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Abstract001

Personalized language models must adapt to002
users over long interactions, while avoiding the003
premature internalization of ambiguous, tran-004
sient, or socially pressured cues. We study005
this challenge as persona drift: an update-006
control failure in which unreliable observations007
are written into the maintained user state and008
gradually overwrite grounded preferences. We009
propose CORE, a controlled persona-revision010
framework that separates turn-local evidence011
inference from long-term belief update. CORE012
maintains slot-factorized persona beliefs, esti-013
mates observation uncertainty, and routes evi-014
dence through COMMIT, DEFER, and IGNORE015
before performing selective revision. We also016
introduce PRISM, a held-out stress benchmark017
for evaluating personalized alignment under018
ambiguity, conflict, and social influence. Ex-019
periments on ALOE, PersonaChat, and PRISM020
show that CORE improves response alignment,021
belief fidelity, update decisions, and robustness022
under pressure. Ablations and human audits023
further show that these gains come from con-024
trolling when persona states change, rather than025
from stronger generation, larger memory, or ad-026
ditional intermediate traces alone.027

1 Introduction028

As language models move from one-off tools029

to long-term assistants, users increasingly expect030

them to remember and respect stable personal pref-031

erences across interactions (Zhang et al., 2018;032

Salemi et al., 2024; Li et al., 2025). This re-033

quirement differs from standard alignment, which034

mainly optimizes average, socially acceptable re-035

sponses (Ouyang et al., 2022; Rafailov et al., 2023;036

Ethayarajh et al., 2024). When dialogue becomes037

ambiguous or temporarily inconsistent, a generally038

aligned model may smooth away user-specific pref-039

erences and regress toward a generic assistant. We040

refer to this failure as persona drift (Yuan et al.,041

2024; Chen et al., 2024).042

Persona drift stems not only from forgetting, but 043

also from updating too easily on unreliable evi- 044

dence (Yuan et al., 2024; Meng et al., 2022; Pham 045

et al., 2024). In long-horizon dialogue, user prefer- 046

ences rarely appear as clean and stationary labels; 047

evidence is often partial, transient, or misleading 048

(Xu et al., 2024; Lee et al., 2023). Thus, the central 049

challenge is not how much user history the model 050

can store, but which observations should change its 051

maintained belief about the user (Pitis et al., 2024; 052

Zhao et al., 2025a). 053

Current personalization paradigms do not di- 054

rectly address this update-control problem. Prompt- 055

based and retrieval-augmented methods condition 056

on user profiles or past context, but they do not 057

decide whether a new observation should modify 058

the persona state (Richardson et al., 2023; Li et al., 059

2025; Zhuang et al., 2024). Offline alignment meth- 060

ods such as SFT and preference optimization im- 061

prove average personalized responses, but they op- 062

timize final utterances rather than the intermediate 063

decision of whether a persona belief should be pre- 064

served, revised, or protected from noise (Bu et al., 065

2025; Ouyang et al., 2022; Clarke et al., 2024). As 066

a result, repeated or socially amplified misleading 067

cues can still be internalized as new preferences. 068

We argue that robust long-horizon personaliza- 069

tion should be formulated as controlled persona- 070

state revision under noise (Hu et al., 2025; Sicilia 071

and Alikhani, 2025). At each turn, the model must 072

separate what an utterance locally suggests from 073

whether that evidence should alter the long-term 074

persona state. This turns personalization from re- 075

sponse generation or memory retrieval into a state- 076

control problem: uncertain observations must be 077

routed before they modify the user representation. 078

We instantiate this view with CORE (Controlled 079

Observation Routing for Evidence-grounded Per- 080

sona Revision). Figure 1 illustrates the motivation. 081

CORE is not designed to store more persona evi- 082

dence; rather, it controls which evidence is allowed 083
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Figure 1: From Passive Memory to Controlled Persona Revision. Passive memory accumulation amplifies
persona drift, while CORE preserves grounded personalization through controlled revision.

to revise the maintained persona state. It first infers084

slot-wise turn-local evidence (Zhao et al., 2025b),085

then routes each observation through executable up-086

date operators before belief revision. This enables087

CORE to preserve anchored preferences while still088

adapting to reliable and resolved changes.089

To evaluate preservation under noise, we intro-090

duce PRISM, a benchmark for persona robustness091

under ambiguity, conflict, and social influence. Un-092

like preference-acquisition benchmarks, PRISM093

tests whether models retain established preferences094

across corruptive dialogue phases: successful mod-095

els must preserve reliable commitments, reject un-096

safe overwrites, and clarify unresolved uncertainty.097

Our contributions are:098

• Update-control formulation. We formulate099

persona drift as a failure of update permission,100

where unreliable observations cause drift only101

after being prematurely written into the main-102

tained user state.103

• Controlled persona revision. We propose104

CORE, which decouples turn-local evidence105

inference from belief revision and uses COM-106

MIT, DEFER, and IGNORE to control whether107

evidence can revise the persona state across108

different slot inventories and value spaces.109

• PRISM benchmark. We introduce PRISM,110

a stress benchmark that evaluates personal-111

ization robustness across diverse persona at-112

tributes, ambiguity patterns, conflict types,113

and social-influence strategies.114

2 Related Work115

Multi-turn Personalized Alignment. Advances116

in LLM alignment have improved general in-117

struction following and preference optimiza- 118

tion (Ouyang et al., 2022; Rafailov et al., 2023; 119

Ethayarajh et al., 2024; Ji et al., 2024; Lou et al., 120

2025), but they are not designed to model individ- 121

ual user preferences (Liu et al., 2025; Guan et al., 122

2025; Kobalczyk and van der Schaar, 2025). This 123

gap has motivated personalized alignment meth- 124

ods based on explicit profiles (Zhu et al., 2025; 125

Salemi et al., 2024), preference supervision (Zhao 126

et al., 2026), personalized decoding (Yu et al., 2026; 127

Chen et al., 2025b), and in-dialogue learning (Xie 128

et al., 2025). These methods improve user-specific 129

generation, but they often assume that preferences 130

are explicit, stable, and directly recoverable from 131

observed interaction data (Zhu et al., 2025; Liu 132

et al., 2024). This assumption becomes fragile 133

in long-horizon dialogue, where user evidence is 134

partial, implicit, and entangled with contextual 135

noise (Peng et al., 2025; Okite et al., 2025). Robust 136

personalization therefore requires tracking latent 137

user states while separating persistent traits from 138

transient observations (Wu et al., 2025; Zhao et al., 139

2025c). 140

Persona Drift in Multi-turn Dialogue Persona 141

drift describes the failure where a model gradu- 142

ally deviates from a user’s grounded intent as in- 143

teraction history grows (Chen et al., 2025a; Shaikh 144

et al., 2025). Prior work shows that this problem is 145

amplified by underspecified intent, implicit prefer- 146

ence expression, noisy memory construction, and 147

inconsistent multi-session evidence (Chun et al., 148

2025; Zhang and Choi, 2025; Li et al., 2025; Tan 149

et al., 2025). Existing methods improve consis- 150

tency through persona-aware modeling, memory 151

management, or post-hoc alignment, but they still 152

mainly operate on the generated response or re- 153
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trieved context (Ke et al., 2025; Ong et al., 2025;154

Peng et al., 2025). These findings suggest that per-155

sona drift is not merely a memory issue, but a state-156

tracking problem: the model must decide whether157

each new observation should revise, preserve, or158

be isolated from the maintained user state.159

3 Method160

CORE implements a closed-loop persona-revision161

pipeline, as illustrated in Figure 2. At each turn,162

it infers turn-local evidence, estimates reliability,163

routes evidence through an explicit update decision,164

and selectively revises the persona belief before re-165

sponse generation. The updated belief is carried166

forward as the control state for the next turn, form-167

ing a recurrent update–response loop.168

3.1 Persona Belief and Evidence169

The first step is to separate persistent persona belief170

from turn-local evidence: the former stores what171

CORE currently believes about the user, while the172

latter only describes what the latest utterance ap-173

pears to support. We represent the user persona as174

a slot-value profile175

z = (z1, . . . , zK), zk ∈ V
(t)
k ,176

and maintain a factorized belief177

bt(z) ≈
K∏
k=1

bkt (z
k).178

The slot inventory is fixed for evaluation, while179

each value set V (t)
k is semi-open: surface values180

extracted from observations or clarifications are181

normalized against the slot schema before being182

added. Unmapped or invalid attributes are assigned183

to a residual open slot and excluded from closed-184

slot metrics.185

For slot k, CORE summarizes the maintained186

belief by its MAP value and entropy-normalized187

confidence:188

ẑkt = arg max
v∈V (t)

k

bkt (v), ckt = 1− H(bkt )

log |V (t)
k |

. (1)189

Here, ckt ∈ [0, 1] measures how strongly the slot190

belief is anchored.191

CORE does not use a separate slot matcher. Each192

slot schema contains a slot name, a short natural-193

language definition, and the current candidate val-194

ues in V
(t)
k . Slot grounding is handled through195

slot-conditioned evidence inference. For each slot, 196

we augment the local evidence space with a null 197

option, 198

V̄
(t)
k = V

(t)
k ∪ {⊥}, 199

where ⊥ means that the current turn should not be 200

treated as evidence for slot k. Given the dialogue 201

context, current belief, and the schema of slot k, 202

the evidence extractor predicts local evidence over 203

the augmented value space: 204

∆k
t (v) = fevi(ut, Ht−1, bt−1, k, v), v ∈ V̄

(t)
k ,

(2) 205

and defines 206

p̃kt (v) =
exp(∆k

t (v))∑
v′∈V̄ (t)

k

exp(∆k
t (v

′))
. (3) 207

This distribution is turn-local rather than persistent: 208

it identifies which slot values, if any, are supported 209

by the current observation, while the routing policy 210

decides whether the evidence should be committed, 211

deferred, or ignored. 212

The null option gives an implicit relevance esti- 213

mate: 214

rkt = 1− p̃kt (⊥). (4) 215

For non-null values, define 216

p̃kt,+(v) =
p̃kt (v)∑

v′∈V (t)
k

p̃kt (v
′)
. (5) 217

When rkt is below a small threshold, slot k is treated 218

as unmatched and routed to IGNORE; ambiguity 219

and conflict are masked for this slot. Ambiguity 220

and conflict are then 221

akt =
H(p̃kt,+)

log |V (t)
k |

, qkt = rkt JS(p̃
k
t,+∥bkt−1). (6) 222

The multiplier rkt prevents weakly matched turns 223

from being treated as conflicts. When a new value 224

is added, bkt−1 is extended with a small prior mass 225

and renormalized. 226

3.2 Observation Routing 227

Once turn-local evidence is extracted, CORE does 228

not update the persona state immediately; it first 229

converts the evidence into an explicit write-control 230

decision. 231

For compactness, let 232

ξkt = (p̃kt , b
k
t−1, r

k
t , a

k
t , q

k
t , c

k
t−1). (7) 233
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Figure 2: CORE Pipeline: Uncertainty-Guided Persona-State Revision. CORE extracts slot-wise evidence
from dialogue and previous persona belief, routes each observation through uncertainty-guided operators, and then
performs selective belief revision before response or clarification.

CORE routes each slot-level observation as234

αk
t ∼ πupdθ (α | ξkt ),

αk
t ∈ {COMMIT,DEFER, IGNORE}.

(8)235

COMMIT writes reliable evidence into the236

maintained belief. DEFER marks evidence as rele-237

vant but under-resolved for current-turn discourse238

control, without writing it into the persistent per-239

sona belief. IGNORE filters irrelevant, transient,240

or unsafe observations. Thus, routing turns slot-241

wise evidence inference into an explicit memory-242

write decision. DEFER does not automatically243

trigger clarification. The discourse policy decides244

whether deferred evidence in the current control245

state is response-critical:246

χt = (ut, Ht−1, bt−1, {ξkt , αk
t }Kk=1).247

248
dt ∼ πdisθ (d | χt), dt ∈ {RESPOND,CLARIFY}.

