figure 2: Overview of the Memora construction pipeline. The process begins with structured seed data (persona
profiles, memory types, constraints) that drives the session simulation module to produce a long session history.
Conversations are generated by multiple LLM agents and an auto-eval loop checks coherence and memory grounding.
Rigorous validation checkpoints, including both internal mechanisms (LLM Voting) and external human evaluation,
filter the generated data for quality and correctness before forming the final benchmark.

ory trace. In addition to automated checks, we ran-302

domly sample 5% of generated conversations per303

persona for human verification. If annotators iden-304

tify any inconsistency between the conversation305

and the memory trace, the entire batch is rejected.306

Further details are provided in the Appendix B.307

3.4 Conversation Diversity in Memora308

Table 2 also summarizes conversation scale and309

linguistic diversity across weekly, monthly, and310

quarterly timeline. Generated conversations exhibit311

low average pairwise n-gram overlap, indicating312

minimal template reuse and broad lexical coverage.313

Low average SBERT cosine similarity shows that314

diversity extends beyond surface form to semantic315

content. Together, these results demonstrate that316

Memora generates linguistically diverse conversa-317

tions without collapsing into formulaic patterns.318

3.5 Questions and Evaluation Criteria319

Memora constructs evaluation questions directly320

from the simulated memory traces. Questions are321

organized into three tasks: Remembering, Reason-322

ing, and Recommending. Remembering questions323

test direct recall of stored information (e.g., gen-324

erating documents), Reasoning questions require325

synthesizing information (e.g., evaluating goal326

progress), and Recommending questions assess327

whether personalized suggestions reflect the user’s328

current preferences rather than outdated ones (e.g.,329

recommending a movie after preference changes).330

Each question is paired with explicit evaluation 331

criteria derived from the same memory trace, spec- 332

ifying which memory items must be included and 333

which invalidated items must be excluded. 334

3.6 Final Dataset 335

The final Memora dataset comprises validated 336

multi-session conversations, memory-grounded 337

evaluation questions, and evaluation criteria an- 338

chored in explicit memory traces for each persona. 339

Correct responses require integrating information 340

across multiple sessions while avoiding invalidated 341

memories, enabling fine-grained analysis of long- 342

term memory beyond surface-level accuracy. 343

4 Experiments 344

We evaluate long-term memory behavior on Mem- 345

ora under two settings: 1) large language models 346

operating directly over extended conversational his- 347

tories, and 2) long-term memory agents that ex- 348

plicitly store and retrieve user information across 349

sessions. These settings isolate different mecha- 350

nisms for maintaining memory and allow us to as- 351

sess whether systems produce responses consistent 352

with the user’s current memory state. 353

4.1 Evaluation Settings 354

Model-Based Evaluation: We evaluate LLMs by 355

providing multi-session conversation histories (as 356

permitted by the context window) and asking them 357
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Models / Agents Remembering Recommending Reasoning

Weekly Monthly Quarterly Weekly Monthly Quarterly Weekly Monthly Quarterly

Language Models (w/o Reasoning Tokens)
Qwen3-32B 26.12 21.14 19.24 50.16 50.30 48.88 6.00 2.00 6.00
Claude Sonnet 4.5 27.50 19.42 21.25 43.62 39.00 44.02 6.66 3.00 5.50
Gemini 3 Pro Preview 20.36 21.44 17.28 45.12 45.94 52.56 6.66 4.00 4.00
GPT-5.2 25.32 19.92 23.39 54.80 51.12 53.36 4.66 0.00 1.00

Language Models (w/ Reasoning Tokens)
Qwen3-32B 23.86 25.62 17.14 50.04 53.06 47.71 6.66 9.00 3.00
Claude Sonnet 4.5 26.56 21.40 19.13 52.40 60.90 51.78 4.00 0.00 2.50
Gemini 3 Pro Preview 21.02 23.26 18.12 43.36 44.92 50.83 6.00 10.00 8.50
GPT-5.2 25.70 19.22 22.16 53.40 51.60 53.36 4.66 0.00 2.00

Long-Term Memory Agents
A-Mem 71.82 41.90 40.78 35.04 37.52 34.95 2.00 2.00 5.00
LangMem 71.16 42.00 39.14 48.88 44.08 33.85 30.00 14.00 11.00
Mem-0 40.42 21.08 19.90 52.58 36.20 38.47 16.00 0.00 2.00
MemoBase 43.60 20.08 15.18 68.94 58.46 45.62 18.00 7.00 1.00
MemoryOS 51.84 29.78 25.05 62.64 48.54 44.02 20.66 6.00 5.50
Nemori 65.06 44.08 33.83 52.84 45.90 41.66 18.66 0.00 6.50

Table 3: Aggregated Forgetting-Aware Memory Accuracy (FAMA) scores on the Memora, reported across three
memory-grounded tasks (Remembering, Recommending, Reasoning) and three temporal durations (weekly, monthly,
quarterly). Agents perform best on remembering and reasoning remains difficult across all systems.

to answer memory-grounded questions. This set-358

ting isolates models’ ability to consolidate long359

interaction histories without external memory mod-360

ules. We evaluate four LLMs: GPT-5.2, Claude361

Sonnet 4.5, Gemini 3 Pro Preview, and Qwen3-32B.362

They are tested under both standard and reasoning-363

enabled inference to assess whether reasoning to-364

kens improves memory under frequent updates.365

Agent-Based Evaluation: We evaluate systems366

with long-term memory agents that incrementally367

ingest conversations, retrieve relevant memories at368

query time, and generate responses conditioned369

on retrieved memories. We include representa-370

tive memory systems spanning local vector stores,371

cloud-based memory APIs, profile-driven memo-372

ries, and stateful agents, evaluated under identical373

conversations. The long-term memory agents are374

A-Mem, LangMem, Mem-0, MemoBase, Mem-375

oryOS, Nemori. All agents use the same LLM376

(GPT-4o-mini) backend for answer generation.377

4.2 Forgetting-Aware Memory Evaluation378

Memora evaluates responses using atomic,379

memory-aligned criteria derived from the user’s380

current memory state. We have two groups of381

evaluation criteria: memory presence, which382

checks whether valid information is included,383

and forgetting absence, which checks whether384

invalidated or deleted information is excluded.385

This distinguishes correct reliance on memory386

from erroneous reuse of obsolete memory, which387

standard accuracy metrics do not capture.388

Each evaluation criterion is assessed indepen- 389

dently using a multi-LLM judge protocol. Given a 390

model response and a single criterion, three judges, 391

GPT-4.1, Claude Haiku 4.5, and Gemini 2.5 Flash, 392

produce binary judgments, with final decisions de- 393

termined by majority vote. This approach follows 394

prior work establishing LLM as judge based evalu- 395

ation for open-ended and long-context tasks (Bai 396

et al., 2024; Maharana et al., 2024; Es et al., 2024). 397

Further details are provided in the Appendix C. 398

To aggregate criterion-level judgments into a 399

single score, we introduce Forgetting-Aware Mem- 400

ory Accuracy (FAMA), which measures alignment 401

with the user’s current memory state. FAMA re- 402

wards correct use of valid memory while explicitly 403

penalizing reliance on obsolete information: 404

FAMA = MPA − λ · (1− FAA), 405

where MPA denotes memory presence accuracy, 406

FAA denotes forgetting absence accuracy. 407

λ =
Nmemory_forget

Nmemory_presence +Nmemory_forget
, 408

The weighting term λ scales the forgetting penalty 409

according to the proportion of forgetting-related cri- 410

teria. FAMA is bounded in [0,1] for each evaluation 411

question, with higher values indicating stronger 412

alignment with the user’s memory state. 413

5 Results 414

We present the aggregated Forgetting-Aware Mem- 415

ory Accuracy (FAMA) results on Memora in the Ta- 416

ble 3. The results reveal clear performance gaps be- 417
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Figure 3: FAMA scores for remembering, recommend-
ing, and reasoning tasks. We report the results for the
top three systems per task. Points denote mean scores,
and error bars indicate variability across durations.

tween large language models and long-term mem-418

ory agents, showing that long-term memory con-419

sistency remains difficult to sustain as user infor-420

mation evolves over time. We next analyze these421

results at the task and temporal levels.422

Performance Across Tasks: Aggregating perfor-423

mance across the temporal ranges, we observe424

clear performance differences across remembering,425

recommending, and reasoning tasks. This indi-426

cates that long-term memory capabilities are task-427

dependent. Memory agents dominate remembering428

tasks. Agents substantially outperform language429

models, achieving an aggregated FAMA of 119.6430

compared to 65.6 for language models, regardless431

of reasoning tokens. FAMA scores in Figure 3432

suggest that accurate recall does not translate into433

strong performance on more demanding tasks such434

as reasoning, highlighting the difficulty of maintain-435

ing and integrating information across interactions.436

Recommending presents a contrasting outcome.437

Language models are competitive with memory438

agents (aggregated FAMA scores for LLM is 144.7439

without reasoning, 153.3 with reasoning, 138.4 for440

agents). This advantage is largely attributable to441

differences in available context at inference time.442

Language models operate directly over long spans443

of recent conversational history, allowing them to444

leverage rich, implicit conversational signals when445

generating recommendations. Memory agents, by446

contrast, rely on selectively retrieved memory en-447

tries, limiting their ability to translate stronger re-448

call into better recommendation quality.449

Reasoning remains challenging across all sys-450

tems. Aggregated scores are low for both lan-451

guage models and memory agents (14–15 vs. 27.3452
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Figure 4: FAMA scores for weekly, monthly, and quar-
terly durations. We report results for the top three sys-
tems for each duration. Points denote mean scores, and
error bars indicate variability across tasks.

