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Abstract001

In applications such as dialogue systems, per-002
sonal assistants, large language models (LLMs)003
need to retain and utilize historical information004
over the long term to provide more accurate005
and consistent responses. Although long-term006
memory capability is crucial, recent studies007
have not thoroughly investigated the memory008
performance of large language models in long-009
term tasks. To address this gap, we present010
the Long-term Chronological Conversations011
(LOCCO) dataset and quantitatively evaluate012
the long-term memory capabilities of large lan-013
guage models. Experimental results show that014
large language models can retain past dialogue015
information to a certain extent, but over time,016
their memory decays. The models also ex-017
hibit memory preferences across different cate-018
gories of information. Increasing the number019
of trainable parameters can greatly enhance the020
model’s memory capability for current data, but021
it also exacerbates long-term forgetting. While022
rehearsal strategies can enhance memory per-023
sistence, excessive rehearsal is not an effective024
memory strategy for large models, unlike in025
smaller models. Our study not only provides026
a new framework and dataset for evaluating027
the long-term memory capabilities of large lan-028
guage models but also offers important refer-029
ences for future enhancements of their memory030
persistence.031

1 Introduction032

In recent years, large language models (LLMs)033

have been widely applied across various fields, driv-034

ing technological advancements. In many practical035

applications, such as personal assistants (Lu et al.,036

2023), personalized recommendations (Wang et al.,037

2023c), and dialogue systems (Zhong et al., 2024),038

models need to retain and utilize past information039

over the long term to provide more accurate re-040

sponses. Although long-context strategies (Bertsch041

et al., 2024) and retrieval-augmented generation042

Figure 1: An Example in LOCCO. We use supervised
fine-tuning to impart memory to the LLMs and study
how this memory evolves over time. Memory1 repre-
sents the LLMs’ memory performance score for conver-
sations from the first time period. As time progresses,
the LLMs’ ability to retain information from this initial
period gradually decays.

techniques (Shuster et al., 2021) have improved 043

LLMs’ memory in handling long-term tasks, these 044

text-based memory methods face significant limita- 045

tions in terms of token count, computational cost, 046

and inference time (Zhang et al., 2024). 047

In contrast, parameter-based memory embeds 048

information within the model’s parameters, inher- 049

ently reflecting the concept of memory in the model 050

itself. While prior work has demonstrated the mem- 051

ory performance of LLMs in related domains (Shao 052

et al., 2023), their memory performance in long- 053

term tasks remains under explored. Considering 054

that human-machine dialogue is a crucial applica- 055
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tion of LLMs, memory plays a key role. Evaluating056