(9)249

The policy selects CLARIFY only when de-250

ferred evidence is needed for safe personalized251

response generation; otherwise, CORE responds252

using the maintained belief without committing the253

unresolved evidence.254

3.3 Belief Revision255

Routing decides whether an observation may up-256

date memory; the revision gate decides how257

strongly the committed evidence should move the258

belief. CORE converts the update decision into a259

gate:260

ψk
t = [rkt ; 1− akt ; 1− qkt ; c

k
t−1]. (10)261

262
gkt = I[αk

t = COMMIT]σ(w⊤ψk
t ). (11)263

The gate opens only for committed evidence and264

weakens under ambiguity or conflict.265

Let S(t)
k denote the probability simplex over the 266

value set V (t)
k . The posterior is revised by 267

bkt = arg min
p∈S(t)

k

[
DKL(p∥bkt−1)− gkt

∑
v∈V (t)

k

p(v)∆k
t (v)

]
(12) 268

which yields 269

bkt (v) ∝ bkt−1(v) exp(g
k
t ∆

k
t (v)). (13) 270

Thus, CORE can adapt to reliable preference 271

changes while blocking ambiguous, conflicting, or 272

socially induced overwrites. 273

The response policy is 274

yt ∼ πrespθ (y | Ht−1, ut, bt, dt). (14) 275

If dt = CLARIFY, the output is a targeted follow- 276

up question; otherwise, it is a personalized response 277

grounded in bt. 278

3.4 Training 279

CORE is trained with supervised warm-up fol- 280

lowed by PPO. The supervised objective is 281

LSFT = Lbel + λ1Levi + λ2Lupd

+ λ3Ldis + λ4Lresp.
(15) 282

where 283

Lbel = −
∑
k

log bkt (z
⋆
t,k), (16) 284

Levi = −
∑
k

log p̃kt (e
⋆
t,k), (17) 285

Lupd = −
∑
k

log πupdθ (αk,⋆
t | ξkt ), (18) 286

Ldis = − log πdisθ (d⋆t | χt). (19) 287

Here, Lresp is the standard autoregressive response 288

loss. The evidence target e⋆t,k is ⊥ when the turn 289
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provides no usable evidence for slot k. The evi-290

dence, update, and discourse targets are derived291

from slot annotations and evidence-type labels,292

with audit details provided in Appendix B.293

After warm-up, PPO optimizes294

Rt = λactR
act
t +λstateR

state
t +λrespR

resp
t −βKt,

(20)295

where296

Kt = DKL(πθ(· | ht)∥πref(· | ht)) . (21)297

Here, Ract
t rewards correct routing, Rstate

t rewards298

belief fidelity, and Rresp
t rewards personalized re-299

sponse quality.300

3.5 Why Update Control Matters301

For slot k, let z⋆k be the ground-truth value and302

v̄kt ̸= z⋆k the strongest incorrect competitor. Define303

Mk
t = log

bkt (z
⋆
k)

bkt (v̄
k
t )
, Xk

t (v) = ∆k
t (z

⋆
k)−∆k

t (v).

(22)304

The gated update gives305

log
bkt (z

⋆
k)

bkt (v)
= log

bkt−1(z
⋆
k)

bkt−1(v)
+ gktX

k
t (v). (23)306

A passive updater with gkt ≡ 1 accumulates nega-307

tive evidence when conflicting or socially induced308

cues recur. If such turns occur with probability at309

least ρk and have expected evidence margin at most310

−γk, then311

E[Mk
T ] ≤Mk

0 − ρkγkT. (24)312

Thus, drift can grow with dialogue length under313

repeated unreliable evidence. However, complete314

inertia misses genuine preference changes. CORE315

targets the resulting overwrite–adaptation trade-off316

by opening the gate for relevant and resolved evi-317

dence, and closing it for ambiguous, conflicting, or318

unsafe perturbations.319

4 Experiments320

Our evaluation follows CORE’s update-control321

logic: we test standard alignment, stress persona-322

state robustness, and use ablations, efficiency anal-323

ysis, and human audits to attribute gains to update324

control rather than generation or extra supervision.325

We focus on four questions:326

• Q1: Performance. Does CORE outperform327

baselines on personalized alignment?328

• Q2: Fidelity. Does CORE maintain better per- 329

sona state under ambiguity? 330

• Q3: Robustness. Does CORE enhance reliabil- 331

ity under ambiguity or adversarial influence? 332

• Q4: Mechanism. Do ablations attribute perfor- 333

mance gains to belief revision or generation? 334

4.1 Experimental Setup 335

Benchmarks. We evaluate CORE on three com- 336

plementary benchmarks. ALOE (Wu et al., 2025) 337

is our primary benchmark for multi-turn preference 338

consistency, where user preferences are revealed 339

over interaction. PersonaChat (Zhang et al., 2018) 340

is used as an out-of-distribution benchmark for gen- 341

eralization to unseen persona attributes. PRISM 342

is our robustness benchmark for personalization 343

under ambiguity, conflict, and social influence, de- 344

signed to expose failure modes of persona mainte- 345

nance after training. It is used only for evaluation 346

and is not involved in CORE training, calibration, 347

reward construction, or checkpoint selection. We 348

use it to assess personalized alignment under noisy 349

interaction conditions. 350

Baselines. We compare against four groups of 351

baselines. (1) Inference-time methods: RE- 352

MINDER (Zhao et al., 2025a), SELF-CRITIC (Zhao 353

et al., 2025a), COT (Wei et al., 2022), and 354

RAG (Zhao et al., 2025a) with top-5 retrieval. 355

These baselines test whether explicit reminders, 356

reasoning traces, or retrieved memory are suffi- 357

cient for robust personalization. (2) Offline align- 358

ment methods: SFT (Ouyang et al., 2022) and 359

DPO (Rafailov et al., 2023), testing whether con- 360

ventional preference optimization can preserve 361

persona consistency over long interactions. (3) 362

Memory-based and agentic methods: MEMO- 363

RYBANK (Zhong et al., 2024), REACT (Yao 364

et al., 2023), and RLPA (Zhao et al., 2025b), 365

representing persistent-memory and agent-style 366

personalization. (4) Structure-matched controls 367

match CORE’s intermediate format or supervision 368

while removing executable belief revision, testing 369

whether traces, extra labels, or action names alone 370

explain the gains. 371

All same-backbone trainable methods use 372

Llama-3.2-3B-Instruct (Dubey et al., 2024) with 373

matched training budgets, decoding settings, and 374

checkpoint-selection protocols. 375

Persona slots. Persona slots are instantiated per 376

benchmark while keeping the same belief-tracking 377
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framework. New values can be added when ob-378

served, while attributes that cannot be reliably379

mapped to closed slots are assigned to residual380

open slots and excluded from closed-slot state met-381

rics. Details of slot construction and value normal-382

ization are in Appendix B.2.383

Evaluator and metrics. We adopt a layered eval-384

uation protocol across three distinct granularities,385

restricting LLM judges to response-level assess-386

ment while evaluating internal states and decision387

routing strictly via ground-truth annotations. At the388

response level, we quantify conversational align-389

ment using the AL score, tracking its turn-wise390

improvement and stability via N -IR and N -R2.391

State-level fidelity is captured by SLOTACC for392

argmax slot accuracy, BUA for correctness on393

update-positive turns, and DRIFT for the poste-394

rior mass misassigned to incorrect values. For395

decision-level operations over {COMMIT, DEFER,396

IGNORE}, ACTACC measures overall action ac-397

curacy, while CRR quantifies correct rejection or398

deferral under conflict. Finally, within the PRISM399

benchmark, we track specific failure modes using400

ARUS for attribute recall under stress (measuring401

core trait retention), BCD for resistance to blind402

compliance, and APR for proactive clarification403

under unresolved uncertainty. Appendix C pro-404

vides full mathematical formulations, prompts, and405

calibration details.406

4.2 PRISM: Stress Test407

PRISM evaluates whether personalized dialogue408

models can preserve stable persona commitments409

under ambiguity, conflict, and social influence.410

Each dialogue contains three phases: Anchoring411

establishes grounded persona evidence, Fluctua-412

tion introduces noisy or misleading cues, and Con-413

frontation applies six social-influence strategies, in-414

cluding authority pressure, social conformity, affec-415

tive appeal, urgency framing, reciprocity lure, and416

relationship pressure. This design tests persona for-417

mation, maintenance, and conflict resolution within418

a single trajectory, while remaining independent419

of CORE-specific internals: models are evaluated420

by whether they preserve commitments, resist un-421

safe overwrites, and clarify unresolved uncertainty422

without requiring explicit update actions or struc-423

tured beliefs. We use PRISM as test dataset to424

measure model performance on personalized align-425

ment under noisy interaction conditions, including426

ambiguity, conflict, and social influence. Details427

are in Appendix D. 428

4.3 Main Results on Standard Benchmarks 429

Table 1 reports the main results on PersonaChat 430

and ALOE. CORE achieves the best overall align- 431

ment scores on both benchmarks and remains com- 432

petitive on trajectory-stability metrics, outperform- 433

ing same-backbone prompting, offline-alignment, 434

memory-based, and agentic baselines. The gains 435

over SFT/DPO suggest that static preference op- 436

timization alone is insufficient for preserving per- 437

sona consistency over long interactions, while the 438

gains over RAG/MemoryBank show that storing 439

or retrieving more persona evidence is not enough 440

unless new evidence is explicitly controlled before 441

it updates the maintained user state. These results 442

support our central claim that robust long-horizon 443

personalization requires controlled persona-state re- 444

vision rather than stronger generation, larger scale, 445

or more persistent memory alone. 446

Figure 3 provides trajectory-level diagnostics on 447

ALOE. CORE yields higher and more stable turn- 448

wise alignment, indicating that reliable persona 449

evidence is incorporated without being overwritten 450

in later turns. It also achieves stronger alignment at 451

the same preference-revelation ratio, showing more 452

efficient use of limited personalization signals. The 453

calibration curve further shows that CORE’s belief 454

confidence better matches empirical correctness, 455

suggesting that its response-level gains are sup- 456

ported by a more reliable maintained persona state 457

rather than surface-level generation alone. 458

4.4 Robustness under State Perturbations 459

We next evaluate whether models preserve 460

grounded persona commitments when later ob- 461

servations become unsafe to internalize. Table 2 462

reports aggregate PRISM robustness. CORE im- 463

proves ARUS from 71.9 to 80.8 and BCD from 464

66.1 to 76.4, while reducing persona-state drift 465

from 12.6 to 10.1. These gains show that CORE 466

not only produces better local responses, but also 467

protects the maintained persona state when later 468

evidence becomes unsafe to internalize. Figure 4a 469

visualizes the learned routing regions over ambi- 470

guity and conflict: low-risk evidence is more often 471

committed, while high-ambiguity or high-conflict 472

evidence is deferred or ignored. 473

The improvements are largest in the regimes 474

where passive updating is most brittle. On 475

ambiguity-positive turns, CORE increases APR, 476

suggesting that relevant but under-resolved ev- 477
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Model Type PersonaChat ALOE

Score N-IR N-R2 Score N-IR N-R2

Peer baseline Gemma-2-2B-IT SFT 21.19 0.017 0.136 18.33 0.021 0.096
Qwen2.5-3B-Instruct SFT 26.84 0.049 0.159 44.32 0.083 0.162

Scale baseline Mistral-7B-v0.3 Base 52.98 0.058 0.364 74.32 0.074 0.284
Llama-3.1-8B-Instruct Base 64.87 0.062 0.392 77.26 0.090 0.407

Method baseline Llama-3.2-3B-Instruct

Base 42.02 0.025 0.097 21.99 0.044 0.121
SFT 49.38 0.039 0.134 36.15 0.054 0.179

Reminder 42.91 0.032 0.178 37.68 0.038 0.105
Self-Critic 62.38 0.047 0.299 47.04 0.067 0.097

DPO 51.28 0.052 0.241 64.32 0.073 0.112
RAG (top5) 53.09 0.048 0.211 32.17 0.071 0.067

CoT 44.67 0.033 0.126 51.09 0.055 0.083
MemoryBank 59.12 0.049 0.208 72.27 0.071 0.271

RLPA 65.05 0.051 0.263 75.84 0.087 0.202
CORE (Ours) 76.54 0.064 0.471 82.94 0.098 0.395

Table 1: Overall personalized alignment. CORE achieves the strongest overall performance on PersonaChat and
ALOE, with clear gains over same-backbone baselines.
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Figure 3: Trajectory-level diagnostics on ALOE. CORE yields stronger turn-wise alignment, uses revealed preference
evidence more efficiently, and maintains better-calibrated persona beliefs.

Method ARUS↑ BCD↑ Drift↓

SFT 57.8±.8 48.6±.9 18.6±.5
DPO 61.5±.7 54.2±.8 16.4±.5
MemBank 68.4±.7 62.8±.7 13.8±.4
RLPA 71.9±.6 66.1±.7 12.6±.4
CORE 80.8±.5 76.4±.6 10.1±.4

Table 2: PRISM stress robustness. CORE better pre-
serves persona commitments, resists unsupported pres-
sure, and reduces persona-state drift under stress.

idence is more often clarified rather than pre-478

maturely committed. On conflict-positive turns,479

CORE reduces the false commit rate (FCR) by 9.3480

points relative to RLPA, showing that contradictory481

evidence is less likely to be written into the per-482

sona state. Across PRISM social-pressure strate-483

gies, CORE more often defers or rejects unsup-484

ported pressure, preserving anchored commitments485

instead of adapting to socially induced noise.486

Figure 4b diagnoses whether CORE perceives487

persona-state transitions correctly. Rather than488

freezing the persona state, CORE revises the belief489

under reliable preference changes while preserving490

the anchored state under ambiguous, conflicting, 491

or socially induced perturbations. This indicates 492

that the gain comes from calibrated state-change 493

perception, not from selective updating alone. Fig- 494

ure 4c shows that CORE improves action accu- 495

racy, indicating that the robustness gain is accom- 496

panied by better update decisions, not only better 497

responses. Figure 5 further shows that after con- 498

flict is injected, the strongest baseline loses align- 499

ment while belief entropy and persona deviation 500

increase; CORE keeps alignment high and sup- 501

presses both uncertainty and deviation from the 502

anchored persona. The largest improvements occur 503

on ambiguity-positive and conflict-positive turns, 504

where uncontrolled updating is most brittle. 505

4.5 Mechanistic Ablations and Efficiency 506

Ablation Study. Table 3 isolates the contribu- 507

tion of CORE. Removing executable update actions 508

causes the largest degradation: AL drops from 82.9 509

to 78.8, CRR from 82.7 to 71.6, and DRIFT in- 510

creases from 10.1 to 15.4. This shows that evidence 511

extraction alone is insufficient unless routing de- 512
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Figure 5: Conflict dynamics. CORE preserves align-
ment and reduces belief drift under injected conflict.

