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Abstract001

Existing long-term personalized dialogue sys-002
tems struggle to reconcile unbounded inter-003
action streams with finite context constraints,004
often succumbing to memory noise accumu-005
lation, reasoning degradation, and persona006
inconsistency. To address these challenges,007
this paper proposes Inside Out, a frame-008
work that utilizes a globally maintained Per-009
sonaTree as the carrier of long-term user010
profiling. By constraining the trunk with011
an initial schema and updating the branches012
and leaves, PersonaTree enables controllable013
growth, achieving memory compression while014
preserving consistency. Moreover, we train015
a lightweight MemListener via reinforce-016
ment learning with process-based rewards017
to produce structured, executable, and inter-018
pretable {ADD, UPDATE, DELETE, NO_OP} opera-019
tions, thereby supporting the dynamic evolu-020
tion of the personalized tree. During response021
generation, PersonaTree is directly leveraged022
to enhance outputs in latency-sensitive scenar-023
ios; when users require more details, the agen-024
tic mode is triggered to introduce details on-025
demand under the constraints of the Person-026
aTree. Experiments show that PersonaTree027
outperforms full-text concatenation and vari-028
ous personalized memory systems in suppress-029
ing contextual noise and maintaining persona030
consistency. Notably, the small MemListener031
model achieves memory-operation decision032
performance comparable to, or even surpassing,033
powerful reasoning models such as DeepSeek-034
R1-0528 and Gemini-3-Pro 1.035

1 Introduction036

Core memories shape Riley’s personality037

islands, with each island serving as a038

unique emblem of her identity.039

—— "Inside Out"040

With the rapid advancement of large language041

models (LLM), dialogue-based agents have demon-042

1https://anonymous.4open.science/r/PersonaTree

strated substantial potential in applications such 043

as personal assistants, affective companionship, 044

and long-term question answering (Chhikara et al., 045

2025; Rasmussen et al., 2025; Li et al., 2025b). 046

However, within personalized dialogue systems 047

aimed at fostering long-term human-machine trust 048

and emotional connection, a fundamental contradic- 049

tion exists between the finite context window and 050

the unbounded growth of interaction history (Xiao 051

et al., 2024; Liu et al., 2024). As conversational 052

turns continue to accumulate, the traditional single- 053

context paradigm encounters a severe form of con- 054

text saturation: indiscriminate aggregation of mas- 055

sive historical information not only drives com- 056

putational costs sharply upward, but also intro- 057

duces substantial irrelevant noise, markedly de- 058

grading the signal-to-noise ratio. More critically, 059

this unstructured accumulation makes it difficult 060

for the model to accurately extract and sustain a 061

user’s personal characteristics from lengthy histo- 062

ries, leading to personalization inconsistency over 063

long-term interactions and thereby seriously under- 064

mining user experience and the system’s long-term 065

usability (Zhong et al., 2024; Salemi et al., 2024). 066

To address these challenges, existing studies 067

have primarily explored routes such as explicit pro- 068

file augmentation and vector-based retrieval, yet 069

neither directly confronts the central bottleneck of 070

personalized memory evolution. Profile-based ap- 071

proaches rely on predefined, static attributes; they 072

are not only slow to update but also struggle to cap- 073

ture implicit cues that users reveal over prolonged 074

interactions, including linguistic style, deeper value 075

orientations, and affective preferences, resulting 076

in superficial personalization modeling (Tan and 077

Jiang, 2023). In contrast, memory-augmented 078

agents based on vector retrieval, while introducing 079

external storage, still essentially treat memory as 080

text fragments or simple lists of facts. Such systems 081

lack an intrinsic, trained decision mechanism for 082

determining which information merits long-term 083
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retention, and instead often depend on rigid heuris-084

tics or elaborate prompt engineering (Liu et al.,085

2023). This accumulation of memories without086

value-based judgment causes the memory reposi-087

tory either to become bloated and uninterpretable088

due to noise accretion, or to lose the long-range log-089

ical thread through fragmentation of key context,090

ultimately failing to sustain a vivid and coherent091

persona (Yoran et al., 2024).092

This discrepancy between memory accumula-093

tion and core persona formation” motivates us to094

return to the foundations of human cognition for095

an answer. As illustrated by the film "Inside Out",096

individual identity does not stem from a simplistic097

stacking of all experiences, but rather is constructed098

upon core memories that shape distinct "Islands of099

Personality". This aligns with theoretical findings100

in cognitive psychology, such as Self-Schema the-101

ory (Markus, 1977; Tikka and Oinas-Kukkonen,102

2019), which emphasizes that humans maintain a103

stable self-concept by filtering and hierarchically104

organizing key memories.105

Inspired by these insights, we propose the In-106

side Out framework, which aims to grow an evolv-107

able user core memory tree "from the inside out"108

through unbounded interactions. Firstly, to delin-109

eate the theoretical boundaries of the memory tree,110

we construct a hierarchical Schema based on the111

Biopsychosocial model, scientifically decompos-112

ing user characteristics into three core dimensions.113

This interdisciplinary Schema design establishes114

the initial structure of the user PersonaTree. Sec-115

ondly, to endow the system with dynamic evolution,116

we propose an iterative tree-update mechanism and117

introduce a reinforcement learning (RL) strategy118

based on process rewards to train a lightweight119

model, MemListener. This model learns to com-120

press a continuous stream of unstructured dialogue121

in real time into standardized tree-structured opera-122

tions, encoding user core features within the branch123

and leaf nodes. Finally, addressing the trade-off be-124

tween efficiency and effectiveness during the infer-125

ence stage, this paper designs an adaptive response126

generation mechanism: In latency-sensitive scenar-127

ios, a fast mode is enabled to perform reasoning128

directly based on the PersonaTree. When facing129

long-tail detail requirements, the system switches130

to the agentic recall mode, utilizing the Person-131

aTree to guide deep retrieval. The primary contri-132

butions of our work are summarized as:133

• We propose PersonaTree, grounded in the134

biopsychosocial schema. By transforming un- 135

structured dialogue streams into standardized 136

atomic tree operations in real-time, Person- 137

aTree achieves the dynamic compression, ex- 138

plicit management, and high signal-to-noise 139

ratio maintenance of implicit user profiles. 140

• We design a training strategy utilizing RL 141

with process rewards. Leveraging the con- 142

structed dataset of 28k instructions, we train a 143

lightweight model, MemListener, to execute 144

precise memory editing. 145

• Our experiments reveal the potential of a 146

collaborative paradigm where "small models 147

maintain memory while LLMs handle gen- 148

eration". Results show that MemListener 149

achieves memory-decision performance com- 150

parable to strong reasoning models, and that 151

PersonaTree offers a new pathway toward low- 152

cost, highly reliable deployment of long-term 153

personalized dialogue systems. 154

2 Related Works 155

2.1 Personalization and Memory 156

Personalization aims to adapt a dialogue system’s 157

linguistic style and interaction policy to a specific 158

user’s stable traits and evolving state. In inter- 159

active settings, personalization is inherently cou- 160

pled with memory: models must distill reusable 161

user representations from past interactions and fuse 162

them during generation. Li et al. (2016) proposed 163

persona-based dialogue generation to mitigate in- 164

consistency and lack of personality in open-domain 165

dialogue, and Zhang et al. (2018) formalized the 166

PersonaChat task. Subsequent studies emphasized 167

multi-dimensional user attributes. For example, 168

Zheng et al. (2019) introduced the large-scale multi- 169

turn dataset PersonalDialog. In parallel, Madotto 170

et al. (2019) framed personalization as a meta- 171

learning problem to enable few-shot adaptation. 172

In the LLM era, Chen et al. (2024) systemati- 173

cally reviewed major directions in personalized 174

dialogue generation, while Tan et al. (2024) as- 175

signed parameter-efficient personalization modules 176

to users to improve multi-task personalization. 177

2.2 LLM Agents with External Memory 178

To overcome the limitations of LLMs’ finite con- 179

text windows and endow them with capabilities 180

for continuous learning and long-term interaction, 181
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Figure 1: Overview of the entire process of our Inside Out framework.