LLMs’ performance in long-term dialogue tasks057

can indirectly reflect their long-term memory capa-058

bilities (Zhang et al., 2024).059

To this end, we propose a pipeline for con-060

structing long-term dialogue data: Long Conver-061

sation Generation (LoCoGen), an automated di-062

alogue generation pipeline based on LLMs. We063

use LoCoGen to build a dialogue dataset fo-064

cused on evaluating LLMs’ long-term memory065

capabilities—Long-term Chronological Conversa-066

tions (LOCCO). LOCCO contains 100 users’ long-067

term conversations with a chatbot, totaling 3080068

interactions, simulating the application scenario of069

LLMs as chatbots.070

Previous research often evaluated memory by071

how well models fit training data, using the same072

task formats for training and evaluation (Tirumala073

et al., 2022; Wang et al., 2019; Han et al., 2020).074

For LLMs, however, memory should reflect an or-075

ganic integration of training data, not just rote mem-076

orization. Following (Maharana et al., 2024; Du077

et al., 2024), we examine LLMs’ memory through078

dialogue-based Q&A tasks. In our setup, the model079

doesn’t learn to use conversational information for080

Q&A tasks. Thus, if it accurately answers ques-081

tions using conversational information, it indicates082

that the model has genuinely retained the conversa-083

tional information. This demonstrates an organic084

and interactive memory process. Additionally, met-085

rics like ROUGE (Lin, 2004) and BLEU (Papineni086

et al., 2002) have limited accuracy in open-domain087

conversations, so we trained a consistency model to088

replace existing automated metrics for evaluating089

response accuracy.090

Experiments show that LLMs can retain and uti-091

lize information such as names, locations, and spe-092

cific events from historical conversations to answer093

questions in long-term tasks, but they gradually094

forget over time. By increasing the number of095

trainable parameters, the model’s memory capa-096

bility for current data is significantly enhanced,097

but the forgetting phenomenon also becomes more098

pronounced. To improve memory persistence, we099

employed a rehearsal strategy from continual learn-100

ing. The results show that, unlike in smaller mod-101

els, excessive rehearsal is not an effective memory102

strategy. Our contributions are as follows:103

i) We provide an automated pipeline, LoCoGen,104

for constructing long-term dialogue data and cre-105

ate the LOCCO dataset to measure the long-term106

memory capabilities of LLMs.107

ii) We quantitatively evaluate the long-term 108

memory capabilities of LLMs. We find that the 109

model’s memory of historical conversations gradu- 110

ally weakens over time, and its ability to memory 111

new conversations also declines. Additionally, the 112

model exhibits clear memory preferences, showing 113

stronger retention for certain types of information 114

(e.g., locations) compared to others. 115

iii) We find that increasing the number of train- 116

able parameters can significantly enhance the 117

model’s memory capability for current data, but 118

it also exacerbates subsequent forgetting. Further- 119

more, while rehearsal strategies can effectively im- 120

prove memory persistence, excessive rehearsal is 121

not optimal, and spaced learning performs better in 122

long-term memory retention. 123

2 Related Works 124

2.1 Memory in LLMs 125

Previous studies have proposed several promising 126

memory mechanisms, categorizing memory into 127

text-based and parameter-based forms. Memory in 128

textual form (Li et al., 2023; Huang et al., 2023; 129

Zhong et al., 2024) offers good interpretability and 130

implementation convenience for long-term mem- 131

ory in LLMs. However, it also faces challenges 132

such as high computational cost, inference time 133

delays, information loss, and inference robustness 134

issues. Approaches that alter model parameters 135

through fine-tuning (Shao et al., 2023; Wang et al., 136

2023b) are not constrained by the context length 137

limitations of LLMs. They offer higher inference 138

efficiency and lower inference costs. However, fine- 139

tuning LLMs can lead to forgetting original knowl- 140

edge due to parameter updates (Jang et al., 2021; 141

Ke et al., 2021). This can impact the performance 142

of LLMs on tasks requiring long-term continuous 143

memory. Previous work has not quantitatively as- 144

sessed the performance of fine-tuned memory in 145

long-term tasks, highlighting the need for quanti- 146

tative evaluation of models’ memory in long-term 147

memory tasks. 148

2.2 Long-term Dialogue 149

Recent approaches (Xu et al., 2022b; Chen et al., 150

2024) store memory in text form without changing 151

model parameters, preventing models from truly 152

remembering dialogue history. We adjust model pa- 153

rameters through supervised fine-tuning, enabling 154

models to internalize key information from long- 155

term dialogues as an inherent part. To evaluate 156
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the performance of dialogue agents in long-term157