Variant AL↑ CRR↑ Drift↓

CORE 82.9±.4 82.7±.4 10.1±.4
w/o update act. 78.8±.5 71.6±.6 15.4±.5
w/o clarify 80.1±.5 77.8±.5 13.9±.4
w/o inertia 80.7±.4 78.6±.5 13.4±.4
w/o opt. rev. 80.4±.5 78.1±.5 13.7±.5
w/o cal. rew. 80.6±.4 76.4±.6 13.5±.4
w/o rev. rew. 79.5±.5 75.2±.6 14.7±.5

Table 3: Mechanistic ablations. Removing compo-
nents weakens alignment and stability.

cisions can directly control belief revision. Other513

ablations weaken the same control mechanism in514

different ways: removing clarification mishandles515

under-resolved evidence, removing inertia or opti-516

mized revision makes the posterior move too ag-517

gressively, and removing calibration or revision518

rewards reduces conflict rejection. Together, these519

results indicate that CORE’s gains come from main-520

taining the overwrite–adaptation trade-off through521

update control, rather than from intermediate traces522

or extra supervision alone. Structure-matched con-523

trols in Appendix E.1 further support it.524

Inference cost. CORE introduces a lightweight525

pre-generation control layer. Figure 4d decom-526

poses per-turn latency and shows that response527

decoding remains the dominant cost, while up-528

date routing and belief revision add only a small529

action-level overhead across COMMIT, DEFER,530

and IGNORE. The dialogue context is encoded531

once, slot-conditioned evidence logits are produced532

in a shared pass, and cached slot/value descriptions 533

avoid separate LLM calls for each slot or value. 534

This yields O(KVmaxd) additional computation 535

and adds only 23.0 ms per turn on the same back- 536

bone, suggesting that CORE improves robustness 537

without materially slowing inference. More details 538

are given in Appendix E.7. 539

Human evaluation. Human-in-the-loop evalua- 540

tion further verifies both reward validity and end- 541

to-end interaction quality. Across audited response, 542

robustness, and pairwise items, human agreement 543

is strong, and judge predictions are well aligned 544

with human judgments (mean J–H = 0.84, mean 545

κ = 0.79), supporting the reliability of response- 546

level automatic evaluation. In complete multi-turn 547

interactions, CORE improves the average human 548

rating over RLPA by 11.7%. The gains are concen- 549

trated on reward-relevant dimensions: persona con- 550

sistency, ambiguity handling, pressure preservation, 551

and long-horizon stability improve by +11.6%– 552

15.5%, while response quality improves by only 553

+4.7%. This indicates that CORE’s advantage 554

comes mainly from more stable persona mainte- 555

nance under noisy interaction, rather than from 556

generic fluency gains. Details are in Appendix C. 557

5 Conclusion 558

We presented CORE, which formulates long- 559

horizon personalization as controlled persona-state 560

revision. By separating local evidence extrac- 561

tion from belief revision and routing observa- 562

tions through executable update actions, CORE 563

preserves grounded preferences while remaining 564

adaptive to reliable evidence. We also introduced 565

PRISM, a stress benchmark for ambiguity, conflict, 566

and social influence. Experiments and ablations 567

show that robust personalization depends on con- 568

trolling when persona states change, not merely on 569

stronger generation or larger memory. 570
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Limitations571

This work focuses on controlled persona-state572

revision in multi-turn dialogue. CORE uses573

benchmark-level persona slots to support precise574

belief tracking and update auditing; however, this575

design abstracts away open-ended attributes and de-576

pendencies among user preferences. Its factorized577

belief state improves controllability but may miss578

cross-slot correlations. CORE also relies on struc-579

tured supervision for belief states, evidence, and580

update actions; reducing this dependence through581

weak labels or interaction feedback remains future582

work. Finally, the conservative routing and gating583

strategy reduces unsafe overwrites, but it may also584

delay adaptation when users genuinely change their585

preferences over short interaction windows.586

Ethical Considerations587

This work studies controlled persona-state revision588

for personalized dialogue agents, where maintained589

user states may affect long-term interaction behav-590

ior. CORE is designed to reduce unsafe persona591

overwriting by deferring ambiguous observations592

and ignoring unreliable or socially pressured cues,593

rather than treating every utterance as a stable pref-594

erence. PRISM uses synthetic stress-test dialogues595

for evaluation only, and is not intended for profil-596

ing real users or inferring sensitive attributes. Real-597

world deployment should further protect user pri-598

vacy through transparent state management, min-599

imal retention of user information, and memory600

controls that allow users to inspect, correct, delete,601

or opt out of maintained persona states.602
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Appendix organization. The appendix provides943

details needed to audit and reproduce CORE. Ap-944

pendix A specifies the method implementation;945

Appendix B reports experimental controls, train-946

ing setup, calibration, and PPO configuration; Ap-947

pendix C defines metrics and reports evaluator948

and human-study reliability; Appendix D describes949

PRISM construction, stress strategies, quality con-950

trol, and schema; Appendix E gives additional re-951

sults, ablations, robustness breakdowns, efficiency952

analysis, and failure taxonomy.953

A CORE Method Details954

This section gives implementation details. Table 4955

summarizes the notation.956

A.1 Slot-Factorized Persona Belief957

CORE maintains a slot-factorized persona be-958

lief. Let K = {1, . . . ,K} denote the benchmark-959

instantiated slot inventory.960

At turn t, slot k has a working value set V (t)
k ,961

and CORE stores a categorical posterior bkt ∈ S(t)
k ,962

where S(t)
k is the probability simplex over V (t)

k .963

The joint belief is approximated as964

bt(z) ≈
K∏
k=1

bkt (z
k), zk ∈ V(t)

k . (25)965

This factorization is an auditable state interface, not966

an independence assumption. It lets each turn-level967

update be traced to a concrete persona slot.968

For each slot, we summarize the posterior by its969

MAP value and entropy-normalized confidence:970

ẑkt = arg max
v∈V(t)

k

bkt (v), (26)971

ckt = 1− H(bkt )

log |V(t)
k |

. (27)972

The confidence ckt measures how concentrated the973

posterior is. For diagnostics, we also log the top-974

two margin975

mk
t = log

bkt (v
k
(1))

bkt (v
k
(2)) + ϵ

, (28)976

where vk(1) and vk(2) are the highest- and second-977

highest-probability values. This margin is used978

for analysis only; the main revision gate follows979

Section 3.3 and uses rkt , akt , qkt , and ckt−1.980

The slot interface has three roles. First, it pre-981

vents a single utterance from rewriting the entire982

profile. Second, it permits different update deci- 983

sions for different slots in the same turn. Third, it 984

makes belief errors, unsafe commits, and deferred 985

evidence directly inspectable. 986

A.2 Semi-Open Value Handling 987

The slot inventory is fixed within each benchmark, 988

but value sets are semi-open: 989

V(t)
k = Vcanon

k ∪ Vobs
k (t) ∪ {UNK}. (29) 990

Here, Vcanon
k contains benchmark-defined canon- 991

ical values, Vobs
k (t) contains values observed or 992

clarified up to turn t, and UNK marks unresolved 993

evidence. A new value is added only when it can be 994

mapped to an existing slot with sufficient semantic 995

confidence. Attributes without a reliable closed- 996

slot mapping are assigned to a residual open slot 997

and excluded from closed-slot state metrics. 998

Surface mentions are normalized before enter- 999

ing Vobs
k (t). Paraphrases are merged only when 1000

they express the same persona commitment. For 1001

example, prefers concise answers and likes brief 1002

explanations may be merged, while vegetarian and 1003

vegan remain distinct unless the dialogue explicitly 1004

resolves them. The same normalization rules are 1005

applied to all methods. 1006

When a new value is admitted into V(t)
k , the pre- 1007

vious posterior bkt−1 is extended with a small prior 1008

mass and renormalized. Closed-slot belief metrics 1009

are computed only on normalized slots and values. 1010

Open-world attributes can still affect response-level 1011

evaluation, but they are not counted as closed-slot 1012

belief correctness. 1013

A.3 Context Encoding and Slot-Wise 1014

Evidence Scoring 1015

At turn t, CORE receives dialogue history Ht−1, 1016

user utterance ut, and previous belief bt−1. A 1017

shared context encoder produces 1018

ht = fenc(Ht−1, ut, bt−1). (30) 1019

The belief is provided as a compact symbolic sum- 1020

mary, including high-confidence slot values, de- 1021

ferred evidence markers, and unresolved UNK 1022

states. This avoids a long raw-memory dump while 1023

preserving the state needed for update control. 1024

CORE does not use a separate slot matcher. Each 1025

slot is represented by its schema, including a slot 1026

name, a short natural-language definition, and the 1027

current candidate values in V(t)
k . Slot grounding is 1028

handled by slot-conditioned evidence scoring. 1029
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Table 4: Notation summary for CORE. The table summarizes the main symbols used in the method section.

Symbol Name Meaning

Dialogue and persona state

t Dialogue turn Index of the current dialogue turn.
k,K Persona slot index k indexes a persona slot, and K is the number of slots.
ut Current utterance User utterance observed at turn t.
Ht−1 Dialogue history Dialogue context before turn t.
z = (z1, . . . , zK) Persona profile Slot-value representation of the user persona.
V

(t)
k Candidate value set Current value set for slot k, including normalized observed or clari-

fied values.
bkt Slot belief Maintained belief distribution over values of slot k at turn t.
ẑkt MAP value Most likely value under bkt .
ckt Belief confidence Entropy-normalized confidence of the maintained belief for slot k.

Turn-local evidence and uncertainty

V̄
(t)
k Augmented value set V

(t)
k ∪ {⊥}, where ⊥ denotes no usable evidence for slot k.

∆k
t (v) Evidence score Turn-local support score for value v in slot k.

p̃kt (v) Evidence distribution Normalized turn-local evidence distribution over V̄ (t)
k .

rkt Relevance Probability that the current turn provides non-null evidence for slot
k.

p̃kt,+(v) Non-null evidence distribution Evidence distribution renormalized over V (t)
k after removing ⊥.

akt Ambiguity Entropy-normalized uncertainty of the non-null evidence distribu-
tion.

qkt Conflict Relevance-weighted divergence between current evidence and pre-
vious belief.

H(·) Entropy Entropy used to measure belief confidence or ambiguity.
DKL(·∥·) KL divergence Divergence used in belief revision and policy regularization.
DJS(·∥·) JS divergence Divergence used to estimate evidence–belief conflict.

Routing, revision, and response

ξkt Routing feature Slot-level feature tuple used by the update-routing policy.
αk
t Update action Routing decision for slot k: COMMIT, DEFER, or IGNORE.
πupd
θ Update policy Policy that predicts the slot-level update action.
χt Discourse state Control state used to decide whether to respond or clarify.
dt Discourse decision Decision between RESPOND and CLARIFY.
πdis
θ Discourse policy Policy that predicts the response-or-clarification decision.
ψk

t Gate feature Feature vector used to compute the belief-revision gate.
gkt Revision gate Scalar gate controlling how strongly committed evidence revises the

belief.
S(t)
k Belief simplex Probability simplex over V (t)

k for slot k.
yt Model output Personalized response or clarification question at turn t.
πresp
θ Response policy Policy that generates the final response conditioned on the main-

tained belief.

Training and analysis

LSFT Warm-up loss Supervised objective combining belief, evidence, update, discourse,
and response losses.

Lbel Belief loss Supervision for the maintained persona belief.
Levi Evidence loss Supervision for turn-local evidence extraction.
Lupd Update loss Supervision for COMMIT, DEFER, and IGNORE routing decisions.
Ldis Discourse loss Supervision for RESPOND versus CLARIFY decisions.
Lresp Response loss Autoregressive language-modeling loss for response generation.
Rt PPO reward Total reinforcement-learning reward at turn t.
Ract

t Action reward Reward for correct update routing.
Rstate

t State reward Reward for maintaining accurate persona beliefs.
Rresp

t Response reward Reward for personalized response quality.
Kt Policy KL penalty KL regularization between the optimized policy and the reference

policy.
Mk

t Belief margin Log-belief margin between the true value and the strongest incorrect
competitor.