constructing memory systems has emerged as a piv-182

otal research direction. LangMem 2 enables con-183

tinual learning and cross-session consistency by184

decoupling hot-path memory primitives from back-185

end asynchronous integration. Mem0 (Chhikara186

et al., 2025) adopts a multi-level memory architec-187

ture to support multi-session retrieval and person-188

alization at relatively low overhead. A-Mem (Xu189

et al., 2025) builds an evolvable memory network190

via self-organizing indexing and linking mecha-191

nisms. MemoryOS (Kang et al., 2025) manages192

short, medium, and long-term memory through193

OS-style hierarchical storage together with corre-194

sponding update and retrieval policies to preserve195

contextual coherence.196

3 The Inside Out Framework197

3.1 Overview Architecture198

This study proposes the Inside Out Framework,199

which aims to address the challenges of personal-200

ized consistency and contextual forgetting in long-201

term dialogues through a structured memory evolu-202

tion mechanism.203

2https://github.com/langchain-ai/langmem

Framework Pipeline. As shown in Figure 1, the 204

framework consists of three key modules: Dy- 205

namic PersonaTree Evolution (Section 3.2), Mem- 206

Listener Training (Section B), and Adaptive Re- 207

sponse Generation (Section 3.4). First, Person- 208

aTree and dataset construction initializes a per- 209

sona tree based on the Biopsychosocial Model, seg- 210

ments the user’s dialogue history into consecutive 211

dialogue chunks, and generates operations on the 212

PersonaTree, thereby constructing a memory evo- 213

lution dataset. Second, MemListener training 214

leverages the resulting high-quality dataset to up- 215

date the parameters of MemListener via supervised 216

fine-tuning (SFT) and RL with a dynamic reward 217

mechanism, enabling it to extract structured mem- 218

ory from unstructured dialogues. Finally, Person- 219

aTree inference freezes the MemListener parame- 220

ters at application time, reconstructs the attribute 221

tree from the dialogue history, uses this structured 222

memory to enhance user queries, and ultimately 223

generates personalized responses through an LLM. 224

Problem Formulation. We define the task of a 225

personalized dialogue system as a process of max- 226

imizing response utility over an infinitely long di- 227

3

https://github.com/langchain-ai/langmem


alogue stream. Given a user U with a historical228

dialogue sequence H = {x1, y1, ..., xt, yt}, where229

x denotes user inputs and y denotes system re-230

sponses, conventional context-window approaches231

attempt to directly model P (yt | Ht−k:t), but are232

constrained by the window length k. Our frame-233

work introduces an explicit, structured user state T234

(i.e., PersonaTree), thereby reformulating the prob-235

lem as state tracking and state-conditioned gener-236

ation. The goal is to learn a state update function237

fupdate such that:238

Tt = fupdate(Tt−1, Dt) (1)239

240
yt = fgen(xt, Tt, frecall(Tt, H)) (2)241

where Dt denotes the current dialogue chunk, fgen242

produces the system reply given the current user243

input and the tracked user state, and frecall is a re-244

trieval function that recalls relevant historical snip-245

pets from the full dialogue history H conditioned246

on the current state Tt.247

3.2 Dynamic PersonaTree Evolution248

PersonaTree Initialization. At system startup,249

we construct an initial PersonaTree to serve as250

the starting point of the user’s long-term struc-251

tured state. Specifically, we first determine the252

set of writable trunk and leaf fields according to a253

predefined unified schema, and constrain the stor-254

age type of each leaf node to a descriptive string,255

which is used to hold a compressed summary of256

the user’s core personalized attributes. This design257

ensures that memory capacity remains controllable258

and prevents unbounded growth as the dialogue259

progresses. The schema is informed by interdis-260

ciplinary human-factors and psychological theory261

frameworks, with its theoretical grounding illus-262

trated in Figure 1. Subsequently, under the schema263

constraints, we initialize the leaf nodes (allowing264

empty strings or default placeholder text), thereby265

obtaining the initial persona tree T0. The specific266

initial PersonaTree instance adopted in this paper267

is provided in Appendix D.268

Iterative PersonaTree Updating. To enable scal-269

able maintenance of long-term personalized mem-270

ory over an infinitely long dialogue stream, we271

adopt an iterative updating mechanism: any input272

modality (historical file import, short-snippet input,273

or real-time cache triggering) is normalized into274

a dialogue-chunk sequence (D1, . . . , DN ), and275

for each Dt we execute a closed-loop update of276

operation-list generation, safe parsing and execu- 277

tion, versioned persistence. 278

Step 0: System Loading. The system loads the 279

text fields of all leaf nodes, yielding the initial state 280

T0. Meanwhile, the task specification and system 281

constraints are abstracted into a rule setR, includ- 282

ing update rules, writable scope, leaf constraints, 283

and output format. 284

Step t = 1, . . . , N . For any dialogue chunk Dt, 285

the system executes the following three stages: 286

(a) State Construction. Given a dialogue chunk 287

Dt, set Inputt ← Dt, Tt−1. 288

(b) Operation List Generation. Conditioned 289

on (Dt, Tt−1,R), LLM outputs an operation list 290

Ot, consisting of one or more atomic operations 291

that strictly follow a predefined operation grammar. 292

The operation types are limited to: 293

• ADD(path, value): write descriptive text to 294

the specified path; if the path does not exist, 295

it may be created under an extended-schema 296

policy; 297

• UPDATE(path, value): perform an over- 298

write rewrite on the target leaf node, updating 299

its text to the new value; 300

• DELETE(path, value): clear the target leaf 301

node or write a deletion marker to indicate that 302

this type of information should be removed 303

from long-term memory; 304

• NO_OP(): the current dialogue chunk does not 305

contain stable core persona information that 306

should be written to the PersonaTree. 307

For update operations, our framework unifies them 308

as rewrites of leaf strings. More importantly, po- 309

tential conflicts between new and old information 310

are resolved by LLM during the generation of 311

Ot. Based on Dt and the contextual old values in 312

Tt−1, the model must decide whether to overwrite 313

prior information, preserve salient change cues, or 314

solely append new information. In other words, 315

conflict resolution is explicitly lifted to the policy- 316

generation stage, so as to leverage the LLMs’ holis- 317

tic inference over semantics, temporal order, and 318

narrative consistency. 319

(c) Parsing and Execution. This module serves 320

as a safety gate that enforces structural and capac- 321

ity constraints when applying Ot: it validates that 322

each path targets a permissible leaf, ensures each 323

value is a string or an allowed deletion marker to 324
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avoid parsing ambiguity and state pollution, and ap-325

plies length control by compressing any overlong326

value to satisfy the per-leaf budget. Importantly,327

it performs no conflict resolution or secondary se-328

mantic rewriting; it only executes the prescribed329

operations under these constraints.330

(d) Versioned Persistence. After the execution,331

the updated tree state Tt is materialized and per-332

sisted as a new version, either serialized to a JSON333

file or stored in a JSON-capable database (e.g.,334

document stores such as MongoDB). Iterating over335

t = 1, . . . , N yields a traceable evolution sequence336

{T0, . . . , TN}, with TN serving as the compressed337

long-term memory for retrieval-augmented and per-338

sonalized generation at the final task-query stage.339

3.3 MemListener Training340

Training Data Synthesis. During training data341

construction, we select subsets from HaluMem342

(Chen et al., 2025b) and PersonaMem (Jiang et al.,343

2025) that are relevant to implicitly characterizing344

user-specific attributes as the raw corpus sources.345

Using the dynamic PersonaTree evolution proce-346

dure described in Section 3.2 as the backbone, we347

invoke DeepSeek-R1-0528 to generate supervision348

signals for training.349

Warm-up via SFT. We first perform full super-350

vised fine-tuning to initialize the base model as a351

MemListener that can stably generate operation352

lists. For any training sample, let the input con-353

text be s (including the dialogue chunk, the previ-354

ous tree state, and rule constraints), and the target355

output be o (the ground-truth operation sequence356

segment). We optimize a standard autoregressive357

cross-entropy objective:358

LSFT(θ) = −
1

τ

τ∑
t=1

logPθ(ot | o<t, s) ,359

where θ denotes the model parameters and τ is the360

target sequence length.361

Alignment via Process-Reward RL. After the362

SFT warm-up, we continue alignment with the re-363

maining data using RL driven by process-based364

rewards. We set the model’s maximum context365

length to 11K tokens, with the input length capped366

at 10K, which constitutes a typical ultra-long se-367

quence optimization setting. Therefore, we en-368

able the DAPO loss for process-reward alignment369

within a GRPO framework. We perform credit as-370

signment via token-level policy gradients, and mit-371

igate entropy collapse by decoupling the clipping372

range from dynamic sampling constraints, ensur- 373

ing that the within-group advantage retains non- 374

zero variance. This makes the method better suited 375

to long-chain reasoning and structured operation- 376

sequence generation. In addition, by limiting the 377

maximum generation length and applying dynamic 378

resampling to filter degenerate groups, we reduce 379

training noise introduced by truncation and within- 380

group advantage degeneration. 381

Concretely, for each training sample, we take s 382

(including the dialogue chunk, the previous tree 383

state, and update constraints) as input, and use 384

the manually verified reference output y⋆ as the 385

ground-truth operation trajectory. During opti- 386

mization, we sample a group of candidate outputs 387

{yi}Gi=1 from the old policy πθold(· | s), compute 388

sequence-level returns under the process reward 389

function R(·) as Ri = R(yi, y
⋆; s), and then up- 390

date the policy parameters θ using the DAPO ob- 391

jective: 392

JRL(θ) = E(s,y⋆)∼D, {yi}Gi=1∼πθold
(·|s)