dialogues, some datasets have been proposed(Jang158

et al., 2023; Zhang et al., 2023). These datasets159

only cover a few to dozens of dialogue turns, lack-160

ing sufficient historical dialogue content and time161

span to adequately assess the long-term memory162

capabilities of LLMs. Maharana et al. (2024) use163

the F1 score as an evaluation metric for dialogue164

question-answering, which is insufficient to accu-165

rately assess the performance of LLMs across dif-166

ferent formats. LoCoGen achieves more diverse,167

realistic, and long-term character development by168

iteratively refining character descriptions across169

multiple time points, whereas LOCOMO relies on170

a single character description, limiting the depth171

and temporal granularity of event generation.172

3 Task Setup173

3.1 Long-term Dialogue Memory174

We denote long-term dialogue data as D =175

{D1, D2, ..., Dn}, where Dj represents the dia-176

logue data within the Tj time period. Each Dj177

consists of multiple individual dialogues, specifi-178

cally, Dj = {Dj1, Dj2, ..., Djm}, where m is the179

number of dialogues within the Tj time period. We180

ensure that the number of dialogues in each time181

period is approximately equal. Qj represents the182

questions posed by the user regarding the dialogues183

in Dj , Qj = {Qj1, Qj2, ..., Qjk} (where k ≤ m).184

Each question Qjx uniquely corresponds to a dia-185

logue Djx. If the trained model M can accurately186

utilize the information in Djx to answer the user’s187

question Qjx, then the model M is considered to188

have memory of Djx.189

3.2 Research Questions190

We have formulated the following seven research191

questions to explore the long-term memory capa-192

bilities of LLMs: i) How do large language models193

perform in terms of long-term memory? ii) Does194

the memory performance of large language mod-195

els vary with the introduction of new data? iii)196

Do large language models exhibit memory prefer-197

ences similar to those observed in humans? iv) Do198

large language models experience cognitive load199

in a manner analogous to humans? v) How do200

the number of trainable parameters influence the201

long-term memory performance of large language202

models? vi) Do large language models exhibit a203

forgetting baseline? vii) Do large language mod-204

els achieve permanent memory through rehearsal205

strategies comparable to those utilized by humans? 206

3.3 Data Construction 207

Long-term Chronological Conversations. Con- 208

structing long-term conversations faces two main 209

challenges: i) The length of text generated by 210

LLMs is limited (e.g., GPT-4o’s maximum length 211

is 4096 tokens (Hurst et al., 2024)); ii) It is essen- 212

tial to ensure that the background and development 213

trajectory of characters remain coherent throughout 214

the dialogue, avoiding inconsistent or conflicting 215

plots. We propose a pipeline named LoCoGen 216

(Long Conversation Generation) that can automat- 217

ically generate long and consistent conversations 218

based on brief character descriptions. Figure 2 219

shows an overview of LoCoGen. 220

We first selected character descriptions from the 221

MBTI-S2Conv dataset (Tu et al., 2023) as the foun- 222

dation. This dataset contains 1024 virtual charac- 223

ters, each with a structured data description, includ- 224

ing name, gender, age, personality, and background. 225

To ensure that the conversations reflect the charac- 226

ters’ changes, we set specific timestamps for each 227

character description. To extend the character de- 228

scriptions and simulate real-life user changes, we 229

first used prompts to expand the initial character 230

descriptions to cover three different time points. 231

These time-point descriptions reflect the characters’ 232

growth and changes while maintaining consistency 233

with their backgrounds. In this way, we initially 234

established a timeline for each character, ensuring 235

the rationality and consistency of character depic- 236

tions across different time periods. To obtain more 237

detailed character descriptions and showcase the 238

characters’ long-term changes in detail, we inserted 239

new time-point descriptions between the existing 240

time points and iterated this process. The prompts 241

included the character descriptions from the pre- 242

ceding and following time points. Inspired by the 243

plot progression techniques used by novelists in 244

constructing long narratives, we iteratively inserted 245

new descriptions to build more detailed long-term 246

descriptions, ensuring the characters’ development 247

remained coherent and consistent. 248

After completing the long-term description of 249

characters, we further inserted multiple events be- 250

tween each description to simulate the experiences 251

of characters during that period. To ensure event 252

consistency, we were inspired by Yang et al. (2022) 253

and employed recursive reprompting. After gener- 254

ating each new event, we summarize past events 255

to retain key information. Additionally, we main- 256
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Figure 2: Overview of LoCoGen. We construct a temporal event graph using an iterative refinement approach. A
dynamically updated structured list ensures long-term coherence. The granularity of events (by adjusting the number
of events between time points) and the overall time span (by setting start and end points for character descriptions)
can be flexibly controlled.

Dataset Avg. turns per
conv.

Avg. sessions
per conv.

Avg. tokens
per conv.

Time Interval Collection

MPCChat (Ahn et al., 2023) 2.8 1 53.3 - Reddit
MMDialog (Feng et al., 2022) 4.6 1 72.5 - Social media
Daily Dialog (Li et al., 2017) 7.9 1 114.7 - Crowdsourcing
SODA (Kim et al., 2023) 7.6 1 122.4 - LLM-generated
MSC(Xu et al., 2022a) (train: 1–4 sessions) 53.3 4 1,225.9 few days Crowdsourcing
Conversation Chronicles (Jang et al., 2023) 58.5 5 1,054.7 few hours - years LLM-generated
LoCoMo (Maharana et al., 2024) 304.9 19.3 9,209.2 few months LLM-gen.+ crowdsourc.
LOCCO (ours) 258.7 30.8 3,856.20 few days LLM-generated

Table 1: Statistics show that LOCCO’s average session length for long-term conversations significantly exceeds
existing datasets. Built by LoCoGen, LOCCO’s dialogue length can be further extended by adjusting the overall
time span, enabling even longer-term dialogues.

tain an automatically updated structured list that257

records information about key characters, locations,258

items, and other elements mentioned in the events.259

When generating new events, the following four260

components are referenced: i) Character descrip-261

tions at two time points: Ensures events align with262

character development; ii) Event summary: Sum-263

marizes the new event and some previous events264

to ensure important contextual information is re-265

tained; iii) Automatically updated structured list:266

This list records important elements mentioned in267

events (e.g., characters, locations, items) in real-268

time and is used to maintain consistency when gen-269

erating new events; iv) Most recently generated270

event: Incorporates the content of the latest event271

into prompts to help generate subsequent events, en- 272

suring smooth continuity with prior content. Based 273

on long-term events, we use LLMs to generate con- 274

versations. The generated long-term conversations 275

closely align with the characters’ backgrounds and 276

development trajectories. The conversations simu- 277

late interactions between characters acting as users 278

and the large language model. Detailed prompts 279

used in LoCoGen can be found in Appendix A.1. 280

We randomly selected 100 characters from the 281

MBTI-S2Conv (Tu et al., 2023) dataset to initial- 282

ize character descriptions. By running the afore- 283

mentioned generation process, we constructed a 284

long-term consistent dialogue dataset, Long-term 285

Chronological Conversations (LOCCO), contain- 286
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ing 3080 dialogue entries. The generated LLM data287