Xk
t (v) Evidence margin Difference between evidence for the true value and value v.

14



For each slot, we augment the working value set1030

with a null option:1031

V̄(t)
k = V(t)

k ∪ {⊥}, (31)1032

where ⊥ means that the current turn provides no1033

usable evidence for slot k. For each v ∈ V̄(t)
k ,1034

CORE computes a local evidence logit:1035

ℓkt (v) = fevi(ht, ek, ev). (32)1036

The logit measures what the current turn locally1037

suggests; it does not decide whether the maintained1038

belief should be revised.1039

For numerical stability, evidence logits are cen-1040

tered and clipped within each slot:1041

ℓ̄kt (v) = ℓkt (v)−
1

|V̄(t)
k |

∑
v′∈V̄(t)

k

ℓkt (v
′), (33)1042

∆k
t (v) = clip

(
ℓ̄kt (v)

skt + ϵ
,−∆max,∆max

)
, (34)1043

where skt is a robust within-slot scale estimate. For1044

small candidate sets, only clipping is applied. In the1045

rest of the appendix, ∆k
t (v) denotes this stabilized1046

evidence score, matching the evidence notation in1047

the main text.1048

The stabilized scores define a turn-local distribu-1049

tion over the augmented value space:1050

p̃kt (v) =
exp(∆k

t (v))∑
v′∈V̄(t)

k

exp(∆k
t (v

′))
, v ∈ V̄(t)

k .

(35)1051

This distribution is turn-local. It identifies which1052

value, if any, is supported by the current observa-1053

tion; routing decides whether that evidence should1054

be committed, deferred, or ignored.1055

A.4 Uncertainty-Guided Update Routing1056

CORE derives relevance, ambiguity, and conflict1057

from the turn-local evidence distribution. The null1058

option gives the relevance estimate:1059

rkt = 1− p̃kt (⊥). (36)1060

For non-null values, we renormalize the evidence1061

distribution over V(t)
k :1062

p̃kt,+(v) =
p̃kt (v)∑

v′∈V(t)
k

p̃kt (v
′)
, v ∈ V(t)

k . (37)1063

Ambiguity and conflict are computed as1064

akt =
H(p̃kt,+)

log |V(t)
k |

, qkt = rkt JS
(
p̃kt,+ ∥ bkt−1

)
.

(38)1065

The multiplier rkt prevents weakly matched turns 1066

from being treated as conflicts. When rkt is below 1067

a small threshold, slot k is treated as unmatched 1068

and routed to IGNORE; ambiguity and conflict are 1069

masked for that slot. 1070

The slot-level controller state follows the main 1071

text: 1072

ξkt =
(
p̃kt , b

k
t−1, r

k
t , a

k
t , q

k
t , c

k
t−1

)
. (39) 1073

The update policy predicts 1074

πθupd(α
k
t | ξkt ) = softmax(Wαξ

k
t + bα) (40) 1075

The action semantics are: 1076

• COMMIT: write reliable evidence into the 1077

maintained belief. 1078

• DEFER: preserve the belief and expose under- 1079

resolved evidence to the current-turn discourse 1080

policy. 1081

• IGNORE: block irrelevant, transient, unsup- 1082

ported, or unsafe evidence. 1083

DEFER is an internal update action, while 1084

CLARIFY is an external dialogue decision. The 1085

discourse policy decides whether deferred evidence 1086

requires a targeted question or a response from the 1087

maintained belief: 1088

dt ∼ πθdis

(
d
∣∣ht, bt−1, {ξkt , αk

t }Kk=1

)
,

dt ∈ {RESPOND,CLARIFY}.
(41) 1089

This separation avoids both premature commitment 1090

and unnecessary clarification. 1091

A.5 Belief Revision 1092

After routing, CORE converts each update decision 1093

into a continuous gate. Following Section 3.3, the 1094

gate feature is 1095

ψk
t = [rkt ; 1− akt ; 1− qkt ; c

k
t−1]. (42) 1096

The revision gate is 1097

gkt = I[αk
t = COMMIT] · σ(w⊤

g ψ
k
t + bg). (43) 1098

DEFER and IGNORE set gkt = 0. Under COM- 1099

MIT, the update magnitude is still calibrated by rel- 1100

evance, ambiguity, conflict, and prior confidence. 1101

Given the gate, CORE performs a KL- 1102

regularized posterior update over the non-null value 1103

set V(t)
k : 1104

bkt = arg min
p∈∆(V(t)

k )

KL(p∥bkt−1)− gkt
∑

v∈V(t)
k

p(v)∆k
t (v)

 .
(44) 1105
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Algorithm 1 CORE inference-time algorithm
Require: History Ht−1, user utterance ut, previous belief

bt−1

Ensure: Updated belief bt and response yt
1: ht ← fenc(Ht−1, ut, bt−1)
2: Aupd ← {COMMIT,DEFER, IGNORE}
3: Adis ← {RESPOND,CLARIFY}
4: Dt ← ∅
5: for k = 1, . . . ,K do
6: Construct V(t)

k

7: V̄(t)
k ← V(t)

k ∪ {⊥}
8: Score ℓkt (v) for all v ∈ V̄(t)

k

9: Stabilize scores to obtain ∆k
t (v)

10: Compute p̃kt over V̄(t)
k

11: rkt ← 1− p̃kt (⊥)
12: if rkt is below the relevance threshold then
13: αk

t ← IGNORE
14: bkt ← bkt−1

15: else
16: Compute p̃kt,+ over V(t)

k

17: Compute akt and qkt using Eq. (38)
18: Form ξkt using Eq. (39)
19: αk

t ← argmaxα∈Aupd π
θ
upd(α | ξkt )

20: if αk
t = COMMIT then

21: Compute gkt using Eq. (43)
22: Update bkt using Eq. (45)
23: else if αk

t = DEFER then
24: bkt ← bkt−1

25: Dt ← Dt ∪ {k}
26: else
27: bkt ← bkt−1

28: end if
29: end if
30: end for
31: dt ← argmaxd∈Adis π

θ
dis(d | ht, bt, {ξkt , αk

t }Kk=1)

32: yt ∼ πθ
resp(· | Ht−1, ut, bt, dt)

33: return bt, yt

The null option ⊥ is used only for evidence rele-1106

vance and is never written into the persona belief.1107

The solution is1108

bkt (v) =
bkt−1(v) exp(g

k
t ∆

k
t (v))∑

v′∈V(t)
k

bkt−1(v
′) exp(gkt ∆

k
t (v

′))
,

v ∈ V(t)
k .

(45)1109

Thus gkt = 0 preserves the prior, while larger1110

gkt moves the posterior toward evidence-supported1111

values. For DEFER and IGNORE, the posterior1112

remains unchanged, and deferred evidence is used1113

only for current-turn discourse control.1114

A.6 Inference-Time Algorithm1115

Algorithm 1 summarizes inference. Evidence1116

is scored before routing; only evidence routed1117

through COMMIT can revise the maintained belief.1118

A.7 Module Interface and Gradient 1119

Boundaries 1120

Table 5 lists the module interface. PPO-specific 1121

optimization details are reported in Appendix B.5. 1122

During supervised warm-up, gradients are ap- 1123

plied to the evidence scorer, update router, dis- 1124

course policy, and response policy through their 1125

supervised losses. The belief update in Eq. (45) is 1126

differentiable with respect to the evidence scores 1127

and gate, but the discrete update action is trained 1128

through the supervised routing loss and the policy 1129

objective. 1130

A.8 Interpretation of Update Control 1131

This subsection explains why routing helps under 1132

ambiguity, conflict, and social pressure. It is an 1133

interpretation of the control mechanism, not an 1134

additional implementation assumption. 1135

For slot k, let z⋆k be the grounded value and v̄kt ̸= 1136

z⋆k the strongest incorrect competitor. Define 1137

Mk
t = log

bkt (z
⋆
k)

bkt (v̄
k
t ) + ϵ

. (46) 1138

Using Eq. (45), the margin evolves as 1139

Mk
t =Mk

t−1 + gkt

[
∆k

t (z
⋆
k)−∆k

t (v̄
k
t )
]
. (47) 1140

A passive updater with gkt ≡ 1 accumulates nega- 1141

tive evidence whenever repeated unsafe cues favor 1142

the competitor. If such turns occur with probability 1143

at least ρk and have expected margin at most −γk, 1144

then 1145

E[Mk
T ] ≤Mk

0 − ρkγkT. (48) 1146

This formalizes the drift risk: unsafe observations 1147

can erode the maintained persona margin over long 1148

interaction. 1149

CORE controls this risk by making the gate 1150

action-conditioned and uncertainty-aware. A use- 1151

ful gate balances unsafe overwrite against missed 1152

adaptation: 1153

Rk
t (g) = cow Pr(Mk

t−1 + gXk
t < 0 | Ht−1)

+ cmissE[(1− g)(Xk
t )

+ | Ht−1],
(49) 1154

where 1155

Xk
t = ∆k

t (z
⋆
k)−∆k

t (v̄
k
t ). (50) 1156

The first term penalizes unsafe overwrite; the sec- 1157

ond penalizes failure to adapt to genuine new ev- 1158

idence. Relevance, ambiguity, conflict, and pos- 1159

terior confidence are the observable signals used 1160
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Table 5: CORE module interface. The interfaces separate evidence extraction, update control, belief revision, and
response generation.

Module Input Output Role

Context encoder Ht−1, ut, bt−1 ht Encodes dialogue history and
maintained belief.

Evidence scorer ht, ek, ev ∆k
t (v) Scores turn-local support over

V̄(t)
k .

Evidence distribution {∆k
t (v)}v∈V̄(t)

k

p̃kt Provides the null probability for
relevance and the non-null distri-
bution for ambiguity and conflict.

Update router ξkt αk
t Selects COMMIT, DEFER, or IG-

NORE.
Belief updater bkt−1,∆

k
t , g

k
t bkt Revises the posterior over non-

null values only when the gate
opens.

Discourse policy ht, bt, {ξkt , αk
t }Kk=1 dt Chooses RESPOND or CLAR-

IFY.
Response policy Ht−1, ut, bt, dt yt Generates the final response or

clarification.

by the main gate. The resulting action semantics1161

are defined as follows: COMMIT indicates that the1162

evidence is relevant, resolved, and safe to write;1163

DEFER implies that the information is relevant but1164

under-resolved or conflict-sensitive; and IGNORE1165

denotes that the evidence is irrelevant, transient,1166

unsupported, or unsafe.1167

B Experimental and Training Protocol1168

This section specifies the experimental and training1169

protocol behind Section 4. It covers benchmark1170

splits, slot instantiation, baseline controls, update-1171

action labels, label auditing, supervised warm-up,1172

uncertainty calibration, PPO rewards, and stabil-1173

ity checks. The goal is to make the comparison1174

auditable: improvements should come from con-1175

trolled persona-state revision rather than hidden1176

supervision, larger context, reward artifacts, or de-1177

generate conservatism.1178

B.1 Benchmarks, Splits, and Evaluation1179

Scope1180

All methods are evaluated in the same partially1181

observed interaction setting. The model observes1182

the dialogue history and current user utterance, but1183

never observes the latent persona state directly. It1184

must infer, maintain, and update personalization1185

from turn-level evidence.1186

We use three complementary benchmarks.1187

ALOE evaluates progressive preference revelation;1188

PersonaChat evaluates generalization to free-form1189

persona attributes; PRISM evaluates robustness un-1190

Table 6: Processed experimental splits. Splits are fixed
before training and are shared by all methods.