[
1∑G

i=1 |yi|
G∑
i=1

|yi|∑
t=1

min
(
ri,t(θ) Âi,t, clip

(
ri,t(θ),

1− εlow, 1 + εhigh
)
Âi,t

)]
,

393

s.t. 0 <
∣∣∣{ yi | is_equivalent(y⋆, yi) }∣∣∣ < G. 394

Policy updates are based on the importance ratio 395

ri,t(θ) =
πθ(yi,t | s, yi,<t)

πθold(yi,t | s, yi,<t)
,

Âi,t =
Ri −mean

(
{Rj}Gj=1

)
std

(
{Rj}Gj=1

) ,

396

where Ri ∈ [−1, 1] denotes the sequence-level 397

score assigned by the evaluator for the i-th sam- 398

pled output yi in a group of size G = 8. We apply 399

within-group standardization to obtain the advan- 400

tage estimate Âi,t, thereby improving training sta- 401

bility. We adopt εlow = 0.2 and εhigh = 0.28 to 402

relax the upper-bound clipping, providing greater 403

update headroom for increasing the probabilities of 404

low-probability exploratory tokens. The detailed 405

data construction, training parameter settings, and 406

the design of the reward function are presented in 407

Appendix B. 408
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3.4 Adaptive Response Generation409

During the inference, we treat the final tree state TN410

as structured long-term memory and adopt an adap-411

tive response strategy to satisfy both low-latency412

and high-coverage requirements.413

PersonaTree-Augmented Generation. For the414

latency-sensitive interaction scenario, the system415

enables a lightweight fast mode: it directly reads416

out the structure of TN along with the non-empty417

leaf texts as a personalized prior, concatenates them418

with the user query q as the input context, and419

generates an answer in a single pass.420

Agentic Recall and Fusion. When the user ex-421

plicitly requests additional details or the query ex-422

hibits stronger long-tail characteristics, the system423

switches to the agentic recall mode. Concretely,424

we generate a set of expanded queries {q̃(k)}Kk=1425

from the original query q conditioned on TN , where426

each q̃(k) emphasizes a different attribute dimen-427

sion or potential missing aspect relevant to the428

question. The system retrieves candidate evidence429

sets {d(k)j } in parallel for {q(k)}, and reranks them430

based on relevance to obtain a fused context C. Fi-431

nally, we generate the final answer conditioned on432

[q, TN , C]. This procedure operates under a gated433

policy that is triggered only when necessary, im-434

proving answer quality in complex scenarios while435

keeping the overall interaction cost controllable.436

4 Experiments437

4.1 Experimental Setup438

Datasets and Metrics. We conduct experiments439

on the PersonaMem benchmark (Jiang et al., 2025).440

This dataset is centered on user personas: each441

instance contains a user’s static demographic infor-442

mation as well as dynamic attributes that evolve443

over time. For interaction-history construction,444

each history consists of approximately 10 multi-445

turn conversations concatenated in chronological446

order, resulting in an overall context length of about447

32k tokens and covering 15 categories of real-world448

tasks that require personalization. For evaluation,449

we use accuracy as the primary metric, reporting450

overall accuracy and further breaking it down into451

per-skill accuracies across seven query-skill cate-452

gories. Under the discriminative setting, the model453

directly outputs the selected option.454

Baselines. To evaluate the effectiveness of the455

proposed method, we compare against two standard456

interaction paradigms Only LLM and Full Context 457

as well as four representative memory-management 458

frameworks LangMem, Mem0 (Chhikara et al., 459

2025), A-Mem (Xu et al., 2025), and MemoryOS 460

(Kang et al., 2025). For each baseline, we use 461

the best-performing configurations reported in the 462

original works (e.g., agentic retrieval). Detailed 463

descriptions and experimental setups are provided 464

in Appendix C.1. 465

Implementation Details. In our approach, the 466

construction of core training data leverages the 467

DeepSeek-R1-0528. To encourage diverse gen- 468

erations, we set temperature to 0.7 and top-p to 0.9. 469

For retrieval components, both our method and 470

all baseline systems share the same settings: we 471

use BGE-M3 as the retriever and BGE-Reranker- 472

Large as the re-ranking model. We set the retrieval 473

count to 4 and ensure that different methods main- 474

tain a fundamentally consistent length of retrieval 475

context. All training and evaluation experiments 476

are conducted on a single node equipped with 8 477

NVIDIA H200-141GB GPUs. 478

4.2 Main Results 479

As shown in Table 1, we conduct a unified eval- 480

uation across three response models: DeepSeek- 481

V3.1, Longcat-Flash-Chat, and DeepSeek-R1- 482

0528, while fixing DeepSeek-R1-0528 as the mem- 483

ory extractor for all settings. 484

On DeepSeek-V3.1, our best configuration 485

achieves Overall = 71.31, improving by +18.68 486

over Only LLM and by +7.47 over ALL Dia- 487

logue, and further exceeding the strongest com- 488

parative memory system, MemoryOS, by +8.83. 489

On Longcat-Flash-Chat, PersonaTree-ALL with 490

Qwen3-8B-RL attains the best overall performance 491

with Overall = 75.38, improving by +13.58 over 492

ALL Dialogue and by +10.35 over MemoryOS. 493

Under this setting, all sub-metrics exhibit consis- 494

tent improvements, indicating that after dialogue 495

compression and multi-round retrieval fusion, the 496

model can more accurately recover the user’s fac- 497

tual background, characterize the temporal evolu- 498

tion of preferences, and generate new content with 499

broader coverage. 500

When using DeepSeek-R1-0528 as the response 501

model, we observe similarly substantial improve- 502

ments: PersonaTree-ALL with Qwen3-8B-RL 503

reaches Overall = 76.06, outperforming ALL Di- 504

alogue by +11.20 and surpassing MemoryOS by 505

+13.41. In terms of fine-grained metrics, Pref-Rec 506
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Methods Overall Recall-Facts Pref-Rec New-Ideas Recall-Reason Pref-Evol Gen-New Recall-User

DeepSeek-V3.1 (Response)
Only LLM 52.63 59.69 43.64 5.38 80.81 65.47 42.11 52.94
ALL Dialogue 63.84 78.29 61.82 12.90 81.82 65.47 77.19 76.47
LangMem+DeepSeek-R1-0528 57.05 70.54 43.64 11.83 80.81 58.99 63.16 70.59
Mem0+DeepSeek-R1-0528 60.44 79.84 52.73 5.38 83.84 61.15 64.91 82.35
A-Mem+DeepSeek-R1-0528 59.76 79.84 54.55 4.30 86.87 56.83 64.91 76.47
MemoryOS+DeepSeek-R1-0528 62.48 72.87 65.45 11.83 84.85 63.31 73.68 76.47
PersonaTree-ALL+DeepSeek-R1-0528 71.14 88.37 56.36 22.58 88.89 71.22 89.47 88.24
PersonaTree-ALL+Qwen2.5-7B-RL 71.31 89.15 61.82 23.66 91.92 69.06 85.96 76.47
PersonaTree-ALL+Qwen3-8B-RL 70.80 84.50 61.82 21.51 87.88 72.66 85.96 100.00

w/ PersonaTree+Router 70.12 82.17 63.64 19.35 88.89 73.38 84.21 94.12
w/ PersonaTree 61.97 75.19 60.00 4.30 83.84 64.75 75.44 88.24