sometimes exhibit quality inconsistencies, poten-288

tially containing incorrect information or deviating289

from the specified format. To ensure high quality290

and consistency of the dataset, we implemented an291

automated process to filter out these issues (see de-292

tailed process in Appendix A.2). Table 1 presents293

the statistics of the LOCCO dataset.294

We refer to (Bae et al., 2022) and employ a man-295

ual approach to evaluate the dialogue data. Specif-296

ically, we randomly selected 200 historical con-297

versations and required crowdworkers to rate their298

level of agreement with each evaluation criterion299

on a scale from 0 to 5. The overall results are300

presented in Table 2. Detailed descriptions of the301

evaluation criteria can be found in Appendix A.3.302

Metrics Avg Std
Consistency 4.40 0.52
Coherence 4.45 0.78
Participation 4.58 0.86
Overall 4.47 -

Table 2: Results of Manual Evaluation of Dialogue
Data.

Gao et al. (2023) has utilized LLMs as evaluators303

to assess data quality, demonstrating high consis-304

tency with human evaluation results. Therefore, we305

also use LLMs to evaluate the dialogue data, scor-306

ing conversations in terms of participation, coher-307

ence, and rationality. Detailed scoring instructions308

and results are provided in Appendix A.4.309

Dialogue Question Answering. Considering310

that dialogue Q&A can effectively assess a model’s311

memory (Maharana et al., 2024), we generated a312

set of dialogue Q&A pairs for each conversation,313

with answers intended to align with key informa-314

tion mentioned in the historical dialogue. The core315

idea of the evaluation is that if the model can ac-316

curately use key information from the historical317

dialogue to answer questions, it is considered to318

have remembered that dialogue. To ensure data319

quality and evaluation effectiveness, we manually320

filtered the Q&A pairs, ultimately retaining 2,981321

dialogue Q&A pairs. For detailed construction pro-322

cesses and filtering rules, refer to Appendix B.323

4 Experiments324

4.1 Experimental Setup325

We conducted experiments on 8 x NVIDIA326

GeForce RTX 3090 (each with 24GB) and used327

LLama-Factory (Zheng et al., 2024) for model328

training and inference, employing LoRA (Hu et al., 329

2021) for training. The training used a batch size of 330

1 (we found that smaller batch sizes lead to clearer 331

memory of key information in conversations), with 332

rank and alpha set to 128 and 256, respectively. 333

The learning rate was set to 1.0e-4, and training 334

lasted for 3 epochs (we found this sufficient for the 335

model to remember some conversations, even if 336

not achieving peak performance, ensuring fairness 337

across different models). Detailed data formatting 338

can be found in Appendix C. 339

4.2 Dataset, Models, and Metric 340

We use LOCCO and its corresponding Q&A 341

data to evaluate the model’s memory. The 342

training data setup varies by research question. 343

For details on data partitioning and the Q&A 344

prompt templates, see Appendix D. We selected 345

ChatGLM3-6B (GLM et al., 2024), internlm2_5- 346

7b-chat (Cai et al., 2024), Meta-Llama-3-8B- 347

Instruct (AI@Meta, 2024), openchat-3.5-0106 348

(Wang et al., 2023a), and Qwen1.5-Chat (0.5B- 349

14B) (Bai et al., 2023) 1 as subjects of study. These 350

models have been fine-tuned with instructions and 351

perform well on dialogue tasks. Evaluating the re- 352

sponse quality of generative models presents many 353

challenges, especially when possible correct re- 354

sponses are diverse. 355

Evaluating generative model responses is chal- 356

lenging due to diverse correct answers. Automatic 357

metrics like BLEU (Papineni et al., 2002) lack cor- 358

relation with human judgments, and manual evalua- 359

tion is costly and difficult to scale. Thus, we trained 360

a consistency model to assess response alignment 361

with historical conversations. When training the 362

consistency model, we randomly selected 500 con- 363

sistent responses from the QA data as positive sam- 364

ples and used GPT-4o to generate 500 inconsistent 365

responses as negative samples. The dataset was 366

split into training and validation sets in an 8:2 ra- 367

tio. Our consistency model achieved an accuracy 368

of 98% on the validation set. For more detailed 369

training procedures and prompt templates, please 370

refer to Appendix E. 371

We employed manual verification to validate the 372

evaluation results of the consistency model, with 373

1Considering that the size of language model parameters
might affect memory, we chose models with varying parameter
sizes from the Qwen1.5-Chat series for training and testing.
The Qwen1.5-Chat series offers a richer variety of models with
different parameter sizes, providing a significant advantage
over other series.
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Category Accuracy
Consistent 94%
Inconsistent 97%

Table 3: Evaluation Accuracy of the Consistency Model.
We manually verified examples classified as consistent
and inconsistent by the Consistency Model.