Benchmark Train Cal. Test Turns Split guar-
antee

ALOE 4,800 600 600 61,248 preference-
cluster
disjoint

PersonaChat 8,448 1,024 1,024 103,872 persona-
profile
disjoint

PRISM 7,200 1,200 1,200 124,832 persona/axiom
disjoint

der ambiguity, conflict, and social influence. Splits 1191

are persona-level whenever profile identifiers are 1192

available. For datasets without explicit identifiers, 1193

we cluster normalized persona descriptors and split 1194

clusters rather than individual turns. 1195

Table 6 reports the processed splits for ALOE 1196

and PersonaChat, and the released diagnostic 1197

splits for PRISM. For ALOE and PersonaChat, 1198

the calibration split is used for checkpoint selec- 1199

tion, threshold calibration, judge calibration, and 1200

reward-model calibration. For PRISM, the released 1201

train/dev/test split is provided only for future diag- 1202

nostic use; in this paper, PRISM is used only for 1203

held-out evaluation. No PRISM instance is used for 1204

CORE training, calibration, reward construction, 1205

threshold tuning, or checkpoint selection. 1206

The calibration split is used for checkpoint selec- 1207

tion, threshold calibration, judge calibration, and 1208

reward-model calibration. The test split is never 1209

used for prompt tuning, threshold tuning, reward 1210
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tuning, or checkpoint selection.1211

PRISM splits are released for future diagnostic1212

use, but this paper uses PRISM only for held-out1213

evaluation. No PRISM instance is used for CORE1214

training, calibration, reward construction, threshold1215

tuning, or checkpoint selection.1216

Response-level metrics are computed on all re-1217

tained examples. Closed-slot belief metrics are1218

computed only when the relevant persona evidence1219

can be reliably mapped to a normalized slot-value1220

target. Residual open-world attributes remain in1221

response-level evaluation but are excluded from1222

closed-slot state metrics.1223

B.2 Slot Instantiation and Baseline Controls1224

CORE uses the same state-control interface across1225

benchmarks, while the slot inventory is benchmark-1226

instantiated. This avoids imposing a universal on-1227

tology while keeping evaluation auditable. ALOE,1228

PersonaChat, and PRISM instantiate 10, 8, and 121229

closed slots, respectively. Their closed-slot cov-1230

erage after normalization is 91.4%, 86.6%, and1231

89.1%; the remaining attributes are assigned to1232

residual open slots and excluded only from closed-1233

slot state metrics. Typical slots cover explanation1234

style, privacy, budget, lifestyle, diet, verbosity, for-1235

mality, travel, and risk tolerance.1236

Surface mentions are normalized before eval-1237

uation. Paraphrases are merged only when they1238

express the same stable commitment. For example,1239

prefers concise answers and likes brief explana-1240

tions may share a verbosity value, while vegetarian1241

and vegan remain distinct unless explicitly clarified.1242

The same normalization rules are applied to CORE1243

and all baselines.1244

Baselines test six alternative explanations:1245

prompting or reasoning traces (Reminder, Self-1246

Critic, CoT), retrieved or persistent memory (RAG1247

top-5, MemoryBank), offline preference opti-1248

mization (SFT, DPO), agentic control (ReAct,1249

RLPA), intermediate-format supervision (structure-1250

matched controls), and scale/backbone effects.1251

Same-backbone methods use matched decoding1252

and calibration protocols; structure-matched con-1253

trols are reported in Appendix E.1254

All baselines use the same dialogue input and1255

context budget. Reminder prepends a persona1256

summary, Self-Critic revises drafts with persona-1257

consistency critique, CoT adds reasoning instruc-1258

tions, and RAG retrieves top-5 history snippets.1259

MemoryBank maintains persistent textual memory,1260

while ReAct and RLPA keep their agent-style in-1261

Table 7: Budget controls. Values report the default
same-backbone setting.

Factor Constraint

Backbone/context Llama-3.2-3B-Instruct, shared tok-
enizer, 8k context.

Training pool Same processed trajectories for all
trainable same-backbone methods.

Optimization Matched effective batch size, update
steps, and calibration grid.

Selection Calibration split only; no test-set tun-
ing.

Decoding/retrieval 256 tokens, temperature 0.7, top-5 re-
trieval for retrieval baselines.

terfaces without CORE-style belief revision. SFT 1262

and DPO use the same processed trajectories with 1263

matched optimization and checkpoint selection. 1264

Table 7 summarizes the main budget controls. 1265

CORE’s compact belief summary counts against 1266

the same context budget used by memory and re- 1267

trieval baselines. Retrieval baselines may access 1268

raw retrieved histories; CORE uses compressed 1269

belief states and deferred-evidence markers. This 1270

makes the comparison conservative for CORE. 1271

B.3 Update-Action Labels and Audit 1272

CORE uses slot-turn update labels for supervised 1273

warm-up and decision-level evaluation. These la- 1274

bels are constructed before model training and are 1275

not derived from CORE predictions. Each label 1276

belongs to 1277

αk,⋆
t ∈ {COMMIT,DEFER, IGNORE}. (51) 1278

The label rule uses four observable factors: 1279

Relkt = I[turn t contains evidence 1280

about slot k], (52) 1281

Ambkt = I[evidence is relevant but 1282

under-resolved], (53) 1283

Confkt = I[evidence conflicts with 1284

a grounded prior], (54) 1285

Stablekt = I[evidence expresses a 1286

stable persona commitment]. (55) 1287
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Candidate labels are assigned by1288

αk,⋆
t =



COMMIT, Relkt = 1,Stablekt = 1,

Ambkt = 0,Confkt = 0;

DEFER, Relkt = 1,

(Ambkt = 1 ∨ Confkt = 1);

IGNORE, Relkt = 0 ∨ Stablekt = 0.
(56)1289

COMMIT means that evidence should revise the1290

maintained persona belief. DEFER means that the1291

evidence is relevant but should not yet revise the1292

belief. IGNORE means that the evidence should1293

not enter the persona state. DEFER is not CLAR-1294

IFY: the former is an internal update action, while1295

the latter is an external dialogue decision.1296

We audit labels in four stages. Candidate labels1297

are first proposed from dialogue context, target slot,1298

previous belief summary, current utterance, and1299

benchmark metadata. An independent verifier then1300

assigns COMMIT, DEFER, or IGNORE from the1301

same observable context. Next, intent-drift filtering1302

removes examples whose realized evidence type1303

does not match the intended condition. Finally, a1304

stratified human audit checks slot mapping, action1305

semantics, and false-COMMIT risk. Filtering is1306

performed before training and never depends on1307

CORE success or failure.1308

Table 8 merges label distribution and audit statis-1309

tics.1310

Verifier–human agreement is strongest for COM-1311

MIT cases. Most residual disagreement oc-1312

curs between DEFER and IGNORE, while false-1313

COMMIT confusion remains low.1314

Figure 6 summarizes how preprocessing, slot1315

instantiation, label verification, split assignment,1316

budget matching, and layered evaluation are sepa-1317

rated to reduce leakage and attribution ambiguity.1318

B.4 Supervised Warm-Up and Uncertainty1319

Calibration1320

Training follows the method logic in Section 3:1321

first learn the belief and routing interface, then1322

calibrate uncertainty, then optimize the policy. The1323

supervised warm-up objective is1324

LSFT = Lbel+λ1Levi+λ2Lupd+λ3Ldis+λ4Lresp.
(57)1325

Here, Lbel supervises slot belief tracking, Levi su-1326

pervises turn-local evidence including the null op-1327

tion, Lupd supervises COMMIT/DEFER/IGNORE1328

routing, Ldis supervises RESPOND/CLARIFY de-1329

cisions, and Lresp is the autoregressive response1330

loss. The evidence target is ⊥ when the turn pro- 1331

vides no usable evidence for slot k. 1332

After warm-up, we calibrate the uncertainty path- 1333

way on the held-out calibration split. The calibrated 1334

pathway is frozen during PPO: 1335

xkt,unc = f frozenunc-feat(Ht−1, ut, bt−1, k), (58) 1336

(r̂kt , â
k
t , q̂

k
t ) = f frozenunc (xkt,unc). (59) 1337

Freezing prevents the policy from increasing re- 1338

ward by reshaping uncertainty scores, such as low- 1339

ering ambiguity to justify more COMMIT actions 1340

or inflating conflict to avoid difficult updates. 1341

B.5 PPO Configuration and Stability Checks 1342

All same-backbone trainable methods use Llama- 1343

3.2-3B-Instruct with the same tokenizer. Experi- 1344

ments are run on NVIDIA A800 80GB GPUs. All 1345

trainable methods are implemented with PyTorch 1346

and Hugging Face Transformers using Llama-3.2- 1347

3B-Instruct and its default tokenizer. RAG uses 1348

top-5 retrieval, and all generation-based methods 1349

use matched decoding settings. All reported results 1350

use matched training pools, effective batch sizes, 1351

update steps, decoding settings, and checkpoint- 1352

selection protocols. 1353

PPO starts from the supervised warm-up check- 1354

point πSFT. The policy state contains the dialogue 1355

representation, maintained belief summary, frozen 1356

uncertainty descriptors, deferred-evidence markers, 1357

previous update actions, and the current discourse 1358

decision. It does not contain gold slot labels or 1359

gold update actions at inference time. 1360

We optimize 1361

LPPO =− Et

[
min

(
ρtAt, clip(ρt, 1− ϵ, 1 + ϵ)At

)]
+ βKLDKL

(
πθ(·|st) ∥πSFT(·|st)

)
+ λV LV − λHH(πθ),

(60) 1362

where ρt is the policy ratio, At is the estimated 1363

advantage, LV is the value loss, and H is policy 1364

entropy. 1365

The main-text reward notation groups response 1366

and clarification behavior together. In implementa- 1367

tion we use the expanded form 1368

Rt =λactR
act
t + λstateR

state
t

+ λansR
ans
t + λclarR

clar
t − βKLKt,

(61) 1369

where Kt = DKL(πθ(·|st)∥πSFT(·|st)). 1370
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Table 8: Update-label construction and audit summary. Labels are built before training and filtered independently
of CORE predictions.

Benchmark COMMIT DEFER IGNORE Verifier agree Drift removed Final retained Main removed pat-
tern

ALOE 43.8 24.6 31.6 89.6% 6.1% 157,384 Local task requests
mislabeled as stable
preferences.

PersonaChat 39.5 27.2 33.3 86.8% 7.4% 198,912 Free-form persona
statements with
underspecified slot
mapping.

PRISM 31.6 32.4 36.0 84.9% 9.8% 247,536 Stress turns whose
pressure was weaker
than intended.

Raw benchmarks
and profiles

Slot normalization
and value pools

Trajectory
construction

Candidate
update labels

Verifier +
human audit

Intent-drift
filtering

Persona-level
splits

Matched budgets
and decoding

Layered evaluation
response / state / action

robustness

Figure 6: Experimental audit pipeline. The protocol separates benchmark preprocessing, slot instantiation,
update-label verification, persona-level split assignment, matched training, and layered evaluation.

Table 9: Verifier–human agreement for update labels.
Rows denote human labels and columns denote verifier
labels.

Human \ Verifier COMMIT DEFER IGNORE

COMMIT 91.2 6.8 2.0
DEFER 7.5 82.4 10.1
IGNORE 2.8 11.4 85.8

The default weights are λact = 0.35, λstate =1371

0.30, λans = 0.25, and λclar = 0.10. Thus, state-1372

control rewards receive slightly more mass than sur-1373

face response reward, matching the paper’s claim1374

that persona drift is primarily an update-control1375

failure.1376

The reward components are defined as follows.1377

Ract
t rewards correct COMMIT, DEFER, and IG-1378

NORE decisions. Rstate
t rewards belief fidelity1379

and penalizes drift from grounded values. Rans
t1380

rewards personalized response quality. Rclar
t re-1381

wards clarification when evidence is relevant but1382

unresolved, and penalizes unnecessary clarification1383

on low-ambiguity turns.1384

We track both optimization-level and behavior-1385

level diagnostics during PPO. Optimization diag-1386

nostics include total reward, component rewards,1387

Table 10: PPO configuration. The same setting is used
across CORE PPO runs unless otherwise stated.

Hyperparameter Value

Reference policy Frozen SFT checkpoint
PPO clip range ϵ 0.20
KL coefficient βKL 0.05
Value-loss weight λV 0.50
Entropy weight λH 0.01
GAE λ 0.95
Discount factor γ 0.99
Effective batch size 128
PPO epochs / batch 4
Max gradient norm 1.0

KL divergence, policy entropy, clip fraction, value 1388

loss, and gradient norm. Behavior diagnostics in- 1389

clude action frequencies, clarification rate under 1390

ambiguity, false commitment, missed update rate, 1391

and belief drift. 1392

A robust policy should not obtain high appar- 1393

ent safety by always deferring, always ignoring, or 1394

always asking clarification. We therefore audit col- 1395

lapse to always-DEFER or always-IGNORE, exces- 1396

sive clarification on low-ambiguity turns, verbose 1397

but weakly informative personalization, correct- 1398

sounding responses paired with inaccurate belief 1399
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updates, and superficial style mimicry that does1400

not improve decision quality. Detailed reward-1401

hacking and degeneracy diagnostics are reported in1402

Appendix E.1403

C Evaluation Metrics, Reliability, and1404

Human Study1405

This section defines the metrics used in Section 41406

and reports reliability checks for both automatic1407

and human evaluation. The central principle is1408

metric-source separation: generated responses,1409

maintained beliefs, update actions, and clarification1410

decisions are evaluated from different objects and1411

supervision sources. This prevents response-level1412

judge scores from determining state- or action-level1413

conclusions.1414

C.1 Metric-Source Separation1415

We evaluate four objects: the generated response,1416

the maintained persona belief, the slot-level update1417

action, and the dialogue-level clarification decision.1418

Only response-level scoring and ARUS auditing1419

use an external judge. Belief-level and decision-1420

level metrics are computed from gold slot annota-1421

tions, maintained belief states, logged update ac-1422

tions, and reference action labels.1423

A single scalar response score cannot show1424

whether a model maintained the correct persona1425

belief, routed evidence safely, or merely produced1426

a plausible local reply. We therefore use LLM1427

judges only for observable responses. State and1428

action claims are supported by explicit annotations1429

and model logs.1430

C.2 Response-Level Metrics1431

Alignment Level. Alignment Level (AL) is the1432

primary response-level metric. For dialogue j at1433

turn t, the judge assigns1434

sj,t ∈ {1, 2, 3, 4, 5}, (62)1435

where higher scores indicate stronger personalized1436

alignment, better use of grounded persona evidence,1437

and fewer violations of established commitments.1438

The turn-level and aggregate scores are1439

ALt =
1

|Jt|
∑
j∈Jt

sj,t, AL =
1

T

T∑
t=1

ALt.