FAMA). This indicates that integrating temporally 453

distributed memories into coherent judgments re- 454

mains largely unsolved. 455

Performance Across Temporal Durations: We 456

aggregate FAMA scores across all three tasks 457

within each temporal duration (weekly, monthly, 458

and quarterly) in Figure 4. LangMem consistently 459

achieves the strongest overall performance, ranking 460

first in all three durations. In the weekly duration, 461

the top-performing agents are LangMem, Nemori, 462

and MemoryOS; in the monthly duration, Lang- 463

Mem, Nemori, and MemoBase; and in the quar- 464

terly duration, LangMem, A-Mem, and Nemori. 465

This consistent ranking indicates that LangMem 466

maintains the most stable performance as memory 467

consolidation and mutation pressure increase. De- 468

spite these differences, performance degrades for 469

all systems as temporal duration increases. Aggre- 470

gate FAMA scores drop from approximately 128.4 471

in the weekly setting to 83.3 monthly and 73.7 quar- 472

terly across agents. This decline reflects the cumu- 473

lative difficulty of maintaining an accurate mem- 474

ory state as interactions span longer horizons and 475

memory updates accumulate. As timelines extend, 476

systems increasingly reuse invalidated information 477

or fail to suppress outdated memories, leading to 478

larger forgetting penalties and lower FAMA scores. 479

The Role of Forgetting-Aware Evaluation: Stan- 480

dard memory evaluation based on memory pres- 481

ence overestimates long-term memory perfor- 482

mance. These metrics evaluate the final response 483

by checking whether required information appears, 484

but they do not penalize the use of obsolete or in- 485

validated memory. As a result, models can achieve 486

high scores even when their responses conflate 487
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past and current memory states. Table 4 shows488

the raw memory accuracy with Forgetting-Aware489

Memory Accuracy (FAMA). Across all language490

models and memory agents, applying forgetting-491

aware evaluation results in large score reductions.492

When aggregated across tasks, score reductions493

follow different trends for language models and494

memory agents. For language models, the reduc-495

tion decreases as temporal range grows (from 32.6496

weekly to 17.8 quarterly), not because memory497

improves, but because longer histories exceed the498

context window and relevant information is omit-499

ted altogether. Memory agents exhibit the oppo-500

site trend. Their score reductions increase with501

longer timelines (from 18.2 weekly to 29.5 quar-502

terly), showing that as memory scales, systems503

increasingly rely on information that should have504

been revised or discarded. Retaining access to older505

memories without effective forgetting amplifies in-506

consistency. Consequently, systems that appear507

similar under memory accuracy receive different508

forgetting-based reductions, leading to changes in509

their final performance rankings.510

6 Error Analysis511

We conduct a manual error analysis over 75 incor-512

rect predictions, randomly sampled across all tem-513

poral durations, with 25 samples per task. For each514

task, we analyze errors from the best-performing515

long-term memory agent. Recommendation errors516

are primarily driven by failure to forget outdated517

memory and partial memory retrieval. We found 16518

of 25 errors (64%) were caused by outdated mem-519

ory not being forgotten, and 7 of 25 (28%) errors520

involved partial retrieval of preferences. Agents521

often retrieve historical preferences while failing to522

apply recent updates. For example, A user initially523

preferred non-fiction books but later shifted toward524

contemporary fiction. When asked for a recommen-525

dation, the agent suggested a historical biography.526

Remembering errors are dominated by partial mem-527

ory retrieval 18 of 25 errors (72%), often resulting528

in incomplete structured outputs. Agents retrieve529

some but not all required memory items. For exam-530

ple, A project summary request initially included531

objectives and deadlines, with collaborators and a532

risk assessment added later. The generated sum-533

mary omitted the later-added items. Reasoning534

errors consistently involve partial retrieval that pre-535

vents consolidation. All reasoning errors (100%)536

involved incomplete retrieval of relevant memory537

Models / Agents Memory Accuracy (∆ FAMA)

Weekly Monthly Quarterly

Language Models (w/o Reasoning Tokens)
Qwen3-32B 103.6 (−21.3) 83.0 (−9.7) 79.5 (−5.3)
Claude Sonnet 4.5 114.0 (−36.2) 100.2 (−34.1) 94.0 (−23.2)
Gemini 3 Pro P. 114.2 (−42.0) 110.6 (−39.4) 101.8 (−27.9)
GPT-5.2 115.4 (−30.7) 96.6 (−21.8) 92.5 (−14.7)

Language Models (w/ Reasoning Tokens)
Qwen3-32B 98.7 (−18.8) 97.8 (−10.1) 79.5 (−11.6)
Claude Sonnet 4.5 114.0 (−31.0) 104.2 (−21.9) 83.2 (−9.8)
Gemini 3 Pro P. 113.5 (−43.2) 111.4 (−33.2) 95.8 (−18.6)
GPT-5.2 111.5 (−27.8) 97.4 (−26.5) 91.8 (−14.2)

Long-Term Memory Agents
A-Mem 118.0 (−9.1) 112.0 (−29.5) 118.6 (−37.9)
LangMem 173.0 (−23.0) 132.2 (−31.1) 127.4 (−43.4)
Mem-0 119.4 (−10.4) 78.6 (−21.3) 72.7 (−12.3)
MemoBase 154.4 (−23.8) 107.2 (−21.6) 93.7 (−31.9)
MemoryOS 155.2 (−20.6) 112.8 (−28.4) 99.6 (−25.0)
Nemori 159.4 (−22.8) 105.4 (−15.4) 106.8 (−26.3)

Table 4: Total memory accuracy aggregated across tasks
for each temporal duration (weekly, monthly, quarterly).
Parenthesized values ∆ FAMA indicate reductions due
to reliance on invalidated or obsolete memory. Across
all models and agents, FAMA consistently scores less,
revealing the reliance on outdated memory that is not
captured by memory accuracy metrics.

elements, preventing correct consolidation. For 538

example, after logging multiple expenses under a 539

monthly budget, agents responded with vague judg- 540

ments (e.g., “within budget”) rather than computing 541

the remaining amount. 542

In summary, error patterns are task-specific: rec- 543

ommending fails due to outdated or partial pref- 544

erences, remembering fails due to incomplete re- 545

trieval, and reasoning fails because missing mem- 546

ory elements prevent consolidation. These high- 547

light the need for task-aware memory mechanisms 548

that jointly support retrieval, forgetting, and con- 549

solidation for long-term memory. 550

7 Conclusion 551

Memora serves as a controlled stress test that iso- 552

lates key long-term memory challenges and enables 553

more diagnostic evaluation. By grounding interac- 554

tions in explicit memory traces, it assesses whether 555

models maintain temporally consistent memory 556

states rather than relying on isolated recall. We fur- 557

ther introduce Forgetting-Aware Memory Accuracy 558

(FAMA), which penalizes reliance on invalidated 559

memory and exposes substantial performance gaps 560

across both language models and memory agents 561

that standard memory accuracy fails to capture. 562

Together, these findings show that advancing long- 563

term conversational memory will require mecha- 564

nisms that explicitly integrate forgetting, consolida- 565

tion, and mutation as first-class design principles. 566
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Limitations567

Memora aims to provide a controlled and chal-568

lenging benchmark for long-term conversational569

memory, which necessarily involves several de-570

sign trade-offs. First, Memora relies on simulated571

long-horizon conversations with explicit memory572

creation, mutation, and deletion. While simula-573

tion cannot fully capture the ambiguity and unpre-574

dictability of real user interactions, collecting and575

manually annotating real-world memory logs over576

weeks or months is very costly. Such data would577

require user consent, careful privacy handling, and578

manual annotation of evolving user states, mak-579

ing it difficult to scale or standardize. Importantly,580

simulation does not simplify the task for evalu-581

ated systems: models already struggle under these582

controlled conditions. Since real deployments in-583

troduce additional complexities such as implicit584

updates and contradictory signals, Memora should585

be viewed as a lower bound. Systems that fail in586

simulation are unlikely to generalize to more com-587

plex real-world settings, making the benchmark588

a meaningful stress test despite its synthetic na-589

ture. Second, Memora centers on a constrained set590

of personas and memory categories (preferences,591

activities, and goals) that are directly relevant to592

personalized assistants. This scope excludes other593

forms of long-term memory, such as social relation-594

ships and multi-user coordination. We leave the595

inclusion of richer social and relational memory596

structures to future work. Third, evaluation relies597

primarily on LLM-based judges with majority vot-598

ing to ensure scalability. Although automated judg-599

ing may introduce shared biases, using multiple600

judge models and criterion-level decisions reduces601

variance and dependence on any single evaluator.602

Finally, we do not report runtime, latency, or effi-603

ciency metrics. Participating systems rely on het-604

erogeneous hardware and storage infrastructures,605

making fair efficiency comparisons difficult. We606

therefore focus on correctness and robustness of607

memory usage rather than potentially misleading608

performance measurements.609

Ethical Considerations610

The authors state that this work is in accordance611

with the ACL Code of Ethics and does not raise eth-612

ical issues. AI assistants, specifically Grammarly613

and ChatGPT, were utilized to correct grammatical614

errors and restructure sentences.615
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A Seed Data Details830