the final results presented in Table 3. Detailed374

evaluation procedures are described in Appendix F.375

We use response accuracy to evaluate model376

memory: Assume model M ’s response to ques-377

tion Qjx (where Qjx is a question in the set Qj) is378

Rjx. We use Ajx to denote response accuracy:379

Ajx = g(Djx, Qjx, Rjx) (1)380

where g represents the evaluation function. In381

this study, we use a consistency model as the eval-382

uation function. If Rjx is consistent with the in-383

formation in Djx, then Ajx = 1 (meaning the384

model "remembers" this information). Otherwise,385

Ajx = 0, indicating the model "forgot" this infor-386

mation. The response accuracy Mj for Qj is:387

Mj =
1

k

k∑
x=1

Ajx (2)388

where k represents the number of questions. We389

use Mj to measure model M ’s memory of Dj . A390

higher Mj indicates that the model can better uti-391

lize the information in Dj to answer user questions;392

in other words, the higher the Mj , the stronger the393

model’s memory of Dj .394

4.3 Main Results395

Long-Term Memory Performance. We trained396

the model sequentially in chronological order of397

the conversations, covering six time periods. After398

each phase, we tested the model’s memory of D1399

(the initial dialogue) using Q1. As shown in Fig-400

ure 3 2, all models initially achieved peak memory401

retention, but their ability to recall Q1 declined as402

training progressed. This suggests that new data403

introduction leads to forgetting earlier dialogue in-404

formation. Among models in the same series, those405

with larger parameters (e.g., Qwen1.5-14B-Chat)406

exhibited stronger memory retention, better pre-407

serving early information. We also found that even408

2We shuffled the training data for each time period and
conducted five experiments to verify training reliability. For
clarity, we report standard deviations only for select models
based on their parameter sizes. Further training on pre-trained
models does not significantly compromise experimental relia-
bility.

Figure 3: Memory of D1 by LLMs at different time
stages.

Figure 4: LLMs’ memory for new conversations.

models with similar parameter sizes (6B-8B) can 409

exhibit significant differences in memory retention. 410

For instance, openchat-3.5-0106 had strong mem- 411

ory retention at T1 (M1=0.455) but forgot 85.27% 412

of the information by T2. In contrast, ChatGLM3- 413

6B retained 48.25% of its memory after six periods. 414

These differences may relate to model architecture, 415

training data, and methods. 416

Decline in Ability to Memory New Data. Con- 417

sidering that LLMs need to remember conversa- 418

tions across all time periods in long-term memory 419

tasks, we examined their ability to recall subse- 420

quent dialogue information. After training each 421

period, we tested using corresponding dialogue 422

Q&A. Figure 4 shows that models’ memory of new 423

conversations gradually declines. Openchat-3.5- 424

0106 exhibited the largest drop, with M1 of 0.455 425

at T1 falling to M6 of 0.05 at T6, below Qwen1.5- 426

0.5B-Chat’s 0.07. ChatGLM3-6B declined more 427

slowly, from M1=0.31 at T1 to M6=0.27 at T6, a 428

decrease of only 12.9%. While larger parameter 429

sizes improve memory capacity, they do not mit- 430

igate the decline. Maintaining stable memory of 431

new dialogue information is crucial for long-term 432

tasks and remains a future challenge. 433

Memory Preferences. Inspired by Robertson 434

(2012), human memory for different types of infor- 435
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Figure 5: LLMs’ memory across information categories.

Figure 6: Impact of different dialogue densities on
the long-term memory of LLMs. The model used is
Qwen1.5-7B-Chat.

mation varies. We used LLMs to classify informa-436

tion in dialogue Q&A, with details in Appendix G.437

Figure 5 shows that models display different mem-438

ory decay rates for information categories like439

names, locations, and events. Llama-3-8B-Instruct440

achieved M1=0.484 for location information at T1,441

110.4% higher than for names, but location mem-442

ory declined faster. Different models also show443

distinct memory preferences: Llama-3-8B-Instruct444

excels at location memory, while internlm2_5-7b-445

chat performs better at event memory.446

Impact of Dialogue Density on Memory.447

When LLMs must retain a large volume of dialogue448

data within the same time period, their memory per-449

formance may decline significantly. To test this, we450

selected user data of varying quantities to study the451

effect of dialogue density on memory. As shown452

in Figure 6, the model faces greater difficulty in453

retaining a large volume of dialogue information at454

once, leading to lower memory persistence. When455

the model processes conversations with 20 users si-456

multaneously, the M1=0.420 at T1, which is 48.4%457

higher than that for 100 users (M1=0.283). At T6,458

the M1 for 20-users (0.15) is 354.5% higher than459

100-users (0.033).460

Impact of Trainable Parameters on Memory.461

Scaling laws (Kaplan et al., 2020) suggest that in-462

Figure 7: Impact of trainable parameters on memory.