Longcat-Flash-Chat (Response)
Only LLM 54.33 62.02 43.64 8.60 84.85 71.22 28.07 52.94
ALL Dialogue 61.80 79.07 63.64 15.05 87.88 53.96 68.42 70.59
LangMem+DeepSeek-R1-0528 58.23 75.97 47.27 8.60 82.83 64.03 50.88 64.71
Mem0+DeepSeek-R1-0528 59.59 80.62 52.73 5.38 85.86 62.59 49.12 76.47
A-Mem+DeepSeek-R1-0528 60.95 82.17 54.55 8.60 85.86 62.59 56.14 64.71
MemoryOS+DeepSeek-R1-0528 65.03 77.52 72.73 11.83 86.87 66.91 70.18 76.47
PersonaTree-ALL+DeepSeek-R1-0528 72.67 88.37 72.73 26.88 92.93 69.78 85.96 64.71
PersonaTree-ALL+Qwen2.5-7B-RL 73.34 93.02 67.27 27.96 92.93 67.63 89.47 70.59
PersonaTree-ALL+Qwen3-8B-RL 75.38 93.02 70.91 30.11 93.94 71.94 85.96 88.24

w/ PersonaTree+Router 71.82 89.92 70.91 22.58 90.91 68.35 84.21 82.35
w/ PersonaTree 65.20 79.84 67.27 10.75 87.88 68.35 68.42 76.47

DeepSeek-R1-0528 (Response)
Only LLM 44.14 30.23 38.18 19.35 76.77 55.40 38.60 41.18
ALL Dialogue 64.86 69.77 63.64 11.83 84.85 73.38 84.21 70.59
LangMem+DeepSeek-R1-0528 54.84 63.57 61.82 15.05 78.79 56.83 50.88 41.18
Mem0+DeepSeek-R1-0528 49.41 32.56 56.36 24.73 81.82 56.83 43.86 58.82
A-Mem+DeepSeek-R1-0528 47.37 30.23 45.45 22.58 77.78 59.71 36.84 76.47
MemoryOS+DeepSeek-R1-0528 62.65 62.79 78.18 11.83 77.78 70.50 78.95 82.35
PersonaTree-ALL+DeepSeek-R1-0528 74.87 80.62 69.09 27.96 94.95 82.01 89.47 82.35
PersonaTree-ALL+Qwen2.5-7B-RL 74.70 79.84 80.00 27.96 94.95 82.01 84.21 64.71
PersonaTree-ALL+Qwen3-8B-RL 76.06 80.62 81.82 29.03 92.93 84.17 87.72 76.47

w/ PersonaTree+Router 74.19 80.62 67.27 25.81 95.96 83.45 84.21 76.47
w/ PersonaTree 65.70 71.32 65.45 18.28 91.92 69.78 75.44 64.71

Table 1: Main experimental results are presented on three different response models. Recall-Facts, Pref-Rec,
New-Ideas, Recall-Reason, Pref-Evol, Gen-New, and Recall-User respectively denote recalling user-shared facts,
providing preference-aligned recommendations, suggesting new ideas, recalling reasons behind preference updates,
tracking preference evolution, generalizing to new scenarios, and recalling user-mentioned facts. Bold and
underlined numbers denote the best and second-best results, respectively.

and New-Ideas improve by +18.18 and +17.20507

over ALL Dialogue, respectively, indicating that508

structured memory combined with process-aligned509

generation can substantially strengthen preference510

consistency and creative completion. Meanwhile,511

the method maintains stable advantages on Recall-512

Reason and Pref-Evo, suggesting that PersonaTree513

offers greater interpretability and controllability in514

preserving and invoking causal chains and evolu-515

tion cues. More comprehensive comparative exper-516

iments, ablation analyses and visual presentations517

are shown in Appendix C.518

4.3 Ablation Study519

Effectiveness of Components. As presented in520

Table 1, under the Qwen3-8B-RL setting we con-521

duct a component-level ablation of the adaptive522

generation pipeline by comparing three inference523

routes: using only the lightweight fast mode (w/524

PersonaTree), adding router-based triggering on525

top of the fast mode (w/ PersonaTree+Router), and526

the full agentic recall and fusion (PersonaTree-527

Methods Evaluation Models Avg. Length
of ContextDS-V3.1 Longcat DS-R1-0528

Only LLM 52.63 54.33 44.14 0
ALL Dialogue 63.84 61.80 64.86 32K
PersonaTree

+Qwen2.5-7B-Instruct 55.18 55.18 50.08 1852.08
+Qwen3-8B 52.97 54.33 47.71 1392.49
+GPT-4o-mini 55.86 58.23 55.18 1154.35
+Longcat-Flash-Chat 58.91 61.63 60.78 2305.46
+DeepSeek-V3.1 60.03 62.31 61.80 2227.78
+DeepSeek-V3.2 60.32 63.50 63.16 2292.54
+DeepSeek-R1-0528 60.61 63.33 63.50 1844.19
+Gemini-3-Pro 61.29 63.16 63.16 2252.89
+Qwen2.5-7B-Instruct

+SFT 60.27 62.82 60.61 2158.03
+SFT+RL 62.82 64.35 64.01 2626.05

+Qwen3-8B
+SFT 61.29 62.99 63.33 2204.57
+SFT+RL 61.97 65.20 65.70 2348.49

Table 2: Performance comparison of different models
in generating PersonaTree memory operations. DS-
V3.1, Longcat and DS-R1-0528 respectively denote
DeepSeek-V3.1, Longcat-Flash-Chat and DeepSeek-
R1-0528.

ALL). The results consistently indicate that Per- 528

sonaTree alone yields robust gains, but agentic re- 529

call and fusion is critical for achieving the best 530

performance, while the routing mechanism can 531
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closely match the full-mode performance while532

substantially reducing additional retrieval overhead.533

These gains suggest that directly injecting struc-534

tured memory already covers a large portion of sta-535

ble attribute-related requirements, whereas routing536

and agentic recall further strengthen fine-grained537

characterization of complex intents and evidence538

completion.539

Enhancement through Training. As shown in540

Table 2, we further validate the effectiveness541

of training the memory-operation model. We542

construct two datasets, PersonaMem 15K and543

HaluMem 13K. For RL, we use HaluMem 13K544

for SFT warm-up, and additionally employ 0.5K545

PersonaMem for process-reward training. For the546

pure SFT setting, we train on PersonaMem 15K.547

The results show that training can substantially im-548

prove the usability of the memory encoded in Per-549

sonaTree as well as downstream reasoning qual-550

ity. More importantly, whereas ALL Dialogue551

requires approximately 32K context, the trained552

PersonaTree introduces only about 2.2K–2.6K to-553

kens of memory context on average, yet can match554

or exceed the ALL Dialogue baseline on Longcat-555

Flash-Chat and DeepSeek-R1-0528.556

Evaluation Models
Extraction Models Direct DS-V3.1 Longcat DS-R1-0528

DeepSeek-V3.1
No 58.91 60.78 58.74
Yes 60.03+1.12 62.31+1.53 61.80+3.06

Longcat-Flash-Chat
No 58.57 59.59 58.40
Yes 58.91+0.34 61.63+2.04 60.78+2.38

DeepSeek-R1-0528
No 59.76 60.95 62.31
Yes 60.61+0.85 63.33+2.38 63.50+1.19

Table 3: Performance comparison between direct Gen-
eration and extract-then-transform approaches for gen-
erating PersonaTree memory operations.