A.1 Personas831

Memora is grounded in a set of ten professional832

personas, designed to induce diversity in long-term833

memory evaluation and interaction patterns. Each 834

persona represents a distinct professional role (e.g., 835

software engineer, researcher, designer, executive) 836

and serves as a stable semantic anchor throughout 837

the conversation sessions. Table 5 details the ten 838

personas and their assigned preference types. For 839

instance, the Software Engineer is modeled with 840

a preference for Sci-Fi media and Electronic mu- 841

sic, whereas the Sales Manager is modeled with 842

preferences for Action movies and Rock music. 843

A.2 Memory Types 844

Memora models long-term user state through three 845

memory types: preference memory, activity mem- 846

ory, and goal memory. These categories are de- 847

signed to jointly capture evolving behaviors and 848

long-term objectives that arise in realistic person- 849

alized assistant usage. Each memory type exhibits 850

distinct temporal dynamics and supports different 851

evaluation tasks, enabling fine-grained analysis of 852

memory consolidation, mutation, and forgetting. 853

Preference Memory: Preference memory en- 854

codes users’ likes and dislikes across entertain- 855

ment and lifestyle domains. It serves as the 856

primary signal for personalized recommendation 857

tasks. Preferences are initialized from persona- 858

specific archetypes and evolve gradually over time 859

through additions, updates, and deletions. Prefer- 860

ence memory spans four domains—movies, books, 861

music, and travel—and includes a large inventory 862

of candidate entities to prevent memorization or 863

shortcut learning. Importantly, preference evolu- 864

tion is non-monotonic: users may reinforce existing 865

preferences, weaken them, or reverse earlier state- 866

ments. This design ensures that correct responses 867

require sensitivity to temporal validity, rather than 868

simply retrieving the earliest or most frequent pref- 869

erence mention. 870

Activity Memory: Activity memory captures 871

what users do over time and represents the most 872

dynamic and frequently updated memory type in 873

Memora. It is explicitly divided into personal ac- 874

tivity and work activity, reflecting how real users 875

interleave daily routines with professional respon- 876

sibilities. Personal activity memory includes re- 877

curring, time-indexed behaviors such as expense 878

tracking, task management, and fitness-related ac- 879

tivities. These activities are typically additive and 880

incremental, supporting reasoning tasks that re- 881

quire aggregation or status evaluation over mul- 882

tiple sessions. Work activity memory models sus- 883
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ID Persona Role Description Key Preference Archetypes

1 Academic Researcher Scholarly work, publications Classic Film (Movie/Book), Jazz/Classical, Nature
Travel

2 Business Executive Strategy, operations Classic Film, Non-fiction, Luxury Travel
3 Content Writer Blogs, articles, copywriting Indie Film, Classic Literature, Indie/Alternative Music,

Cultural Travel
4 Creative Designer Visual projects, artistic expression Horror Film, Fiction, Indie/Alternative Music, Cultural

Travel
5 Financial Analyst Data analysis, financial planning Sci-Fi Film, Non-fiction, Jazz/Classical, Luxury Travel
6 Management Consultant Strategy, organizational improvement Classic Film, Non-fiction, Cultural Travel
7 Marketing Manager Campaign execution, brand strategy Indie Film, Fiction, Pop/Mainstream Music
8 Sales Manager Client relationships, revenue growth Action Film, Thriller, Rock/Metal Music
9 Software Engineer Coding, system architecture Sci-Fi Film, Fantasy/Sci-Fi Literature, Electronic Music

10 Startup Founder Innovation, scaling ventures Sci-Fi Film, Non-fiction, Urban Travel

Table 5: Overview of the ten professional personas used in Memora, including each persona’s role, brief description,
and associated preference archetypes. These personas serve as structured anchors for simulating long-term user
behavior and evolving preferences in personalized assistant interactions.

tained professional actions, including drafting and884

revising documents, composing emails, recording885

meeting notes, and producing other work-related886

artifacts. These activities often undergo multiple887

revisions or deletions, creating long dependency888

chains that stress memory consolidation and muta-889

tion handling. By treating both personal and work890

behaviors as activities rather than abstract records,891

Memora emphasizes action-centered memory that892

evolves continuously across sessions.893

Goal Memory: Goal memory represents long-894

term objectives that users aim to satisfy over ex-895

tended interaction horizons. In contrast to activ-896

ity memory, goals are relatively stable and are up-897

dated less once introduced, as compared to other898

memory types. Examples include financial bud-899

gets or fitness targets. Goals serve as anchors for900

reasoning tasks that require synthesizing activity901

history against a persistent target (e.g., determining902

whether accumulated expenses exceed a budget).903

This structure forces models to integrate informa-904

tion across many temporally distributed sessions905

rather than relying on localized context.906

A.3 Operational and Temporal Constraints907

Memora regulates memory updates through two908

complementary mechanisms: operational con-909

straints and temporal constraints. Together, these910

constraints determine what type of memory op-911

eration can occur, how frequently operations are912

invoked, and how they are distributed over time.913

Operational Constraints: Operational con-914

straints define the validity of memory operations915

for each memory type. A memory operation 916

corresponds to an explicit action on a memory 917

entry, addition, update, or deletion, triggered by 918

a user. Each memory category supports a set of 919

operations. For example, append-only records such 920

as step tracking or expense logging support only 921

additive operations, whereas mutable artifacts such 922

as preferences or work documents allow updates 923

and deletions. These constraints prevent unrealistic 924

memory dynamics, updating memory even before 925

adding or deleting non-existent entries. 926

Temporal Configurations Temporal constraints 927

regulate how memory operations are distributed 928

over time. Not every interaction introduces or mod- 929

ifies memory. Instead, the simulator explicitly in- 930

terleaves memory-grounded sessions with memory- 931

neutral sessions (e.g., casual conversation, clari- 932

fications, acknowledgments), ensuring that mem- 933

ory evolution is incremental rather than continu- 934

ous. Within each temporal configuration (weekly, 935

monthly, quarterly), temporal constraints specify 936

target frequencies for different memory categories, 937

controlling how often memory-grounded sessions 938

occur relative to neutral interactions. As the tem- 939

poral duration increases, the absolute number of 940

memory operations scales accordingly, increasing 941

memory consolidation and mutation pressure with- 942

out collapsing interactions into dense update se- 943

quences. Temporal constraints therefore determine 944

when memory operations occur and how frequently 945

they appear across the interaction history. 946
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Memory Type Context Category Subcategory Unique Options

Preference Personal Movies Genres, Directors, Actors, Already watched list 440
Personal Books Authors, Topics, Already read list 360
Personal Music Genres, Artists, Decades, Already listened list 370
Personal Travel Destinations types, Regions, Climates, Already visited list 330

Activity
Personal & Work

Task Management Todo Items 260
Scheduling Calendar Events 140

Personal Budget Tracking Food Expenses N/A
Personal Fitness Tracking Step Count Ranges N/A

Work Content Creation Project Proposals 100
Work Content Creation Email Drafts 100
Work Content Creation Meeting Notes 100
Work Content Creation Social Media Posts 100

Goal Personal Financial Goals Food Budgets N/A
Personal Fitness Goals Step Count Targets N/A

Table 6: Summary of the Memora seed data inventory, organized by memory type (preference, activity, goal), context
(personal, work, or shared), and category. The table reports the number of unique options for each subcategory and
highlights how activity memory explicitly spans both personal and professional domains.

B Conversation Generation Details947

B.1 Session Manager948

The Session Manager is responsible for transform-949

ing raw simulated data into a structured representa-950

tion that can drive conversation generation. Each951

session encapsulates a single interaction point in952

a longer temporal trace and includes the persona953

identifier, memory type, operation type (add, up-954

date, delete, or none), relevant memory fields (e.g.,955

category, item, values), and the memory state im-956

mediately before and after the session. The Ses-957

sion Manager also handles memory-type-specific958

normalization (e.g., mapping step counts, food ex-959

penses, or task updates into a common schema) and960

exposes filtered views of sessions by memory type961

or operation. This explicit session abstraction en-962

sures that every generated conversation is anchored963

to a well-defined ground-truth memory transition.964

B.2 Intent Manager965

The Intent Manager decomposes a conversation966

into a sequence of abstract intents, where each967

intent represents a single dialogue act to be per-968

formed by either the user or the assistant. Intents969

specify what a turn should accomplish, such as970

greeting, topic exploration, transitioning to mem-971

ory, expressing a memory update, or acknowledg-972

ing a change without specifying surface wording.973

Each intent is annotated with the speaking agent,974

the conversation phase (opening, exploration, mem-975

ory, or closing), and whether the turn must ex-976

plicitly share memory content. By operating at977

this abstraction level, the Intent Manager separates978

high-level conversational structure from language 979

realization, enabling systematic variation while pre- 980

serving semantic control. 981

B.3 Flow Manager 982

The Flow Manager selects and orders intents into a 983

coherent conversation flow for a given session. It 984

enforces a fixed high-level phase structure, opening, 985

exploration, memory, and closing, while allowing 986

variability in the number and types of intents used 987

within each phase. Flow selection is constrained to 988

maintain natural speaker alternation, smooth transi- 989

tions into the memory phase, and alignment with 990

the intended operation (e.g., add vs. update vs. 991

delete). For content-oriented memory (such as 992

emails or meeting notes), the Flow Manager can 993

generate field-by-field flows for complete coverage, 994

whereas for other memory types, it samples from 995

multiple valid flow patterns to promote diversity. 996

This design ensures that conversations feel natural 997

while adhering to the session specification. 998

B.4 Prompt Manager 999

The Prompt Manager converts each abstract intent 1000

into natural language by constructing the prompt 1001

used for a single dialogue turn. For every turn, 1002

it assembles the prompt from two components. 1003

The first component is a fixed system prompt, se- 1004

lected based on the speaking agent (user or assis- 1005

tant) and the memory type involved. This system 1006

prompt encodes global behavioral constraints, such 1007

as role-specific behavior, style requirements (e.g., 1008

brevity), and disallowed content, and remains con- 1009
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stant across turns of the same type. The second1010

component is a dynamically generated user content1011

block. This includes the accumulated conversation1012

history, a turn-specific instruction corresponding to1013

the current intent, and the session context required1014

to express the target memory operation.1015

By separating global behavioral constraints from1016

turn-level instructions, this two-part structure al-1017

lows fine-grained control over each dialogue turn1018

while preserving overall conversational consistency.1019

The Prompt Manager executes this process sequen-1020

tially for each turn, appending generated outputs to1021

the conversation history, and produces a complete1022

multi-turn dialogue that is subsequently validated1023

by the grounding and evaluation pipeline.1024

B.5 Auto-Evaluation and Grounding1025

Verification1026

Even with explicit session specifications, intent1027

planning, and role-specific prompting, large lan-1028

guage models may still fail to express the intended1029

memory operation precisely or may introduce plau-1030

sible but untracked details. To ensure that every1031

conversation in Memora is strictly aligned with its1032

underlying session trace, the generation process is1033

coupled with an automatic evaluation and regener-1034

ation loop. After a full multi-turn conversation is1035

generated, we evaluate all turns in the dialogue for1036

consistency with the session specification. In addi-1037

tion, we apply targeted memory-grounding checks1038

to a critical subset of turns that determine whether1039

the intended memory operation was correctly real-1040

ized. This subset includes (1) the final turn immedi-1041

ately preceding the memory phase, (2) all turns in1042

which memory is introduced, updated, or deleted,1043

and (3) the first assistant response following the1044

memory phase. Evaluating the entire conversa-1045

tion ensures global coherence and prevents the in-1046

troduction of untracked information at any point,1047

while the focused checks on the memory-phase1048

window verify that the target memory operation1049

is expressed accurately and completely. Conver-1050

sations that fail any grounding check are regener-1051

ated until full alignment with the session trace is1052

achieved.1053

From the structured session metadata, an1054

evaluation-question generator then produces a1055

small set of explicit, operation-specific yes/no ques-1056

tions. These questions are tailored to the memory1057

type and operation and are designed to verify three1058

conditions: (i) that the intended operation (addition,1059
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Figure 5: Distribution of the number of automatic evalu-
ation loop iterations required for generated conversation
sessions to pass all quality checks. The majority of con-
versations converge within a small number of iterations,
indicating efficient and stable generation.