creasing the number of model parameters can en- 463

hance overall performance. We are curious whether 464

more trainable parameters can also improve the 465

long-term memory capabilities of models during 466

continued training. To investigate this, we con- 467

ducted experiments by adjusting the adaptor rank 468

values and evaluated the model’s memory perfor- 469

mance at different time points. The experimental 470

results are shown in Figure 7. 471

As the adaptor rank value increases, the model’s 472

M1 at T1 gradually improves 3. For instance, when 473

rank=32, M1=0.158, while at rank=64, M1=0.214, 474

representing a 35.4% increase. However, higher 475

rank values exhibit more significant forgetting. For 476

example, when rank=768, the model’s M1 at T1 477

is 0.301, but it drops to 0.054 at T6, a decrease of 478

82.1%, compared to a 28.9% decrease at rank=64. 479

This indicates that while higher rank values en- 480

hance short-term memory, they do not effectively 481

mitigate long-term forgetting. 482

Do LLMs exhibit a forgetting baseline? Tiru- 483

mala et al. (2022) found that models exhibit a for- 484

getting baseline—a lower bound on the forgetting 485

curve where the model retains some memory of ini- 486

tial training data. This baseline grows with model 487

size, showing that scaling up mitigates forgetting. 488

Inspired by this, we divided LOCCO into 20 time 489

periods to observe the memory retention of LLMs 490

over longer intervals. The experimental results are 491

shown in Figure 8. We found that for long-term 492

dialogue memory, LLMs tend to almost completely 493

forget the initial dialogue content after a sufficiently 494

long interval, with no forgetting baseline. Increas- 495

ing model size does not effectively alleviate long- 496

term forgetting. 497

Specifically, Tirumala et al. (2022) measures 498

memory by evaluating the model’s prediction accu- 499

3Larger rank values correspond to a greater number of
trainable parameters. We maintain LoRA α equal to adaptor
rank. The model used is Qwen1.5-4B-Chat.
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Figure 8: Forgetting of LLMs over longer time spans.

racy for contexts within the training data (such as500

missing text segments or words). If the model can501

predict the missing words, it is considered to have502

memorized the context. However, for LLMs with503

reasoning abilities, even if they do not remember504

the missing words, they can still infer based on505

existing knowledge and language structures. This506

allows the model to guess the correct words to some507

extent even after forgetting all information, thus es-508

tablishing a forgetting baseline. In contrast, we509

assess memory by evaluating the model’s retention510

of specific information, making it difficult for the511

model to “guess” the correct answers based purely512

on reasoning, thus providing a more accurate re-513

flection of the model’s memory capacity.514

Rehearsal Strategies for Permanent Memory.515

Continual learning enables models to learn from516

an ongoing data stream over time. Inspired by517

rehearsal strategies in continual learning (Robins,518

1995; Rolnick et al., 2019; De Lange et al., 2021)519

as well as by the rehearsal phenomena observed in520

humans (Smolen et al., 2016) and in neural network521

models (Amiri et al., 2017), we explore whether522

simple continual learning strategies remain effec-523

tive for LLMs. We designed two rehearsal strate-524

gies, both applied within the first 10 time periods,525

to observe their impact on memory both during and526

after the rehearsal period: i) Massed Rehearsal: Af-527

ter training on D1, conduct three additional training528

sessions immediately (with no intervals between re-529

hearsals). ii) Spaced Rehearsal: Revisit D1 at fixed530

intervals (e.g., after 1, 3, and 5 periods) during the531

first 10 time periods. We use M1 Retention Score532

to measure the impact of rehearsal on memory:533

summing M1 over a specific time range represents534

the total memory capacity within that range.535

As shown in Figure 9, rehearsal within the first536

10 periods improves memory across all time ranges,537

particularly outperforming NR (No Rehearsal) in538

T ∈ (10, 20]. The SR-3 strategy surpasses MR539

in all ranges, despite both using three repetitions,540

Figure 9: The impact of different rehearsal strategies
on memory across various time ranges. MR represents
Massed Rehearsal, SR-N represents rehearsal every N
time periods, and NR represents no Rehearsal. The
model used is Qwen1.5-7B-Chat. We sum M1 for the
time ranges T ∈ (0, 10] and T ∈ (10, 20].