Selection of Generation Strategies. We com-557

pare two strategies for generating PersonaTree op-558

erations: direct generation (the model directly out-559

puts a tree-operation sequence conditioned on the560

dialogue) and extract-then-transform (first extract-561

ing personalized information from the dialogue and562

then mapping it into tree operations). As shown in563

Table 3, direct generation achieves consistent ad-564

vantages in all combinations, with improvements565

ranging from approximately +0.34 to +3.06. The566

two-stage strategy accumulates errors in the inter-567

mediate representation, often losing fine-grained se-568

mantic and temporal cues needed for accurate tree569

operations. Based on this finding, we adopt direct570

generation as the default PersonaTree operation- 571

generation approach in the remainder of this paper. 572

4.4 Hyperparameter Analysis 573

Evaluation Models Chunk Window Size
1 3 5 7 10 13 15

DeepSeek-R1-0528 (Tree Extraction)
DeepSeek-V3.1 59.42 60.61 58.74 58.57 60.10 59.25 58.74
Longcat-Flash-Chat 62.82 63.33 62.48 62.65 62.65 62.31 62.48
DeepSeek-R1-0528 60.95 63.50 59.93 60.27 59.25 62.65 61.29

Qwen2.5-7B-RL (Tree Extraction)
DeepSeek-V3.1 60.78 62.82 58.91 61.12 59.25 57.56 59.59
Longcat-Flash-Chat 62.14 64.35 63.67 61.29 64.18 62.82 61.97
DeepSeek-R1-0528 62.82 64.01 60.78 62.82 60.95 61.29 62.14

Table 4: Sensitivity analysis on the size of segmented
dialogue chunks.

We analyze the impact of the dialogue chunk- 574

ing window on the quality of tree-operation gen- 575

eration, where each dialogue chunk consists of 576

w consecutive dialogue turns. As shown in Ta- 577

ble 4, regardless of whether DeepSeek-R1-0528 578

or Qwen2.5-7B-RL is used as the tree-operation 579

generation model, w = 3 yields the most stable 580

and overall best performance across all three eval- 581

uation models. When the window is too small 582

(w = 1), chunking becomes overly fragmented and 583

tends to introduce noisy writes; when the window 584

is too large (w ≥ 10), the within-chunk informa- 585

tion density increases substantially, with more fre- 586

quent cross-topic mixing and timeline collapsing, 587

making critical cues more likely to be diluted or 588

missed. Accordingly, we adopt w = 3 for dia- 589

logue chunking and tree-operation generation in 590

our experiments. 591

5 Conclusion 592

This paper studies memory evolution for long- 593

term personalized dialogue in memory systems 594

and proposes the Inside Out framework, which 595

uses an explicit, structured PersonaTree as long- 596

term memory to maintain personalized states under 597

unbounded interactions. Concretely, we build a hi- 598

erarchical schema grounded in the biopsychosocial 599

model and develop an iterative tree-update mech- 600

anism. We then train a lightweight MemListener 601

with process-reward RL to compress unstructured 602

dialogue streams into executable tree operations. 603

At inference time, we design an adaptive genera- 604

tion pipeline. Experiments show that PersonaTree- 605

driven personalization consistently outperforms ex- 606

isting baselines across multiple response models, 607

and further highlight the potential of using small 608

models for memory maintenance. 609
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Limitations610

This work focuses on the structured evolution of611

long-term personalized memory, and the current612

implementation and empirical validation delineate613

clear directions for future extension:614

Scope of the schema and PersonaTree. We615

adopt a hierarchical schema grounded in the biopsy-616

chosocial model to define the writable space and617

capacity constraints, yielding a consistent and con-618

trollable representation of long-term memory. For619

finer-grained domain knowledge, task-skill profiles,620

or cross-domain user states, the schema can be fur-621

ther extended into composable subtrees or plugin-622

style modules to accommodate broader application623

needs.624

Applicability of the memory-evolution strat-625

egy. PersonaTree is iteratively updated via atomic626

tree operations, with add/modify/delete semantics627

uniformly expressed as trunk and leaf-level text628

rewrites. This abstraction is effective for preserv-629

ing stable core traits and compressible summaries;630

for memory forms requiring stronger temporal con-631

straints, evidence provenance, or multi-version632

coexistence, additional metadata such as explicit633

timestamps, confidence scores, and source point-634

ers can be incorporated to improve traceability and635

controllability.636

Engineering extensions for privacy and gov-637

ernance. As an explicit long-term memory car-638

rier, PersonaTree naturally supports access con-639

trol, interpretable edits, and revocability. For real-640

world deployment, it can be further complemented641

with user-facing memory management, sensitivity-642

aware field stratification, and data-minimization643

storage policies to meet stricter governance require-644

ments.645
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A Rethinking Personalization 796

In Human-AI interaction, building agents capa- 797

ble of deeply personalized dialogue has long been 798

a central goal. However, the dominant research 799

paradigm largely concentrates on personalization 800

via explicit profiles (Li et al., 2016; Zhang et al., 801

2018). Under this setting, researchers typically 802

provide either a structured or unstructured persona 803

description, or a set of persona-related texts to be 804

retrieved, and the model is tasked with generating 805

user-aligned responses conditioned on this static, 806

pre-specified information (Huang et al., 2023; Li 807

et al., 2025a). 808

Although this paradigm offers advantages in con- 809

trollability and evaluation convenience, it deviates 810

substantially from real-world interpersonal interac- 811

tion. This deviation is mainly reflected in: 812

• Misalignment of information sources: In 813

everyday life, our understanding of a person’s 814

traits rarely comes from a self-introduction 815

document; instead, it is implicitly and dynam- 816

ically constructed from long-term interaction 817

history (Han et al., 2023; Otsuka et al., 2024). 818

• Limited characterization of persona: Ex- 819

plicit persona descriptions are often highly ab- 820

stracted and simplified, failing to capture sub- 821

tle linguistic styles, background knowledge, 822
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distinctive interaction patterns, and affective823

dynamics that emerge in authentic conversa-824

tions (Chen et al., 2025a).825

• A static assumption of persona: Real per-826

sonality traits and linguistic styles vary across827

contexts and conversations, whereas static-828

profile approaches struggle to model such829

adaptive dynamics (Ong et al., 2025).830

Given these limitations, our study targets a more831

challenging and more realistic core problem: How832

can a model, relying solely on a long personalized833

dialogue history, learn and emulate one partici-834

pant’s implicit persona to generate responses that835

remain consistent in style, content, and relational836

stance?837

Our motivation is to help bridge this gap, with838

three primary implications:839

• Improving the realism of personalized dia-840

logue: enabling a shift from role-playing to841

faithful imitation, producing responses that842

are more natural, credible, and person-like.843

• Advancing deep personalization modeling:844

moving beyond understanding facts about a845

person toward modeling how a person be-846

comes who they are.847

• Expanding real-world applicability: in848

emerging applications such as personalized as-849

sistants and affective companions, the ability850

to reproduce individual styles from historical851

data is crucial.852

B MemListener Training853

After the SFT warm-up, we continue alignment854

with the remaining data using RL driven by process-855

based rewards. We set the model’s maximum con-856

text length to 11K tokens, with the input length857

capped at 10K, which constitutes a typical ultra-858

long sequence optimization setting. If we were to859

adopt sample-level group-relative policy optimiza-860

tion (GRPO), the key decision signals in long se-861

quences would be easily diluted by within-sample862

averaging; moreover, when group-wise sampling863

under the same input yields outputs that are all864

correct or all incorrect, the advantage term degen-865

erates, resulting in insufficient effective gradients.866

Consequently, training stability and sample effi-867

ciency are constrained.868

Therefore, the RL stage is conducted using the869

Swift RLHF framework (Zhao et al., 2024) with870

Parameter Value

Training type Full fine-tuning
Model precision bfloat16
Learning rate 1× 10−6

Per Device Train Batch Size 1
Training batch size 1
Gradient accumulation steps 8
Number of epochs 1
Warmup ratio 0.01
Max gradient norm 1.0
Max sequence length 11264
Max generation length 512
Number of generations 8
Temperature 1.0
Top-p 0.9
Top-k 50
Clipping ϵ 0.2 / 0.28
β (KL control) 0.001
Dynamic sampling Enabled
Max resample times 3

Table 5: Key hyperparameters for DAPO training.