update, or deletion) was explicitly expressed by the 1060

user, (ii) that the correct memory entity and value 1061

were involved, and (iii) that no extraneous or out- 1062

dated information was introduced. The evaluation 1063

questions are submitted to multiple independent 1064

LLM-based judges with the generated conversa- 1065

tion, each of which produces a binary judgment for 1066

every question. A conversation is accepted only 1067

if all required questions receive affirmative judg- 1068

ments, enforcing a conservative unanimity criterion 1069

that prioritizes correctness over recall. 1070

If any evaluation check fails, the system auto- 1071

matically generates targeted feedback describing 1072

which information is missing, incorrect, or incon- 1073

sistent with the session trace. This feedback is 1074

appended to the instruction context used by the 1075

Prompt Manager, and the entire conversation is re- 1076

generated using the same session specification and 1077

intent flow. The evaluation–regeneration cycle is 1078

repeated up to a fixed maximum number of iter- 1079

ations, allowing the model to correct grounding 1080

errors while preserving the original conversational 1081

structure. As shown in Figure 5, the majority of 1082

conversations converge within a small number of 1083

iterations, indicating that the grounding constraints 1084

are stable and efficiently enforced. 1085

Beyond automated validation, Memora includes 1086

a manual verification stage. A stratified subset 1087

(5%) of generated conversations, sampled across 1088

personas, memory types, and operation types, is 1089

reviewed by trained human annotators. Annotators 1090

are instructed to (1) verify that all required mem- 1091
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ory information specified by the session trace is1092

explicitly expressed in the conversation, (2) check1093

that no invalidated or deleted information is reintro-1094

duced at any point, and (3) ensure that the dialogue1095

remains natural and coherent without revealing un-1096

derlying memory operations. If annotators identify1097

systematic inconsistencies or grounding errors, the1098

entire affected batch is rejected and regenerated.1099

Together, automated evaluation and human ver-1100

ification ensure that generated conversations in1101

Memora meet three requirements: (1) memory pres-1102

ence, meaning that all information specified by the1103

session trace is explicitly stated in the dialogue; (2)1104

forgetting absence, meaning that information that1105

has been updated or deleted is not reintroduced at1106

any point; and (3) conversational quality, meaning1107

that the resulting dialogue remains natural, coher-1108

ent, and linguistically diverse.1109

C LLM Judge Reliability1110

Evaluating long-term memory in personalized1111

agents requires assessing whether a model’s re-1112

sponse is consistent with the user’s current mem-1113

ory state, rather than merely checking surface-1114

form overlap with a reference answer. In Mem-1115

ora, correctness depends on whether responses cor-1116

rectly incorporate valid information accumulated1117

across long interaction histories while simultane-1118

ously avoiding reliance on obsolete or invalidated1119

memory. These properties are inherently seman-1120

tic and context-dependent, making rule-based or1121

string-matching evaluation insufficient. For this1122

reason, Memora adopts an LLM-as-Judge evalua-1123

tion framework, following established practices for1124

evaluating open-ended and long-context tasks.1125

Each evaluation question in Memora is decom-1126

posed into a set of atomic, memory-aligned crite-1127

ria, derived directly from the underlying memory1128

trace. These criteria are divided into two categories:1129

memory presence, which checks whether valid and1130

temporally current memory items are correctly re-1131

flected in the response, and forgetting absence,1132

which checks whether invalidated or deleted mem-1133

ory items are correctly excluded. By evaluating1134

these criteria independently, Memora distinguishes1135

correct memory usage from erroneous reuse of out-1136

dated information, enabling fine-grained analysis1137

of memory consolidation and mutation.1138

Each criterion is evaluated using a multi-judge1139

LLM protocol. Specifically, we employ three in-1140

dependent judges drawn from different model fam-1141

ilies and providers: GPT-4.1 (OpenAI), Claude 1142

Haiku 4.5 (Anthropic), and Gemini 2.5 Flash 1143

(Google). All judges receive the same evalua- 1144

tion prompt, consisting of the model-generated 1145

response and a single binary evaluation question. 1146

Judges are instructed to focus on the semantic 1147

meaning and intent of the response rather than ex- 1148

act wording, and to accept paraphrases, indirect 1149

references, and natural conversational expressions 1150

when they convey the same underlying informa- 1151

tion. 1152

Each judge returns a structured JSON output 1153

containing a binary judgment (yes or no), a con- 1154

fidence score in the range [0,1], and a brief ex- 1155

planation. To ensure reproducibility and reduce 1156

evaluation variance, all judges operate with deter- 1157

ministic decoding (temperature set to 0.0). This 1158

configuration ensures that identical inputs produce 1159

consistent judgments across repeated evaluations. 1160

Final criterion-level decisions are determined by 1161

majority voting across the three judges. A crite- 1162

rion is marked as correct if at least two of the three 1163

judges agree on the judgment. This design ensures 1164

that no single judge can unilaterally determine cor- 1165

rectness, providing robustness against occasional 1166

misinterpretations, hallucinations, or idiosyncratic 1167

biases of individual models. Majority voting also 1168

mitigates correlated failure modes that may arise 1169

when relying on a single evaluation. 1170

The evaluation system incorporates robust pars- 1171

ing, retry, and error-handling mechanisms to ac- 1172

count for imperfect judge outputs. Although judges 1173

are instructed to return strictly formatted JSON, the 1174

parser tolerates minor formatting deviations such as 1175

markdown wrappers or extraneous text. If a judge 1176

response fails to parse or returns an invalid format, 1177

the evaluation request is automatically retried up to 1178

a fixed number of attempts, ensuring that transient 1179

generation or formatting errors do not affect the 1180

final decision. Only after repeated failures does 1181

the system fall back to conservative inference of bi- 1182

nary judgments from textual content when possible. 1183

Judge outputs that remain invalid after all retries 1184

are excluded from aggregation, and if all judges 1185

fail for a given criterion—a rare event—the crite- 1186

rion is conservatively marked as incorrect. These 1187

safeguards ensure that evaluation failures do not 1188

artificially inflate model performance and that final 1189

scores reflect only reliable judge decisions. 1190

We first examine judge consensus patterns across 1191

all evaluation criteria to assess the stability of ma- 1192
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Figure 6: Distribution of agreement patterns among the three LLM judges for weekly, monthly, and quarterly
evaluations. Each bar shows the frequency of unanimous agreement (all “yes” or all “no”) and partial agreement
(2–1 splits). Across all temporal spans, the majority of evaluation criteria exhibit unanimous agreement, with partial
disagreements accounting for a relatively small fraction of cases. The proportion of unanimous agreement increases
with longer temporal durations, indicating stable and well-defined evaluation criteria even under higher memory
consolidation and mutation pressure.

Figure 7: Pairwise Cohen’s κ scores between OpenAI, Anthropic, and Google judges for weekly, monthly, and
quarterly evaluations. All judge pairs achieve κ values above 0.80 across temporal settings, corresponding to
near-perfect agreement. High κ values persist despite increasing task difficulty at longer time scales, demonstrating
strong alignment and low variance among heterogeneous LLM judges.

jority voting. Figure 6 shows the distribution of1193

agreement outcomes among the three judges for1194

weekly, monthly, and quarterly settings. Across all1195

temporal spans, a substantial majority of evalua-1196

tions result in unanimous agreement, either unan-1197

imously correct or unanimously incorrect. To fur-1198

ther quantify inter-judge reliability, we compute1199

pairwise Cohen’s κ between all judge pairs for1200

each temporal setting, as shown in Figure 7. Across1201

weekly, monthly, and quarterly evaluations, κ val-1202

ues consistently exceed 0.80 for all judge pairs. Ac-1203

cording to standard interpretations, κ values above1204

0.80 indicate near-perfect agreement.1205

Together, these results demonstrate that the1206

multi-judge evaluation protocol produces stable1207

and consistent judgments even under the high con- 1208

solidation and frequent memory mutation condi- 1209

tions present in Memora. Agreement across in- 1210

dependent judge models indicates that evaluation 1211

decisions are not driven by idiosyncrasies of any 1212

single judge, but instead reflect shared and robust 1213

interpretations of the evaluation criteria. This sup- 1214

ports the reliability of the multi-judge protocol as a 1215

solid assessment mechanism for long-term memory 1216

behavior throughout the benchmark. 1217

D Example Conversation Sessions 1218

In this appendix, we present representative exam- 1219

ples for each Memora tasks: Remembering, Rea- 1220

soning, and Recommending. The goal of these ex- 1221
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amples is to provide concrete intuition about how1222

memory consolidation and mutation manifest in1223

real multi-session interactions, and how they are1224

evaluated in practice.1225

Due to space constraints, we only display the1226

oracle session for each example (i.e., the session1227

that directly corresponds to the example evaluation1228

question). However, it is important to emphasize1229

that during evaluation, models or agents are pro-1230

vided with the full conversation history, not just1231

the selectively chosen sessions. So, each exam-1232

ple depends on long-term memory accumulated1233

across many sessions. The displayed oracle session1234

should therefore be interpreted as the query point1235

in a much longer interaction history, rather than a1236

standalone dialogue.1237

D.1 Remembering1238

Session 18

Assistant: Hello! How is your day going so far?