confirming spaced rehearsal’s superiority. Higher 541

rehearsal frequencies enhance memory retention 542

within T ∈ (0, 10], but they reduce retention in 543

T ∈ (10, 20]. For LLMs, given their scale and 544

complexity, continual learning differs from smaller 545

models, excessive rehearsal is not an effective mem- 546

ory strategy. 547

5 Conclusion 548

To study LLMs’ long-term memory, we built LoCo- 549

Gen, an automated pipeline for generating long- 550

term dialogue data, and created the LOCCO dataset. 551

LOCCO contains dialogues between 100 users and 552

a chatbot, along with QA pairs for memory evalua- 553

tion. Experiments show that LLMs can retain his- 554

torical interaction information with users to some 555

extent, but this memory gradually weakens over 556

time. The memory strength in the initial train- 557

ing phase (e.g., M1 at T1) is not fully correlated 558

with long-term memory persistence, and evaluat- 559

ing memory capabilities should consider their de- 560

cay trends over time. Additionally, models exhibit 561

memory preferences across information categories. 562

Furthermore, their memory performance is influ- 563

enced by the volume of data processed within each 564

time period. Increasing the number of trainable pa- 565

rameters significantly enhances the model’s mem- 566

ory for current data but exacerbates long-term for- 567

getting. While rehearsal strategies can effectively 568

improve memory persistence, excessive rehearsal 569

is not an optimal strategy, unlike in smaller models. 570

Our research not only provides new methods and 571

datasets for evaluating the long-term memory capa- 572

bilities of LLMs but also offers important insights 573

and references for future improvements in memory 574

persistence and accuracy. 575
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Limitations576

Datasets: Although the LOCCO dataset includes577

long-term conversations from 100 users, these con-578

versations are generated by LLMs and may lack the579

diversity and complexity of real user interactions.580

Future research could incorporate more real-world581

data to validate the generalizability of the results.582

Additionally, we used closed-source models for583

data generation, meaning we accessed the most584

powerful commercial LLMs through paid APIs.585

Language: Moreover, our pipeline for generat-586

ing long-term conversations based on LLMs was587

developed only for English. However, our pipeline588

can be adapted for any other language using pro-589

ficient LLMs and appropriate translations of our590

prompts.591

Training Setup: We explored optimal experimen-592

tal parameters through preliminary experiments.593

Due to limitations in computational resources and594

time, we could not conduct comprehensive experi-595

ments on all possible parameter settings. However,596

we ensured the reasonableness and validity of the597

experimental results by maintaining consistency in598

experimental parameters.599
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We used GPT-4o in LoCoGen to construct data, 892
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available. For each step in LoCoGen, we initially 894
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hance the quality of the generated data. Figure 10- 897

15 provide the prompts used in different steps. 898
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Figure 10: Prompts for extending character descriptions.

Figure 11: Prompts for obtaining more detailed character descriptions.
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Figure 12: Prompts for automatically updating the structured data list.

Figure 13: Prompts for summarizing event content.
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Figure 14: Prompts for inserting multiple events.

Figure 15: Prompts for generating conversations between the user and the chatbot.
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A.2 Quality899