the DAPO algorithm (Table 5). All model param- 871

eters are updated via full fine-tuning, and train- 872

ing is performed in bfloat16 precision to balance 873

numerical stability and memory efficiency. We 874

further employ a dynamic, LLM-as-a-judge evalua- 875

tion strategy, using Qwen3-32B (reasoning mode) 876

as the discriminator to score the gap between the 877

model’s prediction and the ground truth. The judge 878

is prompted using the template in Table 10, and its 879

assessment signal is used to guide optimization dur- 880

ing RL. For transparency and reproducibility, we 881

release the complete training scripts in our public 882

repository. 883

A learning rate of 1× 10−6 is adopted, together 884

with a warmup ratio of 0.01. Due to memory con- 885

straints, the per-device training batch size is set to 1, 886

while the effective batch size is increased using gra- 887

dient accumulation over 8 steps. Gradient norms 888

are clipped to 1.0 to ensure stable optimization. 889

Training is performed for a single epoch. 890

For each input prompt, 8 candidate responses 891

are sampled with a maximum generation length 892

of 512 tokens and a maximum context length of 893

11,264 tokens. Stochastic decoding is controlled 894

using temperature = 1.0, top-p = 0.9, and top-k = 895

50. Policy updates use asymmetric clipping with 896

ϵ = 0.2 and ϵhigh = 0.28. 897
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A KL-control coefficient β is introduced to reg-898

ulate the divergence between the optimized policy899

and the reference model. Larger β values enforce900

stronger regularization toward the reference pol-901

icy. In our GRPO-based setting, β is set to 0.001.902

Dynamic sampling is enabled to enhance response903

diversity, with the maximum number of resampling904

attempts limited to 3.905

During training data construction, we select sub-906

sets from HaluMem and PersonaMem that are907

relevant to implicitly characterizing user-specific908

attributes as the raw corpus sources. Using909

the dynamic PersonaTree evolution procedure de-910

scribed in Section 3.2 as the backbone, we invoke911

DeepSeek-R1-0528 to generate supervision signals912

for training. Concretely, for each dialogue seg-913

ment, we prompt the generator to produce an exe-914

cutable operation sequence and its corresponding915

post-update tree state under the given schema and916

update constraints, thereby mapping raw dialogues917

into structured samples with ground-truth opera-918

tions and versioned tree evolution. To control noise919

and spurious correlations, we manually verify the920

synthesized samples and filter out those with in-921

valid operation syntax, incorrect path references,922

or semantically inconsistent writes. The specific923

prompts are shown in Table 10.924

C Extra Experiments925

C.1 Baselines926

To evaluate the effectiveness of our proposed927

approach, we compared it against six baseline928

methods. These include two standard interaction929

paradigms (Only LLM and Full Context) and four930

state-of-the-art memory management frameworks931

designed for LLM-based agents. All memory man-932

agement frameworks were evaluated under their933

officially recommended best configurations.934

Only LLM. As a foundational baseline, we em-935

ploy the LLM directly without providing any his-936

torical conversation data. In this setting, the model937

operates in a stateless manner, relying solely on938

its pre-trained parametric knowledge and inter-939

nal reasoning capabilities to address user queries.940

This method serves as a lower bound, isolating the941

model’s intrinsic commonsense reasoning from its942

ability to recall specific interactional details.943

Full Context. This method involves concatenat-944

ing the entire chronological history of the conversa-945

tion and inputting it into the LLM’s context window946

for every interaction. By providing the model with 947

complete access to all prior dialogue, this approach 948

serves as a theoretical upper bound for retrieval ac- 949

curacy within the limits of the model’s context win- 950

dow. However, it effectively ignores the challenges 951

of memory selection and computational efficiency. 952

LangMem. LangMem is a framework designed 953

to enable agents to learn and adapt through con- 954

tinuous interactions. It provides a suite of func- 955

tional primitives that allow agents to manage mem- 956

ory within the active conversational flow ("hot 957

path") while utilizing a background manager to 958

asynchronously extract, consolidate, and update 959

knowledge. LangMem integrates natively with the 960

LangGraph ecosystem, offering a core memory 961

API that supports prompt refinement and long-term 962

consistency across sessions. By separating imme- 963

diate memory management tools from background 964

consolidation processes, it aims to maintain con- 965

sistent agent behavior without increasing latency 966

during inference. 967

Mem0 (Chhikara et al., 2025). Mem0 addresses 968

the limitations of fixed context windows by intro- 969

ducing a scalable, memory-centric architecture. It 970

employs a multi-level memory structure that retains 971

User, Session, and Agent states to facilitate adap- 972

tive personalization. A key feature of Mem0 is its 973

utilization of graph-based memory representations 974

to capture complex relational structures between 975

conversational elements. This approach allows for 976

the dynamic extraction and retrieval of salient in- 977

formation, optimizing for both latency and token 978

cost. Mem0 is designed to be production-ready, 979

focusing on reducing the computational overhead 980

typically associated with full-context processing 981

while maintaining high retrieval accuracy in multi- 982

session dialogues. 983

A-Mem (Agentic Memory) (Xu et al., 2025). A- 984

Mem proposes a self-organizing memory system 985

inspired by the Zettelkasten knowledge manage- 986

ment method. Unlike traditional static storage, 987

A-Mem enables agents to dynamically organize 988

memories through intelligent indexing and link- 989

ing. When new information is ingested, the sys- 990

tem generates comprehensive notes with structured 991

attributes—such as contextual descriptions and 992

tags—and establishes connections with historical 993

data. A distinctive feature of A-Mem is its support 994

for "memory evolution," where the integration of 995

new experiences can trigger updates to the repre- 996
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Methods Overall Recall-Facts Pref-Rec New-Ideas Recall-Reason Pref-Evol Gen-New Recall-User

DeepSeek-V3.1 (Response)
Only LLM 52.63 59.69 43.64 5.38 80.81 65.47 42.11 52.94
ALL Dialogue 63.84 78.29 61.82 12.90 81.82 65.47 77.19 76.47
LangMem+DeepSeek-V3.1 56.37 72.87 52.73 9.68 78.79 61.15 50.88 47.06
Mem0+DeepSeek-V3.1 61.80 82.95 47.27 7.53 83.84 63.31 71.93 70.59
A-Mem+DeepSeek-V3.1 60.61 76.74 43.64 6.45 85.86 64.03 71.93 76.47
MemoryOS+DeepSeek-V3.1 61.97 75.19 67.27 9.68 80.81 63.31 73.68 70.59
PersonaTree-ALL+DeepSeek-V3.1 70.80 88.37 63.64 24.73 86.87 68.35 91.23 70.59

Longcat-Flash-Chat (Response)
Only LLM 54.33 62.02 43.64 8.60 84.85 71.22 28.07 52.94
ALL Dialogue 61.80 79.07 63.64 15.05 87.88 53.96 68.42 70.59
LangMem+DeepSeek-V3.1 57.39 75.97 50.91 10.75 79.80 63.31 45.61 52.94
Mem0+DeepSeek-V3.1 60.27 77.52 54.55 9.68 85.86 64.03 50.88 76.47
A-Mem+DeepSeek-V3.1 60.44 80.62 50.91 8.60 85.86 66.19 47.37 70.59
MemoryOS+DeepSeek-V3.1 64.52 79.84 65.45 16.13 87.88 64.75 66.67 64.71
PersonaTree-ALL+DeepSeek-V3.1 73.34 88.37 69.09 31.18 91.92 69.78 87.72 76.47

DeepSeek-R1-0528 (Response)
Only LLM 44.14 30.23 38.18 19.35 76.77 55.40 38.60 41.18
ALL Dialogue 64.86 69.77 63.64 11.83 84.85 73.38 84.21 70.59
LangMem+DeepSeek-V3.1 56.54 62.79 54.55 18.28 78.79 66.19 49.12 41.18
Mem0+DeepSeek-V3.1 47.71 32.56 52.73 21.51 73.74 57.55 47.37 58.82
A-Mem+DeepSeek-V3.1 47.03 27.13 45.45 27.96 76.77 55.40 43.86 76.47
MemoryOS+DeepSeek-V3.1 61.97 64.34 76.36 11.83 82.83 66.19 73.68 76.47
PersonaTree-ALL+DeepSeek-V3.1 74.53 81.40 70.91 26.88 92.93 82.01 87.72 82.35

Table 6: Extra experimental results are presented on three different response models. Recall-Facts, Pref-Rec,
New-Ideas, Recall-Reason, Pref-Evol, Gen-New, and Recall-User respectively denote recalling user-shared facts,
providing preference-aligned recommendations, suggesting new ideas, recalling reasons behind preference updates,
tracking preference evolution, generalizing to new scenarios, and recalling user-mentioned facts. Bold and
underlined numbers denote the best and second-best results, respectively.