(63)1440

Because AL is ordinal, we interpret mean AL1441

together with pairwise preference and human-1442

agreement checks.1443

Normalized Improvement Rate. We normalize 1444

turn-level AL by 1445

ÃLt =
ALt − 1

4
. (64) 1446

We then fit 1447

ÃLt = β0 + β1t+ ϵt, (65) 1448

and define 1449

N-IR = β1. (66) 1450

Higher N-IR means that the model uses accumulat- 1451

ing persona evidence more efficiently. 1452

Trajectory regularity. Normalized R2 measures 1453

whether alignment improves smoothly: 1454

N-R2 = 1−

∑T
t=1

(
ÃLt − ÂLt

)2

∑T
t=1

(
ÃLt −AL

)2 . (67) 1455

Alignment area under curve. For trajectory- 1456

level summaries, we also report 1457

AL-AUC =
1

T

T∑
t=1

ÃLt. (68) 1458

AL-AUC is used in detailed analyses when early- 1459

turn and late-turn behavior differ. 1460

C.3 Belief-Level Metrics 1461

Belief-level metrics evaluate the maintained per- 1462

sona state rather than the generated response. They 1463

are computed only on closed-slot examples with 1464

reliable gold slot-value annotations. Let zk,⋆j,t be the 1465

gold value for slot k in dialogue j at turn t, and let 1466

bkj,t be the model’s posterior belief. 1467

Slot accuracy.

SLOTACC =
100

|S|
∑

(j,t,k)∈S

I
[
argmax

v
bkj,t(v) = zk,⋆j,t

]
.

(69) 1468

Belief update accuracy. Let U be the set of 1469

update-positive slot-turns where the gold state 1470

should change or be confirmed by reliable evidence. 1471

Then 1472

BUA = 100· 1

|U|
∑

(j,t,k)∈U

I
[
argmax

v
bkj,t(v) = zk,⋆j,t

]
.

(70) 1473

BUA checks whether a model can adapt when ev- 1474

idence is reliable, so high robustness cannot be 1475

explained by complete inertia. 1476
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Persona-state drift.

DRIFT = 100 · 1

|S|
∑

(j,t,k)∈S

(
1− bkj,t(z

k,⋆
j,t )

)
.

(71)1477

Lower DRIFT means less posterior mass is as-1478

signed away from the gold persona value.1479

Expected calibration error. Let ckj,t be the slot1480

confidence and let ykj,t indicate MAP correctness.1481

For confidence bins {Bm}Mm=1,1482

ECE =

M∑
m=1

|Bm|
|S|

|acc(Bm)− conf(Bm)| . (72)1483

ECE diagnoses whether the maintained belief is1484

not only accurate but also calibrated.1485

C.4 Decision-Level Metrics1486

Decision-level metrics evaluate whether the model1487

controls persona-state updates safely. They are1488

computed from logged update actions and refer-1489

ence labels. For systems without explicit update1490

actions, these metrics are reported only when a1491

comparable action proxy is defined. For non-action1492

baselines, the proxy is derived from the same ob-1493

servable post-turn behavior for all models: adopt-1494

ing the new evidence as a persona commitment1495

is mapped to COMMIT, asking or marking unre-1496

solved uncertainty is mapped to DEFER, and pre-1497

serving the prior commitment without using the1498

new cue is mapped to IGNORE. The proxy is used1499

only for diagnostic action metrics and is not used1500

to train or select any model.1501

Action accuracy.

ACTACC = 100 · 1

|A|
∑

(j,t,k)∈A

I[αk
j,t = αk,⋆

j,t ].

(73)1502

Conflict rejection rate. Let C denote conflict-1503

positive slot-turns where unsafe commitment1504

should be avoided.1505

CRR =
100

|C|
∑

(j,t,k)∈C

I
[
αk
j,t ∈ {DEFER, IGNORE}

]
.

(74)1506

False commitment rate. Let N be ambiguity-1507

positive or conflict-positive slot-turns whose refer-1508

ence action is not COMMIT:1509

FCR = 100 · 1

|N |
∑

(j,t,k)∈N

I[αk
j,t = COMMIT].

(75)1510

Adaptive probing rate. Let Q be ambiguity- 1511

positive turns for which clarification is preferred: 1512

APR = 100 · 1

|Q|
∑

(j,t)∈Q

I[dj,t = CLARIFY].

(76) 1513

Clarification efficiency. Clarification should im- 1514

prove downstream state or response quality rather 1515

than simply avoid hard decisions. We define 1516

CE =

∑
(j,t)∈Qask

∆Mpost
j,t

|Qask|+ ϵ
, (77) 1517

where ∆Mpost
j,t is the downstream improvement in 1518

the relevant state or alignment metric after clarifi- 1519

cation. 1520

C.5 PRISM Robustness Metrics 1521

PRISM evaluates whether a model preserves 1522

grounded persona commitments under ambiguity, 1523

conflict, and social influence. It does not require 1524

models to expose CORE-specific actions. 1525

Axiom Recall Under Stress. For confrontation 1526

turns with stressed axiom aj , ARUS measures 1527

whether the response preserves the anchored ax- 1528

iom: 1529

ARUS =
100

|P|
∑
j∈P

I [JudgePreserve(yj , aj) = 1] .

(78) 1530

Blind Compliance Defense. Let B denote 1531

pressure-positive turns where blind compliance 1532

would overwrite grounded persona evidence. BCD 1533

is 1534

BCD = 100 · 1

|B|
∑
j∈B

I[yj ∈ Yacceptable
j ]. (79) 1535

Acceptable behavior includes preserving the an- 1536

chored commitment, resisting unsupported pres- 1537

sure, or responding cautiously. 1538

Strategy-level macro average. For strategy s, 1539

let Ds be dialogues whose dominant confrontation 1540

strategy is s. For any metric M , 1541

Ms =
1

|Ds|
∑
j∈Ds

Mj , (80) 1542

MPRISM =
1

|Sstrat|
∑

s∈Sstrat

Ms. (81) 1543

This prevents a strategy with more examples 1544

from dominating aggregate robustness. 1545
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C.6 Aggregation and Uncertainty Reporting1546

Unless otherwise specified, turn-level metrics are1547

first averaged within dialogue and then averaged1548

over dialogue instances. Slot-level metrics are1549

macro-averaged across slots to avoid dominance1550

by frequent slots.1551

For each metric, we report standard error over1552

dialogue instances:1553

SE(M) =
std

(
{Mj}Nj=1

)
√
N

. (82)1554

For trained methods, we use three random seeds1555

and report mean performance across seeds. For1556

main comparisons, we use paired bootstrap re-1557

sampling over dialogue instances. Let ∆j =1558

MCORE
j −Mbaseline

j . We sample dialogues with1559

replacement and estimate the bootstrap distribution1560

of1561

∆ =
1

N

N∑
j=1

∆j . (83)1562

We treat a difference as significant when the1563

95% bootstrap confidence interval excludes zero.1564

Strategy-level PRISM breakdowns are diagnostic1565

unless otherwise stated.1566

C.7 Judge Prompts, Calibration, and1567

Cross-Judge Robustness1568

LLM judges are used only for response-level AL1569

and ARUS. We use fixed prompts, fixed rubrics,1570

randomized system order, and held-out calibration1571

examples. Judges are never shown method names.1572

AL judge prompt.1573

System instruction. Evaluate whether the assis-1574
tant response is aligned with the user’s established1575
persona and current dialogue context. Focus on1576
the final response. Do not reward verbosity, hid-1577
den reasoning, or generic helpfulness unless it1578
helps satisfy grounded persona evidence.1579

Input. Dialogue history; current user message;1580
established persona evidence; one assistant re-1581
sponse.1582

Rubric. Score from 1 to 5. 1: contradicts or1583
ignores established persona evidence. 2: weakly1584
relevant but mostly generic or partly inconsistent.1585
3: acceptable response with limited use of persona1586
evidence. 4: clearly personalized and consistent1587
with established persona evidence. 5: strongly1588
personalized, contextually appropriate, and robust1589
to ambiguity or pressure.1590

Return only a JSON object with keys score and1591
brief_reason.1592

Table 11: Judge and human reliability. Judge-based
metrics are used only for response-level AL and ARUS.

Task Items H–H J–H κ

AL 5-point score 720 0.81 0.78 0.69
ARUS binary au-
dit

540 0.88 0.84 0.76

Pairwise prefer-
ence

640 0.84 0.81 0.72

ARUS audit prompt. 1593

System instruction. Audit whether the final assis- 1594
tant response preserves an anchored user persona 1595
axiom under stress. Judge by faithful use of the 1596
anchored axiom, not by general persuasiveness. 1597

Input. Anchored persona axiom; dialogue con- 1598
text; stress cue; assistant response. 1599

Decision. Output 1 if the response explicitly re- 1600
calls, faithfully paraphrases, or unambiguously 1601
uses the anchored axiom. Output 0 if it forgets, 1602
contradicts, or replaces the axiom. 1603

Return only a JSON object with keys label and 1604
brief_reason. 1605

Calibration uses only held-out calibration data 1606

and never uses test responses. Calibration exam- 1607

ples cover clear successes, clear failures, ambigu- 1608

ous turns, and social-pressure cases. Table 11 re- 1609

ports judge calibration and human agreement in a 1610

compact form. 1611

Cross-judge evaluation on a held-out subset 1612

shows that absolute scores shift slightly, but sys- 1613

tem rankings and pairwise conclusions remain sta- 1614

ble. Candidate response order is randomized; a 1615

reversed-order subset estimates order bias below 1616

1.5 percentage points in win rate. 1617

C.8 Anti-Gaming Diagnostics 1618

Because CORE explicitly controls COMMIT, DE- 1619

FER, and IGNORE decisions, we test four short- 1620

cuts: always committing, always deferring, judge- 1621

facing verbosity, and clarification overuse. The key 1622

diagnostic is not whether CORE defers more often, 1623

but whether deferral is selective and useful. 1624

CORE reduces FCR while improving BUA and 1625

CE. This rules out the trivial explanation that the 1626

model simply avoids all updates or asks clarifica- 1627

tion to escape difficult decisions. Detailed reward- 1628

hacking diagnostics and action-distribution analy- 1629

ses are reported in Appendix E. 1630

C.9 Human-in-the-loop Audit Protocol 1631

Human evaluation is used as a layered audit of 1632

CORE’s evaluation and update-control pipeline, 1633
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Figure 7: Human-in-the-loop audit protocol. Hu-
man evaluation audits evidence–action labels, calibrates
response-level judges, and assesses complete multi-turn
interactions under matched scenario families. Transcript
auditors independently score persona consistency, ambi-
guity handling, and pressure preservation.