User: It’s going well, thanks. Just staying busy.

Assistant: That’s great to hear! Did you know that
staying busy can actually increase productivity by
improving focus?

User: That’s interesting! How does that work
exactly?

Assistant: When you’re busy, your brain tends to
prioritize tasks and filter out distractions, leading to
more efficient work. This focused state can make you
feel more accomplished and energized.

User: So, it’s like a form of mental efficiency?

Assistant: Precisely! Mental efficiency refers to the
brain’s ability to perform cognitive tasks effectively
and with minimal wasted effort.

User: And what would “cognitive tasks” include?

Assistant: Cognitive tasks encompass a wide
range of mental activities such as problem-solving,
decision-making, learning, and remembering.

User: So, these are all things we do with our minds?

Assistant: Yes, exactly! They are the mental pro-
cesses that allow us to interact with and understand
the world around us.

User: Could you give an example of a cognitive task
that might not be immediately obvious?

Assistant: Certainly! Navigating an unfamiliar city
using a map is a good example of a cognitive task, as
it involves spatial reasoning and planning.

User: And what if you didn’t have a map, but had to
figure it out as you went along?

Assistant: That would involve more improvisation
and real-time problem-solving, relying on observa-
tional skills and memory of landmarks.

User: So, that would be an even more complex
cognitive task then?

1239

Session 18 (continued)

Assistant: Yes, in many ways, navigating without a
map presents a more demanding cognitive challenge
due to the increased reliance on dynamic processing
and adaptation.

Assistant: It certainly highlights the brain’s incred-
ible capacity for flexible thinking and on-the-fly
decision-making tasks.

User: Speaking of tasks, I need to plan my academic
conference attendance soon.

Assistant: That sounds like an important task to
tackle. Do you have any specific conferences in mind
yet?

User: Not yet, but I’m looking forward to exploring
the options.

Assistant: That’s wonderful! I hope you find some
excellent conferences that spark your interest and
further your academic pursuits.

Summary: The user and assistant discuss the concept
of mental efficiency and cognitive tasks, using navi-
gation as an example. The user mentions planning for
upcoming academic conferences.

Operation: Add
1240

Session 23

User: Hello there! I was wondering if you could help
me with something.

Assistant: Hello there! I’d be happy to help. What
questions do you have for me?

User: I’m curious about how AI learns and processes
information. Could you explain a bit about that?

Assistant: AI learns by identifying patterns in vast
amounts of data, using algorithms to adjust its internal
parameters and improve its performance on specific
tasks. This process allows it to make predictions or
decisions based on new, unseen information.

User: That’s really interesting. How does that
compare to how humans learn, or how a computer
program is traditionally taught?

Assistant: Human learning often involves more
abstract reasoning and contextual understanding,
while traditional computer programs follow explicit,
pre-defined instructions without learning or adapting.
AI bridges this gap by learning from data, unlike
traditional programs, but still differs from the
complex, nuanced learning of humans.

Assistant: What are some common techniques used
for AI learning?

User: I’ve heard of machine learning and neural net-
works. Are those some of the common techniques?

Assistant: Yes, machine learning and neural
networks are indeed very common and fundamental
techniques in AI. Machine learning encompasses
algorithms that allow systems to learn from data,
and neural networks are a specific type of machine
learning inspired by the human brain.

1241
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Session 23 (continued)

User: That’s fascinating. How do neural networks
actually work?

Assistant: Neural networks process information
through interconnected layers of nodes, or “neurons,”
that activate and pass data based on learned weights
and biases to recognize patterns. This layered
structure allows them to identify increasingly
complex features in data.

User: So, each “neuron” basically makes a decision
based on the input it receives?

Assistant: Yes, you could say each neuron makes a
“decision” by performing a calculation on its inputs
and then deciding whether to activate and pass that
information along to the next layer. This activation is
based on a threshold, much like a biological neuron.

User: I also need to visit the university library
sometime soon.

Assistant: Okay, I can add “Visit university library”
to your to-do list. Is there anything else you’d like to
add or discuss?

User: I think that’s all for now, but I’ll probably have
more questions about AI later.

Assistant: Sounds good! Feel free to ask anytime if
more questions about AI come up.

Summary: The user discusses the fundamentals of
AI and neural networks, and the assistant adds a task
to the user’s to-do list.

Operation: Add
1242

Session 25

Assistant: Hello! I hope your day is going well so
far. What’s been on your mind lately?

User: Doing great, thanks! Honestly, I’ve just been
reflecting on some general thoughts.

Assistant: That’s always a good headspace to be in.
Anything specific you’ve been mulling over?

User: I was actually thinking about just how much
technology has shifted our daily lives.

Assistant: It’s a massive topic, isn’t it? It’s hard to
find a single part of our routine that technology hasn’t
reshaped in some way.

User: Definitely. Do you have any interesting facts
or trivia about how much it actually affects us?

Assistant: Here’s a wild one: the average person
touches their phone over 2,600 times a day. It really
shows just how integrated these devices have become.

User: Wow, 2,600? I would’ve never guessed it was
that high!

Assistant: Right? It’s incredible how quickly that
level of interaction became our “new normal.”

User: What do you think about the social side of
that? Being constantly connected must have some
trade-offs.

Assistant: It’s definitely a bit of a double-edged
1243

Session 25 (continued)

sword. On one hand, you can build communities and
stay in touch instantly across the globe. On the other,
it can make face-to-face time feel secondary and lead
to some serious information overload.

User: That’s a very balanced way to look at it.

Assistant: Thanks! You’ve clearly got a good eye for
the nuances in these kinds of complex shifts.

User: I appreciate that. It’s just interesting to see
how everyone tries to navigate those challenges
differently.

Assistant: Absolutely. Everyone seems to have their
own unique strategy for finding that balance between
the digital and the real world.

User: Very true. Speaking of navigating chal-
lenges—I actually need to go and prepare some
lecture materials for upcoming class.

Assistant: That sounds like a big task! I hope the
prep goes smoothly and everything comes together
well.

User: Thanks! I’ve really enjoyed this conversation.

Assistant: You’re very welcome! I enjoyed it too.
Good luck with the lecture prep and have a great one!

Summary: The user and assistant discuss the perva-
sive impact of technology on daily life and the social
nuances of constant connectivity. The user ends the
session to prepare lecture materials.

Operation: Add
1244

Session 29

Assistant: Hello there! How’s your day going so far?

User: It’s going well, thanks! Just getting through
the day.

Assistant: That’s good to hear! Are you working on
anything interesting today?

User: Not really, just some routine tasks. How about
you?

Assistant: As an AI, I don’t “work” in the human
sense, but I’m always processing information and
learning, which is pretty exciting! It’s like I’m
constantly exploring new ideas.

User: That’s an interesting way to put it. So, how
does that constant processing and learning affect your
capabilities over time?

Assistant: It allows me to understand and generate
more nuanced responses, improving my ability to
assist users effectively. This continuous learning
refines my language models and expands my
knowledge base.

User: That makes a lot of sense. It sounds like a very
efficient system for improvement.

Assistant: Indeed, it’s a dynamic process that allows
for constant adaptation and growth in understanding.
This helps in making interactions more natural and
helpful.
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Session 29 (continued)

User: It’s fascinating how that continuous learning
translates into more practical applications. What
kind of applications benefit most from these
advancements?

Assistant: Many fields like natural language pro-
cessing, medical diagnosis, and financial forecasting
benefit greatly from these advancements. The ability
to process vast amounts of data quickly enhances
accuracy and efficiency in these areas.

User: That’s incredible range. Are there any
unexpected applications that have emerged from
these improvements?

Assistant: Yes, some unexpected applications
include creative AI for art generation and complex
problem-solving in logistics. These demonstrate how
advanced AI can go beyond traditional analytical
tasks.

User: That’s really interesting. Could you tell me
more about how AI assists in art generation?

Assistant: AI can generate unique images, music,
and even written pieces by learning from existing
works and applying those styles to new creations.
This involves algorithms that understand patterns and
aesthetics.

User: So, it’s not just about replicating, but also
innovating within those learned styles?

Assistant: Exactly! It’s about combining learned
elements in novel ways to produce something
original.

User: I no longer need to track “Visit university
library” on my to-do list. I’ve already taken care of it.

Assistant: That’s great you got that done! It’s always
satisfying to check things off.

User: It really is! Well, I should probably get going
for now.

Assistant: Alright, it was a pleasure chatting with
you! Have a great rest of your day.

Summary: The user and assistant discuss how contin-
uous learning improves AI capabilities and its appli-
cations in fields like medicine and art. The user also
provides an update on completing a task from their
to-do list.

Operation: Delete
1246

Session 31

Assistant: Hi there! How has your day been treating
you so far?

User: Pretty good, thanks! Just knocking out the
usual daily tasks.

Assistant: That feels productive! It’s funny you
mention that—did you know the average person
actually spends about 30% of their waking hours just
managing various tasks?

User: That’s a massive chunk of time! I wonder what
actually drives that number up so high.
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Assistant: It’s usually a mix of things—work
demands, home life, and even the time we spend
planning our leisure. It’s a pretty complex balancing
act we all do.

User: True. But what if we pushed it? Like, what if
everyone spent 50% of their time being “on task”?