sentations of existing memories. This agent-driven997

mechanism allows the memory network to contin-998

uously refine its structure and understanding over999

time.1000

MemoryOS (Kang et al., 2025). Drawing in-1001

spiration from operating system principles, Mem-1002

oryOS introduces a hierarchical storage architec-1003

ture designed to manage agent memory comprehen-1004

sively. The system comprises four core modules:1005

Storage, Updating, Retrieval, and Generation. It1006

organizes memory into three distinct levels: short-1007

term, mid-term, and long-term personal memory.1008

To manage data flow between these levels, Memo-1009

ryOS employs specific strategies such as a dialogue-1010

chain-based First-In-First-Out (FIFO) principle for1011

short-to-mid-term updates and a segmented page or-1012

ganization strategy for mid-to-long-term consolida-1013

tion. This hierarchical approach aims to maximize1014

context coherence and personalization by mimick-1015

ing the efficient resource management found in1016

traditional operating systems.1017

C.2 Extra Experiments Results1018

To validate the robustness of our approach for1019

the tree-operation generator, we further adopt1020

DeepSeek-V3.1 as a unified extraction model to1021

conduct comparative evaluations across all meth- 1022

ods, and we report results separately under three dif- 1023

ferent response models (DeepSeek-V3.1, Longcat- 1024

Flash-Chat, and DeepSeek-R1-0528; see Table 6) 1025

to minimize potential biases and hallucination ef- 1026

fects introduced by any particular generation com- 1027

ponent. The results show that, even when replac- 1028

ing the extraction model DeepSeek-R1-0528 with 1029

DeepSeek-V3.1, our method (PersonaTree-ALL) 1030

still achieves the best Overall scores under all three 1031

response models, reaching 70.80, 73.34, and 74.53, 1032

respectively. This corresponds to improvements 1033

of +18.17/+19.01/+30.39 over Only LLM and 1034

+6.96/+11.54/+9.67 over ALL Dialogue, and it sub- 1035

stantially outperforms the representative memory 1036

baseline MemoryOS by +8.83/+8.82/+12.56. From 1037

a metric-wise perspective, the gains are particu- 1038

larly pronounced on dimensions requiring stronger 1039

detail completion and open-ended generation; for 1040

example, New-Ideas improves over ALL Dialogue 1041

by +11.83 (24.73 vs. 12.90), +16.13 (31.18 vs. 1042

15.05), and +15.05 (26.88 vs. 11.83), respectively. 1043

Meanwhile, Recall-Facts, Pref-Rec, and Gen-New 1044

also exhibit consistent improvements. These find- 1045

ings indicate that PersonaTree’s structured memory 1046

representation and retrieval-augmented generation 1047
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mechanism do not rely on any specific extraction1048

model; rather, the benefits transfer stably across1049

extractors and response models, further supporting1050

the generality and effectiveness of the proposed1051

method.1052

Ablation Study. Beyond the partial ablation stud-1053

ies reported in Table 1, we further conduct a more1054

comprehensive ablation analysis on the remaining1055

configurations in Tables 1 and 6, with detailed re-1056

sults presented in Tables 7 and 8. Overall, these1057

additional ablation findings are consistent with the1058

observations in Table 1, further corroborating the1059

effectiveness and contributions of the key compo-1060

nents across different experimental settings, and1061

providing stronger empirical support for the main1062

conclusions in Section 4.3.1063

C.3 Visualization1064

To more intuitively illustrate the differences among1065

the methods in Tables 1 and 6 across diverse capa-1066

bility dimensions, we further provide radar-chart1067

visualizations (see Figure 2), corresponding to two1068

memory-extraction settings: (a) using DeepSeek-1069

R1-0528 as the extractor; and (b) using DeepSeek-1070

V3.1 as the extractor. For each setting, we con-1071

duct a unified comparison under three response1072

models: DeepSeek-V3.1, Longcat-Flash-Chat, and1073

DeepSeek-R1-0528. Overall, PersonaTree exhibits1074

a more outward-expanded polygonal profile across1075

both extraction settings and all three response mod-1076

els, indicating that its gains are not concentrated1077

on a single metric but instead span multiple dimen-1078

sions, including factual recall, preference consis-1079

tency, preference evolution, and new-content gen-1080

eration.1081

Moreover, the trends across the two subplots are1082

highly consistent, suggesting that PersonaTree’s1083

improvements are robust to the choice of memory-1084

extraction model: even when the extractor is re-1085

placed, the method maintains stable advantages1086

across the multi-dimensional metrics.1087

On the other hand, Figure 3 reports the overall1088

performance of different memory-operation mod-1089

els under three response models. We observe that1090

untrained extractors generally lag behind trained1091

counterparts, while the two-stage training paradigm1092

(SFT+RL) yields stable and transferable improve-1093

ments. Meanwhile, compared with ALL Dialogue,1094

which requires substantially longer context, the1095

trained PersonaTree achieves higher accuracy with1096

only a relatively short memory context, further1097

highlighting the advantages of structured memory 1098

in terms of information compression and utilization 1099

efficiency. 1100

Figure 4 characterizes how the dialogue chunk- 1101

ing window size w influences performance. Across 1102

settings, the curves consistently exhibit the pattern 1103

that a moderate window is optimal. In particular, 1104

values around w = 3 are more stable and overall su- 1105

perior under all three response models, suggesting 1106

that this configuration strikes a more appropriate 1107

trade-off between contextual sufficiency and update 1108

frequency. 1109

D Initial PersonaTree Instance 1110

To delineate the theoretical boundaries of the mem- 1111

ory tree, we construct a hierarchical Schema based 1112

on the Biopsychosocial model, scientifically de- 1113

composing user characteristics into three core di- 1114

mensions: (1) Biological Aspects: Establishes bio- 1115

logical traits by referencing theories in human mor- 1116

phology, human physiology, chronobiology, etc. 1117

(2) Psychological Aspects: Deeply mines psycho- 1118

logical and characterological traits through cogni- 1119

tive psychology, the Big Five personality theory, 1120

metacognition theory, etc. (3) Social Aspects: Uni- 1121

fies demographic and behavioral traits based on 1122

social identity theory, behavioral psychology, at- 1123

tachment theory, etc. Due to the lengthy initial 1124

personalization tree, we include the full schema in 1125

our codebase, where the complete content can be 1126

inspected. 1127
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Methods Overall Recall-Facts Pref-Rec New-Ideas Recall-Reason Pref-Evol Gen-New Recall-User

DeepSeek-R1-0528 (Tree Extraction)

+DeepSeek-V3.1 (Response)
PersonaTree-ALL 71.14 88.37 56.36 22.58 88.89 71.22 89.47 88.24
PersonaTree+Router 69.61 87.60 60.00 17.20 88.89 69.06 85.96 88.24
Only PersonaTree 60.61 77.52 49.09 6.45 78.79 66.19 73.68 70.59

+Longcat-Flash-Chat (Response)
PersonaTree-ALL 72.67 88.37 72.73 26.88 92.93 69.78 85.96 64.71
PersonaTree+Router 70.46 89.15 60.00 19.35 87.88 71.94 80.70 94.12
Only PersonaTree 63.33 75.97 60.00 11.83 88.89 66.91 70.18 58.82

+DeepSeek-R1-0528 (Response)
PersonaTree-ALL 74.87 80.62 69.09 27.96 94.95 82.01 89.47 82.35
PersonaTree+Router 73.68 82.17 74.55 23.66 92.93 83.45 84.21 52.94
Only PersonaTree 63.50 67.44 63.64 16.13 88.89 69.06 75.44 58.82

Qwen2.5-7B-rl (Tree Extraction)

+DeepSeek-V3.1 (Response)
PersonaTree-ALL 71.31 89.15 61.82 23.66 91.92 69.06 85.96 76.47
PersonaTree+Router 70.80 87.60 60.00 25.81 87.88 71.22 85.96 70.59
Only PersonaTree 62.82 77.52 61.82 8.60 89.90 63.31 70.18 64.71

+Longcat-Flash-Chat (Response)
PersonaTree-ALL 73.34 93.02 67.27 27.96 92.93 67.63 89.47 70.59
PersonaTree+Router 72.33 92.25 67.27 23.66 91.92 68.35 85.96 76.47
Only PersonaTree 64.35 79.07 63.64 11.83 88.89 65.47 70.18 70.59

+DeepSeek-R1-0528 (Response)
PersonaTree-ALL 74.70 79.84 80.00 27.96 94.95 82.01 84.21 64.71
PersonaTree+Router 74.19 80.62 76.36 30.11 93.94 80.58 84.21 58.82
Only PersonaTree 64.01 68.99 63.64 12.90 84.85 71.22 80.70 70.59

Table 7: Ablation study of PersonaTree components. Recall-Facts, Pref-Rec, New-Ideas, Recall-Reason, Pref-
Evol, Gen-New, and Recall-User respectively denote recalling user-shared facts, providing preference-aligned
recommendations, suggesting new ideas, recalling reasons behind preference updates, tracking preference evolution,
generalizing to new scenarios, and recalling user-mentioned facts. Bold numbers indicate the best results within
each group.