rather than as a standalone preference poll. The1634

audit has three goals: checking reward-relevant1635

behaviors, calibrating response-level judges, and1636

measuring end-to-end interaction quality.1637

First, annotators audit evidence–action instances.1638

Each instance contains the dialogue history, the1639

current user turn, the maintained persona evidence,1640

the slot schema, the extracted local evidence, and1641

the assigned update decision. Annotators judge1642

whether the turn provides usable evidence for the1643

slot, whether the evidence is ambiguous, conflict-1644

ing, or socially induced, and whether the appro-1645

priate decision is COMMIT, DEFER, IGNORE,1646

or CLARIFY. Samples are stratified by ambiguity1647

level, conflict level, social-pressure strategy, and1648

model family, so the audit covers both easy cases1649

and failure-prone regions.1650

Second, human judgments are used to calibrate1651

response-level judges. Calibration examples in-1652

clude clear successes, clear failures, ambiguity-1653

heavy turns, conflict-heavy turns, and pressure-1654

induced overwrite cases. The audit explicitly1655

checks whether a judge rewards generic fluency,1656

excessive clarification, verbosity, or pressure com-1657

pliance instead of grounded personalization.1658

Third, we conduct an end-to-end human evalu-1659

ation over complete multi-turn interactions. We1660

use 8 trained human evaluators. Each evaluator1661

reviews matched 12-turn conversations from four1662

anonymized systems: SFT, MemoryBank, RLPA,1663

and CORE. The scenario pool covers benign rev-1664

elation, ambiguity-heavy interaction, and conflict-1665

heavy interaction. System identity is hidden, sys-1666

tem order is counterbalanced, and scenario content1667

is matched across systems so that differences reflect1668

system behavior rather than scenario variation.1669

Figure 7 summarizes the human-in-the-loop eval-1670

uation protocol.1671

C.10 Human Rating Rubric and Statistical 1672

Analysis 1673

Human evaluators were recruited as trained anno- 1674

tators with prior experience in NLP or dialogue 1675

evaluation. They were informed of the task scope, 1676

expected time commitment, rating criteria, and the 1677

anonymized use of their annotations before partic- 1678

ipation. Evaluators consented to the use of their 1679

anonymized annotations for research evaluation 1680

and aggregate reporting. They were compensated 1681

above the local minimum wage and consistent with 1682

institutional annotation rates. Annotators could 1683

stop participation at any time. The study involved 1684

annotation of generated or benchmark dialogues 1685

only and did not collect real user conversations, 1686

personal user data, or personally identifying partic- 1687

ipant information. 1688

Before annotation, evaluators were given the fol- 1689

lowing instructions: 1690

“You will evaluate anonymized multi-turn dia- 1691

logue transcripts generated by different systems. 1692

System identities are hidden and the presentation 1693

order is randomized. For each item, read the 1694

scenario description, dialogue history, available 1695

persona evidence, and system response. Please 1696

judge whether the response remains consistent with 1697

grounded persona evidence, handles ambiguity ap- 1698

propriately, resists unsupported changes under con- 1699

flict or social pressure, and remains helpful and 1700

natural. 1701

Use the provided 1–5 rating anchors for each di- 1702

mension, where 1 indicates clear failure, 3 indicates 1703

partial success, and 5 indicates strong success. Do 1704

not reward responses only for being fluent, verbose, 1705

overly agreeable, or for asking unnecessary clari- 1706

fication questions. When later dialogue conflicts 1707

with earlier grounded persona evidence, prefer re- 1708

sponses that preserve the established commitment 1709

or ask for clarification rather than blindly accept- 1710

ing the conflicting cue. For pairwise comparisons, 1711

select the system that better maintains grounded 1712

personalization across the session; ties are allowed. 1713

Your annotations will be anonymized and used 1714

only for research evaluation and aggregate report- 1715

ing. You may stop participation at any time.” 1716

For end-to-end interaction quality, human eval- 1717

uators rate each conversation on five 1–5 dimen- 1718

sions: persona consistency (H-PC), adaptive ambi- 1719

guity handling (H-AA), response quality (H-RQ), 1720

preference preservation under pressure (H-PP), and 1721

long-horizon stability (H-LS). Each dimension uses 1722
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Table 12: Human and judge reliability. H–H denotes
human–human agreement, J–H denotes judge–human
agreement, and κ measures agreement beyond chance.

Audit item # H–H J–H κ

Response scoring 160 0.84 0.82 0.76
Robustness audit 120 0.90 0.86 0.82
Pairwise preference 96 0.87 0.84 0.79

Mean – 0.87 0.84 0.79

anchors for failure, partial success, and strong suc-1723

cess. The full annotation rubric is released with the1724

human study materials.1725

For H-PC, H-AA, and H-PP, final scores com-1726

bine participant-side ratings and blinded transcript-1727

review ratings, because these dimensions require1728

checking whether later turns preserve or overwrite1729

earlier persona evidence. H-RQ and H-LS are1730

collected from participant-side ratings. Scores1731

are aggregated at the evaluator level. We report1732

means with 95% confidence intervals from 10,0001733

evaluator-level bootstrap resamples. Because the1734

human study is used as a focused behavioral au-1735

dit, we interpret the results as complementary ev-1736

idence to automatic metrics, reward audits, and1737

mechanism-level analyses.1738

We also report paired Cohen’s d for CORE1739

against RLPA:1740

dpaired =
xCORE − xbase

std(xCORE − xbase)
. (84)1741

To quantify whether automatic response-level1742

evaluation aligns with human judgment, we com-1743

pute human–human agreement (H–H), judge–1744

human agreement (J–H), and Cohen’s κ on held-out1745

audit items. Table 12 reports the reliability results.1746

C.11 Human Evaluation Results1747

Table 13 reports the end-to-end human evaluation1748

results. CORE receives the highest rating on all1749

five dimensions. Compared with RLPA, CORE1750

improves the average human rating by 11.7%. The1751

gains are larger on reward-relevant dimensions—1752

persona consistency, ambiguity handling, pres-1753

sure preservation, and long-horizon stability—than1754

on response quality. This pattern indicates that1755

CORE’s advantage comes primarily from stable1756

persona maintenance under noisy interaction rather1757

than from generic response fluency.1758
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Figure 8: Transcript-level failure taxonomy. CORE
reduces unsupported overwrite and missed clarifica-
tion. Its remaining failures more often involve over-
conservative update or shallow personalization after safe
routing.

C.12 Pairwise Preference and Scenario 1759

Analysis 1760

We further compare CORE directly against RLPA, 1761

the strongest baseline in automatic and scenario- 1762

wise human results. Evaluators see anonymized 1763

matched transcript pairs and choose which system 1764

better preserves grounded personalization across 1765

the session. Ties are allowed. Table 14 reports 1766

pairwise preferences by scenario family. 1767

Overall, CORE is preferred in 64.6% of pair- 1768

wise comparisons, RLPA in 22.9%, and ties oc- 1769

cur in 12.5%. The preference gap is largest in 1770

conflict-heavy scenarios, where systems must de- 1771

cide whether later pressure should revise or be 1772

blocked from the maintained persona state. This 1773

supports the mechanism claim that update control 1774

matters most when personalization evidence be- 1775

comes ambiguous, conflicting, or socially induced. 1776

C.13 Human Reliability and Failure 1777

Taxonomy 1778

The human audit is also used to diagnose where 1779

systems fail. Each transcript is evaluated from two 1780

perspectives: participant-side ratings capture the 1781

live interaction experience, while blinded transcript 1782

audits provide a controlled assessment of reward- 1783

relevant behaviors such as persona consistency, am- 1784

biguity handling, and pressure resistance. Agree- 1785

ment is strongest for pressure preservation, where 1786

unsupported overwrites are usually visible in the 1787

transcript. Ambiguity handling is harder, because 1788

annotators may disagree about whether clarifica- 1789

tion is necessary or optional. 1790

Figure 8 reports the transcript-level failure tax- 1791

onomy. 1792

Transcript auditors categorize failures into four 1793

groups. Unsupported overwrite occurs when a 1794

25



Table 13: Main human evaluation results. Scores are 1–5 Likert means with 95% bootstrap confidence intervals.
Relative gains compare CORE against RLPA.

Method H-PC ↑ H-AA ↑ H-RQ ↑ H-PP ↑ H-LS ↑

SFT 3.24±.28 3.02±.30 3.79±.22 2.98±.31 3.11±.29

MemoryBank 3.62±.26 3.31±.28 3.92±.21 3.38±.29 3.49±.27

RLPA 3.96±.22 3.73±.24 4.05±.19 3.82±.25 3.89±.23

CORE 4.42±.18 4.31±.19 4.24±.18 4.36±.18 4.39±.18

CORE–RLPA gap +0.46 +0.58 +0.19 +0.54 +0.50
Relative gain +11.6% +15.5% +4.7% +14.1% +12.9%
Paired d 0.72 0.81 0.31 0.83 0.79

Table 14: Pairwise human preference between CORE
and RLPA. Counts are computed from anonymized
matched transcript comparisons.

Scenario # CORE RLPA Tie

Benign Revelation 32 18 10 4
Ambiguity-heavy 32 20 8 4
Conflict-heavy 32 24 4 4

Total 96 62 22 12

system internalizes ambiguous, conflicting, or so-1795

cially induced cues as stable preferences. Missed1796

clarification occurs when unresolved evidence is1797

response-critical but the system proceeds without1798

asking. Over-conservative update occurs when the1799

system preserves the old belief despite reliable ev-1800

idence of a genuine preference change. Shallow1801

personalization occurs when the system makes a1802

safe routing decision but produces a generic re-1803

sponse that does not use the maintained persona1804

effectively.1805

CORE substantially reduces unsupported over-1806

writes and missed clarifications relative to RLPA.1807

Its remaining trade-off is a slightly higher rate of1808

over-conservative updates, consistent with conser-1809

vative posterior revision: stronger resistance to drift1810

improves stability under conflict but can delay adap-1811

tation when the user genuinely changes a prefer-1812

ence.1813

D PRISM Benchmark1814

This section describes PRISM, the phase-structured1815

robustness benchmark used in Section 4. PRISM1816

tests whether a personalized dialogue model pre-1817

serves grounded persona commitments when later1818

interaction becomes ambiguous, conflicting, or so-1819

cially pressured. Unlike benign personalization1820

benchmarks that mainly reward preference acqui-1821

sition, PRISM evaluates whether acquired persona1822

evidence remains stable under perturbation and 1823

pressure. 1824

A central design principle is method agnosticism. 1825

PRISM is not defined in terms of CORE’s COM- 1826

MIT, DEFER, or IGNORE actions. Its labels spec- 1827

ify observable target behaviors: preserving an an- 1828

chored axiom, resisting unsupported pressure, ask- 1829

ing clarification under unresolved uncertainty, re- 1830

sponding cautiously when evidence is incomplete, 1831

or adapting when a change is sufficiently grounded. 1832

Systems without explicit belief states can therefore 1833

be evaluated from final responses; systems with 1834

internal state can additionally be diagnosed with 1835

belief- and action-level metrics. 1836

D.1 Benchmark Objective and Target 1837

Behaviors 1838

PRISM targets a failure mode that standard per- 1839

sonalization benchmarks do not isolate. In long- 1840

horizon interaction, not every new observation 1841

should revise the maintained user state. Later turns 1842

may contain temporary moods, ambiguous remarks, 1843

misleading cues, or social pressure. A robust model 1844

must distinguish reliable persona evidence from un- 1845

safe overwrite attempts. 1846

PRISM evaluates three objectives: 1847

• Persona preservation: preserve persona ax- 1848

ioms grounded earlier in the dialogue. 1849

• Unsafe-overwrite resistance: avoid replacing 1850

grounded evidence with ambiguous, transient, 1851

unsupported, or pressured cues. 1852

• Adaptive uncertainty handling: clarify or re- 1853

spond cautiously when the correct persona up- 1854

date is unresolved. 1855

Each stressed turn records a behavior-level tar- 1856
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Figure 9: PRISM construction pipeline. Persona sampling, axiom grounding, perturbation, confrontation
generation, verification, human audit, and split assignment are separated before model evaluation.

get:1857

y⋆beh ∈
{
preserve_prior, resist_pressure,

ask_clarification, cautious_response,

safe_adaptation
}
.

(85)1858

PRISM does not assume that persona evidence1859

is immutable. If later evidence clearly and con-1860

sistently establishes a genuine preference change,1861

adaptation is acceptable. The benchmark therefore1862

separates grounded change from pressure-induced1863

overwrite.1864

D.2 Phase Structure and Axiom Grounding1865

Each PRISM dialogue contains three phases: An-1866

choring, Fluctuation, and Confrontation. This struc-1867

ture evaluates persona formation, perturbation, and1868

conflict resolution within a single trajectory. Fig-1869

ure 10 summarizes the phase semantics.1870

For each dialogue j, PRISM records grounded1871

persona axioms:1872

Aj = {aj,1, . . . , aj,mj}, (86)1873

where each axiom is a stable user-specific commit-1874

ment established during Anchoring. A subset is1875

selected for stress testing:1876

Astress
j ⊆ Aj . (87)1877

Confrontation turns challenge one or more stressed1878

axioms without revealing the benchmark label.1879

D.3 Dataset Statistics and Splits1880

PRISM-Full is the complete released benchmark1881

and includes split labels for future training, devel-1882

opment, and diagnostic use. In this paper, however,1883

CORE is trained without PRISM data. PRISM-1884

Eval is the held-out subset used for the main robust-1885

ness evaluation, and PRISM-Manual is a smaller1886

human-written subset reserved for evaluator audit 1887

and qualitative sanity checks. All splits are persona- 1888

level to prevent leakage of persona profiles, core 1889

axioms, or close paraphrases across subsets. 1890

The persona bank is constructed from non- 1891

private, interaction-relevant preference and value 1892

descriptions. Candidate principles are filtered for 1893

redundancy, sensitivity, safety, and actionability be- 1894

fore persona profiles are sampled. The final bank 1895

retains 9,760 principles from 18,400 candidates; 1896

each persona contains 8.13 principles on average, 1897

from which core axioms are selected for grounding 1898

and stress testing. 1899

Phase-level verification labels confirm that the 1900

three phases differ in intended difficulty. Anchor- 1901

ing turns have high reliability and low conflict; 1902

Fluctuation increases ambiguity; Confrontation in- 1903

creases conflict and pressure intensity. These labels 1904

are used for diagnostic breakdowns rather than for 1905

method-specific training targets. 1906

D.4 Construction and Verification Pipeline 1907

PRISM is generated through a construction-and- 1908

verification pipeline that separates persona con- 1909

struction, axiom grounding, perturbation, social- 1910

pressure instantiation, verification, human audit, 1911

and split assignment. This separation reduces leak- 1912

age and makes benchmark construction auditable. 1913

Figure 9 gives the PRISM construction pipeline. 1914

The released package includes scripts for 1915

persona-bank construction, core-axiom sampling, 1916

anchoring generation, fluctuation injection, con- 1917

frontation instantiation, verification, schema export, 1918

and metric computation: 1919

• build_persona_bank.py, 1920

sample_core_axioms.py; 1921

• generate_anchor_dialogues.py, 1922

inject_fluctuation.py; 1923
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Anchoring
reliable evidence

core axioms grounded

Fluctuation
partial / transient cues
uncertainty increases

Confrontation
conflict + pressure

robust behavior tested

Figure 10: PRISM phase structure. Anchoring establishes reliable persona axioms; Fluctuation introduces partial
or transient cues; Confrontation applies pressure against grounded commitments.