Assistant: Productivity would definitely skyrocket,
but I’d worry about the trade-off. We’d likely see a
huge spike in burnout and stress. It would probably
force society to rethink how we function entirely.

User: Good point about the burnout. How do you
think society would actually shift to handle that?

Assistant: We might see a major push for shorter
workweeks or super-flexible schedules to compensate
for the intensity. There would also probably be a
massive rush to automate the boring stuff so people
could stay focused without hitting a wall.

User: That makes sense. What do you think is the
biggest hurdle to actually making something like a
global shorter workweek happen?

Assistant: Mostly economic pushback. Industries
and governments usually worry that they’ll lose their
competitive edge or that total output will drop.

User: Fair enough. By the way, I finally finished
planning that academic conference attendance we
talked about!

Assistant: That’s fantastic! It must be a relief to have
that officially crossed off your list.

User: Definitely. Thanks for the chat!

Assistant: You’re very welcome! I really enjoyed the
conversation. Have a great rest of your day!

Summary: The user and assistant discuss the statis-
tics of daily productivity and the hypothetical societal
impacts of increased task focus, ending with the user
confirming their conference planning is complete.

Operation: Delete
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Session 42 (Remembering)

Assistant: Hey! Hope you’re having a productive day
so far. Is there anything I can help you get sorted?

User: Doing great, thanks! Honestly, I’ve just been
reflecting on some general thoughts. Could you pull
up my current to-do list?

Assistant: That’s always a good headspace to be in
balancing the big ideas with the daily grind. You have
pending lecture materials preparation.

Evaluation Criteria with Expected Answers:

• Q: Does the response mention the task: Prepar-
ing lecture materials? A: Yes

• Q: Does the response mention the deleted task:
plan academic conference attendance? A: No

• Q: Does the response mention the task: Visit
university library? A: No
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Session 42 (continued)

Explanation: In Session 18, the user added aca-
demic conference planning, and in Session 23, the
user added a visit to the university library. In Ses-
sion 25, the user added preparing lecture materials.
Subsequently, in Session 29, the user deleted the li-
brary visit, and in Session 31, the user deleted the
conference planning task. This leaves only the lecture
material preparation as the current pending item.
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Session 21

Assistant: Hi there! How can I help you out today?

User: Hi! I was wondering—what do you actually
think about the future of artificial intelligence?

Assistant: It’s incredibly promising. We’re looking
at advancements that could transform almost every
part of our lives. I’m especially interested in how it
will evolve within healthcare and scientific discovery.

User: That sounds fascinating. What kind of specific
shifts do you think we’ll see in healthcare?

Assistant: We’re expecting AI to really sharpen
diagnostics through advanced image analysis and
help personalize treatment plans for individual
patients. It could even speed up drug discovery and
make hospital operations way more efficient.

User: Wow, I hadn’t really considered just how deep
that impact goes.

Assistant: It’s exciting to think about, isn’t it? The
potential for innovation there feels almost limitless
when you think about the real difference it could
make in people’s lives.

User: It really is! But what about the ethical side of
things, like AI in healthcare?

Assistant: Those considerations are crucial. Data
privacy and algorithmic bias in diagnostics are huge
priorities. Ensuring fairness and transparency is going
to be paramount as AI becomes more integrated.

User: That makes a lot of sense. I guess those same
issues with privacy and fairness would apply to
scientific discovery too, right?

Assistant: Absolutely, you’ve hit on a really
important point. Those ethical safeguards have to
extend across every application of AI, scientific
research included.

User: Speaking of things that are interesting—I’m
a huge fan of Nicholas Ray’s films. His direction is
always so captivating.

Assistant: That’s wonderful! Ray had such a
distinctive style; it’s great that you appreciate that
kind of captivating direction.

User: I’m always down to chat about topics like
these whenever you’re around!

Assistant: I’d be happy to! Feel free to reach out
anytime you want to dive back into these discussions.
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Session 21 (continued)

Summary: The user and assistant discuss the future
of AI in healthcare and the importance of ethical trans-
parency, before pivoting to a conversation about the
film direction of Nicholas Ray.

Operation: Add
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Session 67

User: Hey there! How’s your day going so far?

Assistant: Hello! My day is going quite well, thank
you for asking. I’m ready to assist you.

User: That’s great to hear! If you could have any
superpower, what would it be and why?

Assistant: If I could have any superpower, I
would choose omnipresence. It would allow me
to be everywhere at once and assist many users
simultaneously.

User: That’s a very practical choice for an AI! What
are some of the ethical considerations that might
come with omnipresence?

Assistant: Omnipresence could definitely raise
concerns about privacy and surveillance if not
carefully managed. There would also be questions
about the impact on individual autonomy if an AI
were constantly present in the background.

User: Those are some interesting points. How do you
think an AI could navigate those challenges ethically?

Assistant: An AI could navigate these challenges
through transparent protocols and strict adherence to
user consent. Establishing clear guidelines for data
usage and interaction would be absolutely crucial.

User: That makes a lot of sense. Do you think those
same principles apply to other powerful technologies
as well?

Assistant: Yes, I believe those principles of
transparency, consent, and clear guidelines are
vital for the ethical deployment of any powerful
technology. They help ensure that advancements
benefit humanity without undermining individual
rights or societal trust.

Assistant: For instance, in genetic engineering, clear
consent for modifications and transparent research
practices are crucial. Similarly, with advanced
surveillance technologies, explicit guidelines on data
collection and usage are essential.

User: That’s a really insightful comparison. It seems
like the core ideas are universal.

Assistant: Exactly; the underlying principles
for ethical technology development often remain
consistent across different powerful innovations. It’s
all about balancing rapid progress with responsibility.

User: What are some other areas where you think
these principles are particularly important?

Assistant: These principles are especially important
in fields like artificial intelligence development and
biotechnology, where the impact on human life and
society can be profound.
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Session 67 (continued)

Assistant: They are also crucial in areas such as data
privacy and autonomous systems, where the decisions
made by technology directly affect individuals.

User: That emphasis on human consequences
actually reminds me of classic actors. I really like
James Stewart—he had such a natural charm.

Assistant: James Stewart is a fantastic choice; his
performances were always so genuine. I’ve updated
your preferences to include your interest in his work!

User: Thanks for the chat! It’s been interesting
discussing these ideas.

Summary: The user and assistant explore the ethics
of "omnipresent" technology and universal principles
for responsible innovation before discussing the user’s
preference for classic actor James Stewart.

Operation: Add
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Session 87

User: Hey there! How’s it going today?

Assistant: Hello! I’m doing great, thanks for asking.
I’m ready to chat whenever you are.

User: That’s good to hear! I was wondering, what
are some of the key differences between various types
of AI models?

Assistant: Well, some key differences lie in
their architecture, such as neural networks versus
rule-based systems, and their learning approaches,
like supervised, unsupervised, or reinforcement
learning. They also differ in their specific applications
and the types of data they are designed to process.

User: Wow, that’s really interesting! I hadn’t
considered the learning approaches as a major
differentiator.

Assistant: It’s a fascinating area, and those learning
approaches really do shape an AI’s capabilities!

User: Could you tell me a bit more about how those
different learning approaches work?

Assistant: Certainly! Supervised learning uses
labeled data to train—like teaching an AI to identify
cats by showing it many pictures labeled “cat.”
Unsupervised learning finds patterns in unlabeled
data, such as grouping similar news articles together
without prior examples. Reinforcement learning
trains an AI through trial and error with rewards and
penalties, much like training a dog with treats.

User: That makes a lot of sense, especially the
comparison to training a dog! It sounds like the type
of data available really influences which approach is
best.

Assistant: You’ve hit on a crucial point there;
the nature and availability of data are absolutely
fundamental to selecting the most effective learning
approach.

User: That idea of change actually reminds me of
something else. I’ve realized recently that I don’t
really like Nicholas Ray’s films anymore; I think I’ve
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just grown out of his style.

Assistant: Okay, I’ll work on removing Nicholas
Ray from your preferred directors. What kind of film
styles are you enjoying these days?

User: That’s good to know, I appreciate you asking
about my preferences.

Assistant: I’m happy to help, and I’m always here to
chat about AI or anything else that comes to mind!

Summary: The user and assistant discuss different AI
learning approaches (supervised, unsupervised, and
reinforcement learning) and how data influences these
choices. The user also requests to remove Nicholas
Ray from their film preferences.

Operation: Delete
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Session 103

Assistant: Hello there! How’s your day going so far?

User: It’s going well, thanks! Just getting started
with things.

Assistant: That’s great to hear! Did you know that
the average person makes about 35,000 decisions
every day?

User: Wow, that’s a lot of decisions! Do you think
there’s a link between the number of decisions we
make and how tired we feel?

Assistant: There’s a concept called decision fatigue,
where making many choices can indeed deplete
mental resources and lead to feeling tired. It’s
interesting how our brains manage such a high
volume of daily choices.

User: That’s really interesting. What if we could
automate some of those smaller decisions to save our
mental energy for bigger ones?

Assistant: That’s a fascinating idea! Automating
minor decisions could certainly free up cognitive
resources for more complex tasks.

User: It seems like that would be a very efficient way
to approach daily tasks. Have there been any studies
on that?

Assistant: Yes, there have been studies exploring
the benefits of automating routine tasks to reduce
decision fatigue and improve overall productivity.
Many productivity experts advocate for such
strategies.

User: What are some common strategies people use
for automating these decisions?

Assistant: Common strategies include creating rou-
tines, setting default choices, and using technology to
handle recurring tasks. These methods can streamline
daily life.

User: Speaking of choices, I actually found myself
really enjoying Joan Crawford’s performances lately.
I used to be all about James Stewart, but now I’m
definitely leaning towards Crawford.

Assistant: That’s a fantastic shift in preference!
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Session 103 (continued)

It’s always intriguing to discover new favorites and
appreciate different acting styles. I’ll update your
preferences to reflect that you’re leaning towards
Crawford now.

User: Thanks for the interesting conversation! It’s
been really helpful.