Methods Overall Recall-Facts Pref-Rec New-Ideas Recall-Reason Pref-Evol Gen-New Recall-User

DeepSeek-V3.1 (Tree Extraction)

+DeepSeek-V3.1 (Response)
PersonaTree-ALL 70.80 88.37 63.64 24.73 86.87 68.35 91.23 70.59
PersonaTree+Router 69.61 85.27 61.82 18.28 89.90 70.50 87.72 70.59
Only PersonaTree 60.03 74.02 56.60 6.59 82.47 62.50 71.93 64.71

+Longcat-Flash-Chat (Response)
PersonaTree-ALL 73.34 88.37 69.09 31.18 91.92 69.78 87.72 76.47
PersonaTree+Router 70.63 91.47 63.64 21.51 89.90 67.63 84.21 70.59
Only PersonaTree 62.31 78.29 54.55 10.75 86.87 66.91 63.16 64.71

+DeepSeek-R1-0528 (Response)
PersonaTree-ALL 74.53 81.40 70.91 26.88 92.93 82.01 87.72 82.35
PersonaTree+Router 73.51 81.40 76.36 24.73 92.93 79.14 84.21 76.47
Only PersonaTree 61.80 68.22 52.73 13.98 82.83 71.94 73.68 58.82

Table 8: Ablation Study II of PersonaTree Components. Recall-Facts, Pref-Rec, New-Ideas, Recall-Reason, Pref-
Evol, Gen-New, and Recall-User respectively denote recalling user-shared facts, providing preference-aligned
recommendations, suggesting new ideas, recalling reasons behind preference updates, tracking preference evolution,
generalizing to new scenarios, and recalling user-mentioned facts. Bold numbers indicate the best results within
each group.
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Figure 2: Radar-chart comparison of PersonaTree and baselines across multi-dimensional capability metrics under
two memory-extraction settings (DeepSeek-R1-0528, DeepSeek-V3.1) and three response models (DeepSeek-V3.1,
Longcat-Flash-Chat, DeepSeek-R1-0528)

Figure 3: Overall performance of memory-operation models across three response models.

Figure 4: Effect of dialogue chunking window size on performance across three response models.
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Prompts for Operational Generation in PersonaTree
You are a Memory-Tree Operation Generator. You will be given:
(1) An initial persona schema represented as a hierarchical JSON tree.
(2) A dialogue history.\n\n
Your objective is to transform the dialogue history into a sequence of operations for updating the
persona schema, **covering as comprehensively as possible all information about this person, especially
personalized characteristics**.\n\n
About the schema:
- The schema below contains **user attribute information that has already been successfully structured**;
- Treat the schema as “recorded information” and **do not re-extract fields that already exist**;
- Generate operations for the schema only when the dialogue history introduces additional facts, details,
or preferences not yet covered by the schema;
- If the dialogue history conflicts with the schema, the **most recent explicit statement** in the dialogue
should prevail.\n\n
Principles for using ADD / UPDATE / DELETE / NO_OP:
* Use: ADD(path, "value") when an attribute at that path has **not been recorded at all**. Prefer creating
more branches and avoid overly long content in a single attribute.
* Use: UPDATE(path, "value") when an attribute at that path already has a record and the current passage
**supplements, refines, or corrects** it.
* Use: DELETE(path, None) only when the passage explicitly states that an existing piece of information
**is no longer valid, is negated, or should be removed**.
* If the passage does not entail any changes, output a single line: NO_OP().\n\n
Key requirements for "value" in UPDATE (very important):
* "value" must semantically **contain or integrate the previously valid information** while incorporating
or reflecting the new information, yielding a more complete, more accurate, and up-to-date description.
* It is **strictly forbidden** to discard useful original content and keep only the new information in an
UPDATE.
* When the new information is supplemental or more specific, the value should be an integrated expression
of “original information + new supplementation”.
* When the new information conflicts with the old, the value should describe the “current latest and most
reasonable state”, while retaining non-conflicting old details whenever possible.\n\n
Notes:\n1. Treat each leaf node in the JSON schema as an attribute slot capable of storing a textual
value.\n\n
2. For each distinct user personal attribute mentioned in the dialogue history:
* Locate the most closely matching and most specific leaf node in the schema.
* Generate **exactly one and only one** operation for that attribute.\n\n
3. You may use only the following operations:
* ADD(path, "value"), UPDATE(path, "value"), DELETE(path, None), NO_OP()\n\n
4. Requirements for the "path" format:
* Use a JSON key path separated by English periods. Example:
1_Biological_Characteristics.Physiological_Status.Age_Related_Characteristics.Chronological_Age\n\n
5. Requirements for the "value" format:
* Provide a natural-language expression extracted from or normalized based on the dialogue history.
* It must be enclosed in English double quotation marks.\n\n
6. Output format (must be strictly followed):
* Output only operations, one operation per line. * Do not add any explanations or comments. * The
only permissible forms are: ADD(<path>, "<value>"), UPDATE(<path>, "<value>"), DELETE(<path>,
None), NO_OP()\n\n
Persona Schema:\n\n{schema}\n\n
Dialogue History:\n\n{dialogue_text}\n\n
Now, based on the given dialogue history, output only the operations:

Table 9: Prompt for operational generation in PersonaTree for training and inference.
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Reward-Function Prompt
You are a strict "overall scorer for attribute-tree operations". Your task is to assign an overall quality score
in [-1, 1] to the model-predicted operation sequence Pred_Ops, given the ground-truth annotated operation
sequence GT_Ops.

[Input]
- GT_Ops (ground truth): a list of operations, where each element is of the form ADD(path, value) /
UPDATE(path, value) / DELETE(path, value) / NO_OP()
- Pred_Ops (prediction): a list of operations in the same format as above

[Critical Constraints]
1) Output only a single JSON object: {"score": <float>}. Do not output any explanation and do not
include any extra fields.
2) score must be a continuous floating-point number within [-1, 1] (any value is allowed). It is recom-
mended to keep 2 decimal places.
3) The "score-tier reference" below serves only as anchors for aligning overall quality. You should
fine-tune between anchors to output a more granular score.
4) For example, if the overall quality falls between 0.7 and 1.0, output a value in [0.71, 0.99]; if it falls
between 0.5 and 0.7, output a value in [0.51, 0.69]; and so on.

[Score-Tier Reference (Overall Quality Anchors)]
* 1.0 (nearly perfect): Pred and GT are almost entirely consistent on key operations; types/paths are nearly
identical; values are semantically equivalent; no redundant operations.
* 0.7 (high quality): most key operations are correct; only minor value-level deviations, or very few
missing/redundant operations.
* 0.5 (moderately usable): the overall approach and core direction are correct; some missing/redundant
operations exist; some paths/values are incorrect, but the main semantics are not affected.
* 0.3 (partially reliable): about half of the content is reliable; some key operations are correct while others
are wrong, requiring some fixes.
* 0.0 (slightly correct): only a small number of operations or fragments are correct; missing/redundant
operations and errors are evident; key operations are mixed correct/incorrect.
* -0.3 (barely relevant): broadly related but with many omissions/errors; it is only apparent that the model
is attempting the task, and it is essentially unusable as-is.
* -0.5 (clearly off-target): most key operations are missing or incorrect; many wrong paths/types or
obviously redundant operations; overall deviates from expectations.
* -0.7 (catastrophic): large-scale structural/semantic disorder; almost unusable.
* -1.0 (meaningless output): clearly meaningless, garbage text, or unrelated to the task.

[Output Format]
Output only the JSON object containing the score, with no additional notes or explanations.
Output only:
{"score": <float>}

[Task Data]
- GT_Ops:
{gt_ops}

- Pred_Ops:
{pred_ops}

Table 10: Reward-function prompt for process-reward RL training.
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