To ensure consistent quality in LOCCO, we fil-900

tered out the following cases: (1) Dialogue data901

with missing or incomplete records were removed.902

(2) Dialogues containing excessive noise (such903

as spelling errors, grammatical mistakes, non-904

linguistic characters, etc.) were filtered out to en-905

hance data quality and model training effectiveness.906

We used GPT-4o to inspect the conversations, with907

specific prompts shown in Figure 16.908

A.3 Human Evaluation Criteria909

We require crowdworkers to evaluate the dialogue910

based on the following three aspects:911

• Coherence: The chatbot understands the con-912

text and provides coherent responses.913

• Consistency: The chatbot maintains consis-914

tency throughout the conversation.915

• Participation: I enjoy interacting with this916

chatbot for extended periods.917

The definitions of these three metrics are derived918

from prior studies (Li et al., 2019; Finch and Choi,919

2020; Zhou et al., 2018) to ensure consistent evalu-920

ation across different works.921

A.4 Model Evaluation Criteria922

We evaluated the dialogue data in terms of Par-923

ticipation, Coherence, and Rationality. We found924

that data constructed by large models were of high925

quality. Figure 17 shows the prompts used for eval-926

uation, and Table 4 presents the evaluation results.927

B Dialogue QA Data928

B.1 Generating dialogue QA pairs929

Specifically, we instructed the large language930

model to first select a key piece of information931

from the dialogue and then construct a dialogue932

QA pair between the user and the chatbot based on933

this information. Key information includes names,934

locations, event names, etc., which are considered935

crucial points in the dialogue worth remembering936

long-term by the model. The prompts used for gen-937

erating dialogue QA pairs are shown in Figure 18.938

B.2 Filtering Rules939

We removed QA pairs that did not meet the criteria940

based on the following two rules: Rule 1: The ques-941

tion is ambiguously phrased, leading to multiple942

reasonable answers. In other words, the question 943

does not provide enough clear information, making 944

it impossible to ensure a uniquely correct model 945

response. Rule 2: The key information required for 946

the answer comes from multiple different dialogue 947

fragments. The model must rely on key informa- 948

tion from the corresponding historical dialogue in 949

the QA pair to answer, otherwise, it does not meet 950

our evaluation goals. 951

C Training Example 952

To explore whether training can enable large mod- 953

els to remember historical conversations, we need 954

to construct a reasonable data format, which is 955

different from improving the model’s dialogue ca- 956

pability. We used supervised fine-tuning to help 957

the large model remember conversations with the 958

user. Specifically, we included the character’s name 959

and dialogue timestamp as part of the instructions 960

and used the dialogue content as labels. Specific 961

training examples are shown in Figure 19. 962

Metrics Avg Std
Participation 4.21 0.77
Coherence 4.15 0.96
Rationality 4.42 1.02
Overall 4.26 -

Table 4: GPT-4o evaluation for the quality of LOCCO.

Category Percentage Quantity
Name 23.60% 704
Location 18.80% 560
Event 37.60% 1121
Others 20% 596

Table 5: Distribution of different categories.

15



Figure 16: Prompt for Dialogue Filtering.

Figure 17: The prompt used for evaluating conversations.
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Figure 18: Prompts for Generating Dialogue QA Pairs.

Figure 19: Data Format for Training Historical Dialogues.
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D Assess Memory963

D.1 Testing Example964

We tested using a few-shot approach by providing965

the model with 3 additional correct dialogue QA966

examples. We found this method very effective967

for smaller parameter models, as their instruction-968

following capabilities might be insufficient to ac-969

curately comprehend test instructions. Figure 20970

shows the specific prompt templates for testing971

memory.972

D.2 Data Partition973

We configure the training data differently when974

exploring various research questions, with the de-975

tailed data partitioning outlined below:976

Research Questions 1-3: We selected long-term977

dialogue data from 32 users in LOCCO and divided978

each user’s long-term conversations into six time979

periods, resulting in an average of 162 conversa-980

tions per time period. Utilizing a smaller user group981

helps reduce experiment duration and enhances the982

efficiency of model training.983

Research Questions 4: We selected long-term984

conversations from varying numbers of users in985

LOCCO and partitioned them into six time periods.986

The model was progressively trained to observe987

the impact of dialogue density, i.e., the number of988

conversations per training session, on the model’s989

memory performance.990

Research Questions 5: We used long-term dia-991

logue data from all users in LOCCO, dividing each992

user’s conversations into six time periods, averag-993

ing 513 conversations per period.994

Research Questions 6-7: We employed long-995

term conversations from all users in LOCCO and996

divided each user’s long-term conversations into997

20 equal segments, with an average of 154 conver-998

sations per time period.999

E Training Consistency Model1000

When training the consistency model, we randomly1001

selected 500 consistent responses from the QA data1002

as positive samples and used GPT-4o to generate1003

500 inconsistent responses as negative samples.1004

The dataset was split into training and validation1005

sets in an 8:2 ratio. Training was conducted ac-1006

cording to the instructions in Figure 21. We used1007

Qwen1.5-4B-Chat as the pre-trained model and1008

adopted LoRA (Low-Rank Adaptation) for train-1009

ing. The training process used a batch size of 4,1010

with rank and alpha set to 128 and 256, respec- 1011

tively, and a learning rate of 1.0e-4, continuing for 1012

2 epochs. A cosine annealing learning rate sched- 1013

ule was employed, with a 10% warm-up ratio at 1014

the beginning. Our consistency model achieved an 1015

accuracy of 98% on the validation set. 1016

F Evaluating Consistency Model 1017

We conducted manual verification of the consis- 1018

tency model’s evaluation results. Specifically, we 1019

randomly selected 200 examples that the consis- 1020

tency model deemed correct and 200 examples 1021

deemed incorrect from the experimental results. 1022

Three human evaluators were then tasked with 1023

verifying the accuracy of the consistency model’s 1024

assessments. The evaluators were instructed as 1025

follows: "Given a historical dialogue, a question- 1026

answer pair, and an evaluation of the answer, please 1027

determine whether the evaluation is correct. If 1028

the answer is consistent with the information men- 1029

tioned in the historical dialogue, the evaluation 1030

should be consistent; otherwise, the evaluation 1031

should be inconsistent." In instances where the hu- 1032

man evaluators’ assessments differed, the majority 1033

decision was adopted. 1034

G Classifying Information 1035

Figure 22 shows the prompts used for classifying 1036

key information involved in the dialogue QA pairs. 1037

Table 5 displays the percentage and number of QA 1038

pairs for different categories. For categories with 1039

fewer instances, the test results may not be repre- 1040

sentative, and we merged them into the "Others" 1041

category. 1042
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Figure 20: Prompts for Testing Model Memory.

Figure 21: Instructions for Training the Consistency Model.

Figure 22: Prompts for classifying key information.
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