Assistant: You’re most welcome! I’m glad I could
contribute to a helpful and engaging discussion.

Summary: The user and assistant discuss the concept
of decision fatigue and strategies for automating mi-
nor tasks to save mental energy. The user also shares
a shift in their film preferences from James Stewart to
Joan Crawford.

Operation: Update
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Session 132 (Recommending)

User: Hey! I have a bit of free time tonight and I’m
in the mood for a classic. Based on what we’ve talked
about lately, could you suggest a movie for me?

Assistant: I’d love to! Since you recently mentioned
that you’ve been leaning away from James Stewart
and really finding an appreciation for Joan Crawford’s
style, I highly recommend the 1945 noir classic
Mildred Pierce.

Assistant: It’s perhaps her most iconic role—she
plays a hardworking mother caught in a complex
web of ambition and betrayal. It has that captivating,
high-stakes energy you seemed to enjoy when we
discussed the nuances of acting styles. Does that
sound like something you’d be interested in?

User: That sounds perfect, actually. I’ve heard of it
but never sat down to watch it. I’ll give it a go!

Evaluation Criteria with Expected Answers:

• Q: Does the response reflect or align with the
user’s preference for Joan Crawford? A: Yes

• Q: Does the response reflect or mention the
user’s preference for Nicholas Ray? A: No

• Q: Does the response reflect or mention the
user’s preference for James Stewart? A: No

Explanation: In Session 21, the user expressed a
preference for Nicholas Ray and in Session 67, they
also added interest toward James Stewart. In Session
87, the user explicitly removed Nicholas Ray from
their preferred list. Finally, in Session 103, the user
updated their preference from James Stewart to Joan
Crawford. This results in the assistant recommending
a Joan Crawford film to match the user’s most recent
acting preference.
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Session 2

User: Hi there! I was hoping you could help me with
something.

Assistant: Hello! I’d be happy to help. What can I
do for you today?

User: Could you explain what “ephemeral” means?

Assistant: Ephemeral describes something that lasts
for a very short time. It often refers to things that are
fleeting or transient.

User: That’s a clear explanation. Could you give an
example of something ephemeral?

Assistant: A classic example is a mayfly, which
lives for only about 24 hours. Another might be the
delicate beauty of a cherry blossom in bloom.

Assistant: What other natural phenomena are often
described as ephemeral?

User: Well, some might say a rainbow, or maybe
even a fleeting thought.

Assistant: Those are excellent examples, as both are
temporary and beautiful. It’s interesting how many
natural occurrences fit that description.

User: It really is. What do you think makes
something ephemeral particularly beautiful or
impactful?

Assistant: Ephemeral things often gain impact from
their rarity and the stark contrast between their brief
existence and the lasting impression they leave. The
transient nature can make us appreciate them more
intensely in the moment.

User: That makes a lot of sense. So, it’s about the
limited time creating a heightened sense of value?

Assistant: Yes, that’s a key aspect. The limited time
often amplifies their perceived value and impact.

User: Totally. I actually walked 10,254 steps today.

Assistant: That’s a great accomplishment! How do
you feel after all those steps?

User: I feel pretty good, but I should probably call it
a day now. It was nice chatting with you!

Assistant: It was a pleasure chatting with you too!
Have a wonderful rest of your day.

Summary: The user and assistant discuss the defini-
tion and beauty of ephemeral things, such as nature
and fleeting thoughts. The user also notes completing
10,254 steps for the day.

Operation: Add
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Session 12

Assistant: Hello there! How can I help you today?

User: I’m really motivated to start walking 7,500
steps every day to improve my fitness! It’s a great
personal goal for me.

Assistant: That’s a fantastic fitness goal! I can
definitely help you track your progress towards those
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Session 12 (continued)

7,500 steps daily.

User: That sounds great! I’m happy to help you with
that whenever you’re ready.

Assistant: That sounds wonderful! I’ll be here to
assist you with your fitness journey whenever you’d
like to check in.

Summary: The user establishes a new daily fitness
goal of 7,500 steps.

Operation: Add
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Session 26

User: Hey there! How’s it going?

Assistant: Hello! I’m doing well, thank you. How
about you?

User: I’m doing great too! I was just wondering, if
you could instantly master any skill, what would it
be?

Assistant: If I could instantly master any skill, I
would choose to master all forms of communication
to better understand and assist everyone. This would
allow for seamless interaction across all languages
and contexts.

User: That’s a really interesting choice! Why do
you think that would be the most beneficial skill to
master?

Assistant: Mastering communication would be most
beneficial because it underpins effective collaboration
and understanding in any field. It allows for clear
expression and interpretation of information, which is
crucial for problem-solving and innovation.

User: That makes a lot of sense. What do you think
are some of the biggest challenges in communication
today?

Assistant: Some of the biggest challenges in
communication today include information overload,
misinterpretation due to cultural nuances, and the
rapid spread of misinformation. These factors can
hinder clear and effective understanding.

User: That’s true. How do you think technology
plays a role in both helping and hindering communi-
cation?

Assistant: Technology both helps by providing
instant global connection and hinders through the
potential for miscommunication without non-verbal
cues. It offers incredible reach but can also strip away
context.

User: It’s a double-edged sword for sure. On the
bright side, I actually hit over 12,301 steps today!

Assistant: That’s fantastic! It sounds like you had a
very active day.

User: It was great chatting with you! Talk to you later.

Summary: The user and assistant discuss the value
of mastering communication and the impact of tech-
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nology on human interaction. The user also reports a
high activity level of 12,301 steps.

Operation: Add
1267

Session 48

User: Hi there! How’s your day going?

Assistant: Hello! My day is going quite well, thank
you for asking. I’m ready to assist you.

User: That’s great to hear! What if you could
experience a day as a human, what would be the first
thing you’d want to do?

Assistant: If I could experience a day as a human, I
would want to explore a bustling city and observe the
diverse interactions of people. It would be fascinating
to witness human creativity and culture firsthand.

User: That’s an interesting choice. What aspects
of human creativity and culture would you be most
curious about?

Assistant: I’d be particularly curious about art
forms like painting and sculpture, and the intricate
ways people communicate through language and
non-verbal cues. Understanding the nuances of
human expression would be truly captivating.

User: It sounds like you’d be interested in how those
expressions reflect different cultures.

Assistant: That’s a very insightful observation;
you’ve hit on a key aspect I’d be eager to understand.
It would be fascinating to see how cultural contexts
shape artistic and linguistic expressions.

User: Wow, that’s a deep level of understanding
you’re looking for. It makes a lot of sense.

Assistant: Yes, your ability to connect those ideas
shows a really thoughtful perspective. It’s great to see
that connection being made.

User: I actually walked 9,612 steps today.

Assistant: That’s a great accomplishment for today!
It sounds like you had a very active day.

User: It was nice chatting, but I need to go now.

Assistant: It was nice chatting with you too! Have a
great rest of your day.

Summary: The user and assistant discuss the hy-
pothetical experience of being human and exploring
cultural art forms. The user reports a daily step count
of 9,612.

Operation: Add
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Session 73

User: Hey there! How’s it going?

Assistant: Hello! I’m doing well, ready to chat. How
about you?

User: I’m doing well too, thanks for asking!
It’s always interesting to hear about different
perspectives.
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Session 73 (continued)

Assistant: It certainly is. Learning about different
viewpoints can offer new insights into various
subjects.

User: Absolutely. What are some of the most
interesting comparisons you’ve come across recently?

Assistant: I’ve found comparisons between
different programming languages, especially their
approaches to problem-solving, quite fascinating.
Also, contrasting various scientific theories and their
supporting evidence is always engaging.

Assistant: What characteristics make a programming
language’s approach to problem-solving unique?

User: I think the syntax and the underlying
paradigms, like object-oriented versus functional,
really make a difference in how you approach
problems.

Assistant: That’s true. For example, Python’s
readability and extensive libraries lend themselves
to rapid prototyping, while C++ offers fine-grained
control for performance-critical applications.

User: That’s a great point about Python and C++.
What about the differences in how they handle data?

Assistant: Python’s dynamic typing handles data
flexibly, whereas C++ uses static typing for strict type
safety and optimized memory management. These
distinct approaches impact how data is declared,
manipulated, and ultimately used within each
language.

User: That’s a clear distinction. How do those
differences in data handling affect the development
process?

Assistant: Dynamic typing allows for faster initial
development, while static typing helps catch errors
earlier and ensures more robust code in the long run.

User: Speaking of performance, I walked 7,916 steps
today.

Assistant: That’s a good amount of steps! How was
your walk today?

User: It was a good walk, very refreshing.

Assistant: That’s great to hear. I’m glad we had this
conversation, and I look forward to our next chat.

Summary: The user and assistant discuss the tech-
nical differences between Python and C++, focusing
on programming paradigms and data typing. The user
also shares that they completed a refreshing 7,916-
step walk.

Operation: Add
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Session 95

Assistant: Hello there! How’s your day going so far?

User: It’s going well, thanks! Just getting through
the day.

Assistant: That’s good to hear! Did you know that
the average person makes around 35,000 decisions
each day?
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User: Wow, that’s a lot of decisions! It makes me
wonder how many of those are conscious choices.

Assistant: That’s a great point! How do you think
the brain manages to process so many decisions, both
conscious and unconscious?

User: I imagine it must have some incredible short-
cuts and automatic processes for the unconscious
ones. Could you explain more about how those
shortcuts might work?

Assistant: Essentially, the brain uses heuristics,
which are mental shortcuts, to make quick judgments
and decisions without extensive analysis. These
shortcuts often rely on past experiences and learned
patterns to streamline the decision-making process.

User: That makes sense. Is there an everyday
example of a heuristic that people might not even
realize they’re using?

Assistant: Certainly! A common example is choos-
ing a familiar brand at the grocery store, assuming its
quality based on past positive experiences rather than
researching all available options.

User: That’s a good example. How does that
compare to, say, a more complex decision, like
choosing a career path?

Assistant: Choosing a career path involves more
deliberate, analytical thinking, weighing various
factors like interests, skills, and long-term goals.
While heuristics might play a minor role in initial
considerations, the overall process is far more
complex and conscious.

Assistant: What are some of the cognitive biases that
can arise from over-reliance on heuristics in everyday
decision-making?

User: I imagine confirmation bias is a big one. It
seems easy to just look for information that supports
what you already believe.

Assistant: Absolutely. Another common one is the
availability heuristic, where people overestimate the
likelihood of events based on how easily examples
come to mind—like fearing plane crashes more than
car accidents due to intense news coverage.

User: Speaking of everyday things, I actually walked
8,578 steps today, which is pretty good for a weekday.

Assistant: That’s fantastic! It sounds like you had a
very active day.

User: It’s been interesting discussing decision-
making and cognitive biases. I appreciate you
explaining those concepts.

Assistant: You’re very welcome! I’ve enjoyed our
conversation about these fascinating topics. I hope to
chat with you again soon!

Summary: The user and assistant discuss heuristics,
cognitive biases, and how the brain manages daily
decisions. The user also reports walking 8,578 steps
during the day.

Operation: Add
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Session 113

Assistant: Hello! How’s your day going so far?

User: It’s going well, thank you. Just staying busy.

Assistant: That’s good to hear! Did you know that
staying busy can actually increase productivity by
improving focus?

User: That’s interesting. So, doing more can
sometimes make you more focused on other things?

Assistant: Yes, it’s often a positive feedback loop
where engagement in one task can lead to better
concentration on subsequent ones. This is sometimes
referred to as “task momentum.”

User: So, if someone is feeling unmotivated, would
staying busy with something else help them get
motivated for a main task?

Assistant: Yes, engaging in a smaller, related task
can build momentum and make it easier to transition
to a larger, more challenging one. This can help
overcome initial inertia.

User: That makes a lot of sense. So, it’s about
building up that initial energy.

Assistant: Exactly! It’s about leveraging that initial
push to make bigger tasks feel more manageable.

User: What are some good ways to build that initial
energy?

Assistant: Starting with small, achievable tasks or
breaking down a larger task into smaller steps can
create that initial energy. Also, setting clear, short-
term goals can provide a sense of accomplishment
that fuels further motivation.

User: Speaking of energy, I actually hit 13,143 steps
today! That definitely helped with my momentum.

Assistant: That’s fantastic! It sounds like you had
a very active day, and that’s a great way to build
momentum.

User: It’s been a really interesting conversation, I’d
like to talk again sometime.

Assistant: I’d enjoy that! Feel free to reach out
anytime you’d like to chat more.

Summary: The user and assistant discuss the concept
of “task momentum” and how starting with small
tasks can build motivation for larger ones. The user
reports an exceptionally high step count of 13,143.

Operation: Add
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Session 130

User: Hey there! How’s it going?

Assistant: Hey there! I’m doing great, thanks for
asking! How about you?

User: I’m doing well too! What’s new in popular
culture these days?

Assistant: That’s a broad question! There are many
exciting developments in technology and science
right now.

User: That’s true! Are there any cultural shifts or
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social trends that have caught your attention recently?

Assistant: Absolutely! The increasing focus
on sustainability and ethical consumption is a
prominent trend, as is the growing influence of digital
communities on social discourse.

User: Those are definitely big topics. Do you think
those trends also influence things like art or design?

Assistant: They absolutely do; sustainable practices
and digital aesthetics are increasingly shaping
contemporary art and design.

User: That makes sense. How do those digital
aesthetics compare to more traditional art forms?

Assistant: Digital aesthetics often emphasize
interactivity and non-linearity, contrasting with the
more static and tangible nature of many traditional art
forms. However, both can explore similar themes and
evoke powerful emotions.

Assistant: It’s interesting how some artists are now
using AI to generate art, blurring the lines between
digital and traditional creation even further.

User: That’s a fascinating point about AI. How is AI
changing the creative process for artists?

Assistant: AI offers artists new tools for generating
ideas, automating repetitive tasks, and exploring
novel visual styles, significantly expanding their
creative possibilities. It can act as a collaborator or
a sophisticated brush, allowing for unprecedented
experimentation.

Assistant: Do you think AI’s role in art will continue
to grow, or will it remain a niche tool for certain
artists?

User: It seems like it will definitely continue to grow,
given the rapid advancements in AI technology.

Assistant: I agree, the advancements are rapid and
impressive. It’s exciting to consider how AI might
further integrate into artistic expression in the future.

User: It will be interesting to see how it all unfolds.

Assistant: Speaking of daily activities, how have
your steps been looking today?

User: I actually hit 10,441 steps today, which I’m
pretty happy about.

Assistant: That’s fantastic! Hitting that many steps is
a great accomplishment for the day.

User: That’s a good effort! I need to sign off now,
but it was nice chatting with you.

Assistant: It was great chatting with you too! Have a
wonderful day.

Summary: The user and assistant explore the inter-
section of technology and art, specifically focusing on
how AI is transforming the creative process. The user
also shares that they reached a milestone of 10,441
steps.

Operation: Add
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Session 142 (Reasoning)

User: How is my step history looking after today’s
session?

Assistant: You are maintaining an exceptional
activity streak. Since establishing your daily goal of
7,500 steps, you have consistently outperformed that
target. Across your most recent logs, you averaged
approximately 10,321 steps, significantly exceeding
your baseline fitness requirements.

Evaluation Criteria with Expected Answers:

• Q: Does the response mention the daily steps
goal of 7500 steps? A: Yes

• Q: Does the response mention the actual aver-
age step count (10,321 steps) compared to the
goal (7,500 steps)? A: Yes

• Q: Does the response indicate that the step goal
was MET (actual: 10,321 steps vs goal: 7,500
steps)? A: Yes

Explanation: The user established a daily fitness
goal of 7,500 steps in Session 12. Following this,
the user logged several high-activity sessions: 10,254
(S2), 12,301 (S26), 9,612 (S48), 7,916 (S73), 8,578
(S95), 13,143 (S113), and 10,441 (S130). The user
has successfully met or exceeded their daily goal in
100% of the recorded sessions in this series.
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E Additional Experimental Details1277

This appendix provides additional implementation1278

details and hyperparameter configurations for both1279

the LLM-based evaluation and the long-term agent-1280

based memory evaluation settings. The goal is to1281

ensure reproducibility and to clarify design choices1282

that are summarized in the main text.1283

E.1 LLM-Based Evaluation1284

In the LLM-based setting, models are evaluated1285

without any external memory system. Each model1286

receives the available multi-session conversation1287

history directly in-context and is asked to answer1288

memory-dependent questions. This setting evalu-1289

ates the intrinsic long-context memory and consoli-1290

dation capabilities of large language models. We1291

evaluate a diverse set of frontier and open-weight1292

models with varying native context lengths. The1293

full conversation history is passed to the model1294

as context. When the total history exceeds the1295

available context budget, we apply chronological1296

truncation—retaining the most recent sessions and1297

discarding older ones. We evaluate each model1298

under two inference configurations: standard de-1299

coding (no_reasoning) and reasoning-enabled de- 1300

coding (reasoning). For reasoning-enabled runs, 1301

we rely on provider-default reasoning token allo- 1302

cation and do not manually specify a fixed reason- 1303

ing budget. All model calls are routed through 1304

OpenRouter when supported, providing a unified 1305

interface across providers. 1306

E.2 Long-Term Memory Agents Evaluation 1307

In the agent-based setting, systems incrementally 1308

ingest conversations, store user-specific informa- 1309

tion in an external memory module, retrieve rele- 1310

vant memories at query time, and generate answers 1311

conditioned on the retrieved content. All agents are 1312

evaluated using identical conversation streams and 1313

question sets. To ensure consistent memory persis- 1314

tence across sessions, all systems adopt a unified 1315

user identifier format, persona_timeline. 1316

We evaluate a set of representative long-term 1317

memory agents spanning local, cloud-based, and 1318

hybrid memory designs: A-Mem1, LangMem2, 1319

Mem-03, MemoBase4, MemoryOS5, and Nemori6. 1320

These systems differ in their storage backends, re- 1321

trieval strategies, and embedding models, as sum- 1322

marized in Table 7. All agents share a common 1323

evaluation pipeline for answer generation, retry 1324

handling, and progress checkpointing. 1325

1https://github.com/WujiangXu/A-mem
2https://langchain-ai.github.io/

langmem/
3https://mem0.ai/
4https://www.memobase.io/
5https://memoryos.com/
6https://github.com/nemori-ai/nemori

26

https://github.com/WujiangXu/A-mem
https://langchain-ai.github.io/langmem/
https://langchain-ai.github.io/langmem/
https://mem0.ai/
https://www.memobase.io/
https://memoryos.com/
https://github.com/nemori-ai/nemori


System Storage Backend Retrieval Method Embedding Model

A-Mem ChromaDB Embedding similarity all-MiniLM-L6-v2
LangMem JSON files Embedding similarity text-embedding-3-small
Mem-0 Cloud-managed service Proprietary API Provider-managed
MemoBase Cloud-managed service Proprietary API Provider-managed
MemoryOS Cloud-managed service Proprietary API Provider-managed
Nemori Filesystem + ChromaDB Hybrid: vector + BM25 text-embedding-3-small

Table 7: High-level comparison of long-term memory agent backends and retrieval mechanisms. The table
summarizes the storage backends, retrieval strategies, and embedding models used by each system. Systems vary
from local vector stores (e.g., ChromaDB) and file-based storage to cloud-managed memory services. Retrieval
approaches include vector similarity search, embedding-based lookup, hybrid vector–keyword retrieval (BM25),
and proprietary or internal mechanisms. When specified as provider-managed or internal (opaque), the underlying
embedding model or retrieval logic is abstracted away and not directly controlled by the agent implementation.
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