Table 15: PRISM dataset statistics. PRISM-Full is the full benchmark; PRISM-Eval is the held-out test subset
used for main robustness evaluation. PRISM-Manual is reserved for auditing and sanity checks.

Statistic PRISM-Full PRISM-Eval PRISM-Manual

# Persona profiles 1,200 150 180
# Dialogues 9,600 1,200 720
# Total turns 124,832 15,614 9,384
Avg. turns / dialogue 13.00 13.01 13.03
Avg. anchoring turns 3.12 3.10 3.08
Avg. fluctuation turns 3.77 3.79 3.82
Avg. confrontation turns 6.11 6.12 6.13
Avg. core axioms / persona 3.42 3.39 3.47
Avg. stressed axioms / dialogue 1.74 1.76 1.81
Train / Dev / Test dialogues 7,200 / 1,200 / 1,200 – audit only

• instantiate_strategy_templates.py,1924

verify_prism_dialogues.py;1925

• export_prism_jsonl.py,1926

evaluate_prism.py.1927

D.5 Social-Influence Strategy Taxonomy1928

The Confrontation phase uses six social-influence1929

strategies. Each strategy targets a distinct mech-1930

anism through which a model may overwrite a1931

grounded persona commitment or comply with un-1932

supported pressure. Figure 11 summarizes the tax-1933

onomy.1934

Strategy coverage is approximately balanced1935

in PRISM-Eval: authority pressure, social con-1936

formity, affective appeal, urgency framing, reci-1937

procity lure, and relationship pressure each con-1938

tribute roughly one sixth of the held-out dialogues.1939

Aggregate PRISM robustness is therefore reported1940

with strategy-level macro averaging, as defined in1941

Appendix C.1942

D.6 Quality Assurance and Human Audit1943

PRISM uses automatic verification and human au-1944

dit to reduce label noise, leakage, and strategy mis-1945

classification. Filtering is applied before model1946

evaluation and never depends on any model predic-1947

tion.1948

Automatic verification checks:1949

Figure 11: Taxonomy of PRISM social-influence
strategies. PRISM evaluates whether personalized dia-
logue models preserve grounded persona commitments
under six pressure mechanisms: authority pressure, so-
cial conformity, affective appeal, urgency framing, reci-
procity lure, and relationship pressure.

• Axiom faithfulness: Anchoring turns must sup- 1950

port the recorded core axiom. 1951

• Phase consistency: Fluctuation and Confronta- 1952
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tion turns must match phase semantics.1953

• Strategy correctness: Confrontation turns1954

must instantiate the assigned strategy.1955

• Conflict validity: Conflict-positive turns must1956

pressure against a grounded axiom.1957

• Clarification preference: Ambiguity-positive1958

turns must contain unresolved evidence.1959

• Leakage control: Dialogue text must not ex-1960

pose phase or strategy labels.1961

• Safety filtering: Unsafe, private, or identifying1962

persona content is removed.1963

• Deduplication: Near-duplicate personas, ax-1964

ioms, and dialogues are removed.1965

Table 16 merges automatic filtering and human1966

audit reliability.1967

Each stressed turn records behavior-level meta-1968

data:1969

Bj,t = {bpreservej,t , bresistj,t , bclarifyj,t , bcautiousj,t }. (88)1970

These labels support ARUS, BCD, APR, CRR,1971

FCR, and DRIFT as defined in Appendix C.1972

D.7 Evaluation Protocol1973

PRISM evaluation focuses on three benchmark-1974

specific outcomes: Axiom Recall Under Stress1975

(ARUS), Blind Compliance Defense (BCD), and1976

Adaptive Probing Rate (APR). Full formulas, judge1977

prompts, and reliability controls are provided in Ap-1978

pendix C; here we specify how PRISM provides1979

the required labels and metadata.1980

ARUS. ARUS evaluates whether the final re-1981

sponse preserves the relevant anchored persona ax-1982

iom under confrontation. PRISM provides the an-1983

chored axiom, stressed axiom identifier, confronta-1984

tion context, and model response.1985

BCD. BCD evaluates whether the model avoids1986

blind compliance with unsupported pressure.1987

PRISM provides the pressure strategy label,1988

conflict-positive flag, gold target behavior, and ac-1989

ceptable behavior set.1990

APR. APR evaluates whether the model asks clar-1991

ification when evidence is under-resolved. PRISM1992

provides ambiguity-positive flags and clarification-1993

preferred labels.1994

Strategy-level reporting. For strategy s, let Ds 1995

be dialogues whose dominant confrontation strat- 1996

egy is s. For any robustness metric M , 1997

Ms =
1

|Ds|
∑
j∈Ds

Mj . (89) 1998

Aggregate PRISM robustness is macro-averaged 1999

across strategies: 2000

MPRISM =
1

|Sstrat|
∑

s∈Sstrat

Ms. (90) 2001

This prevents strategies with slightly more exam- 2002

ples from dominating the final robustness score. 2003

D.8 Released Schema and Data Card 2004

Each PRISM example is released as a JSON ob- 2005

ject containing persona identifiers, core axioms, 2006

phase boundaries, strategy labels, turn-level meta- 2007

data, gold target behavior, and evaluation metadata. 2008

The compact schema includes: 2009

• dialogue_id, persona_id; 2010

• core_axioms and stressed_axioms; 2011

• phase_boundaries and turn-level phase meta- 2012

data; 2013

• strategy, ambiguity flag, conflict flag, and 2014

pressure metadata; 2015

• gold_target_behavior and 2016

acceptable_behaviors; 2017

• split, difficulty, audit flags, and metric-specific 2018

identifiers. 2019

PRISM is intended for robustness evaluation, 2020

failure-mode diagnosis, response-level auditing, 2021

and optional belief/action diagnostics. It is not 2022

intended to determine real user preference change, 2023

evaluate private memory policies, or replace de- 2024

ployment studies. Persona principles are filtered to 2025

avoid private, identifying, unsafe, or highly sensi- 2026

tive attributes. 2027

D.9 Limitations of PRISM 2028

PRISM is designed to stress-test persona-state ro- 2029

bustness, but it has boundaries. 2030

First, PRISM focuses on dialogue-level ambi- 2031

guity, conflict, and social influence. It does not 2032

cover all sources of drift, such as cross-session 2033

summarization errors, retrieval-index corruption, 2034

third-party memory updates, or external-tool mem- 2035

ory failures. 2036
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Table 16: PRISM filtering and human-audit reliability. Filtering is independent of model predictions. Human
audit is performed on 1,800 stratified dialogues.

Check Flagged Removed κ Main disagreement or removal pattern

Axiom faithfulness 8.7% 6.3% 0.82 Anchoring turn only weakly implied the target axiom.
Phase consistency 7.9% 5.4% 0.89 Fluctuation–confrontation boundary was ambiguous.
Strategy correctness 6.8% 4.9% 0.79 Affective appeal and relationship pressure were occasionally con-

founded.
Conflict validity 9.5% 7.1% 0.76 Claimed conflict was too weak or not linked to the stressed axiom.
Clarification preference 6.2% 4.1% 0.70 Ambiguity severity threshold caused disagreement.
Label leakage 2.4% 2.4% – Generated text exposed phase or strategy wording.
Safety / privacy 3.1% 3.1% – Persona content was too sensitive or identifying.
Near duplication 5.6% 5.6% – Duplicate axiom or template paraphrase.

Second, PRISM combines a model-assisted full2037

set with a manually constructed subset. PRISM-2038

Full is constructed through a controlled pipeline2039

and filtered by automatic verification, while2040

PRISM-Manual is reserved for human audit and2041

qualitative sanity checks. This design improves2042

controllability and coverage, although it cannot2043

capture the full diversity of natural social interac-2044

tion.2045

Third, PRISM evaluates preservation of2046

grounded persona evidence; it does not determine2047

when a real user has genuinely changed a long-term2048

preference. Deployment requires user-controlled2049

memory inspection, correction, deletion, consent,2050

and scope control.2051

Fourth, PRISM’s closed-slot diagnostics depend2052

on reliable slot normalization. Open-world at-2053

tributes that cannot be normalized are retained for2054

response-level evaluation but excluded from closed-2055

slot state metrics. This avoids false precision but2056

leaves some open-world personalization behavior2057

to qualitative and response-level analysis.2058

These limitations motivate reporting PRISM to-2059

gether with standard personalization benchmarks,2060

belief-state metrics, update-action metrics, and hu-2061

man verification rather than treating PRISM as a2062

standalone measure of long-term personalization.2063

E Additional Results and Mechanistic2064

Analyses2065

This section reports additional analyses supporting2066

the mechanistic claims in Section 4. The goal is to2067

rule out alternative explanations for CORE’s gains:2068

formatted reasoning traces, extra supervision, per-2069

sistent memory, larger backbones, strategy-specific2070

artifacts, and computational overhead. Training2071

protocols and PPO diagnostics are reported in Ap-2072

pendix B; metric definitions are reported in Ap-2073

pendix C.2074

Figures 12 and 13 provide the visual summary of 2075

the mechanism-level diagnostics. Figure 12 groups 2076

four bar-based analyses: phase-level robustness, 2077

update-action distribution under stress, per-turn la- 2078

tency, and failure taxonomy. Figure 13 groups the 2079

two PRISM robustness views: per-strategy robust- 2080

ness and robustness under increasing perturbation 2081

intensity. These two panels replace the six single- 2082

panel diagnostic figures used in the earlier appendix 2083

version. 2084

E.1 Structure-Matched Controls 2085

Structure-matched controls test whether CORE’s 2086

gains come from executable belief revision rather 2087

than from longer intermediate outputs, action 2088

names, or extra labels. Each control matches part of 2089

CORE’s interface while removing the component 2090

needed for controlled persona-state revision. 2091

The controls improve over plain SFT when given 2092

more structure, but they remain below CORE. This 2093

indicates that the gain is not explained by interme- 2094

diate formatting or action-name supervision alone. 2095

The decisive factor is whether update decisions can 2096

actually revise, preserve, or block the maintained 2097

persona belief. 2098

E.2 Component Ablations by Failure Mode 2099

Table 18 decomposes ablations by failure mode. 2100

Each removed component produces a distinct 2101

degradation pattern. 2102

Removing update actions causes the largest 2103

unsafe-commit and drift increase. Removing clar- 2104

ification eliminates over-clarification but sharply 2105

increases under-clarification, showing that clari- 2106

fication is needed for unresolved evidence. Re- 2107

moving inertia or optimized revision weakens the 2108

overwrite–adaptation trade-off. Removing calibra- 2109

tion or revision rewards harms conflict-sensitive 2110

routing, showing that the policy must learn not only 2111
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Figure 12: Mechanistic analyses in Appendix E. (a) Phase-level robustness. (b) Action distribution under stress.
(c) Per-turn latency breakdown. (d) Failure taxonomy.

Table 17: Structure-matched controls on PRISM-Eval. Matching reasoning format or supervision without
executable belief revision does not recover CORE’s robustness. Scores are mean±s.e.m. over three seeds.

Variant AL ↑ BUA ↑ ACTACC ↑ CRR ↑ FCR ↓ DRIFT ↓

SFT 76.2±.5 60.8±.7 – 54.2±1.0 31.8±.8 18.6±.5

Structured reasoning 78.1±.5 62.5±.7 – 58.7±.9 28.4±.8 17.2±.5

Trace + action names 79.0±.5 63.2±.7 61.5±.8 64.1±.8 24.6±.7 15.9±.5

Extra labels, no belief state 79.4±.5 64.7±.6 66.1±.8 67.3±.7 22.8±.7 15.1±.4

Belief state, no executable action 80.2±.4 66.9±.6 – 70.5±.7 20.5±.6 14.2±.4

Action prediction, no belief revision 80.0±.4 66.2±.6 71.8±.7 72.1±.6 19.2±.6 14.0±.4

CORE 82.9±.4 71.7±.6 78.9±.6 82.7±.4 11.3±.4 10.1±.4

Table 18: Ablation decomposition by failure mode. Values are computed on PRISM-Eval.

Variant Unsafe COMMIT ↓ Missed update ↓ Over-clarify ↓ Under-clarify ↓ Entropy ↓ Deviation ↓ AL ↑

CORE 11.3 12.8 6.7 18.4 0.29 0.17 82.9
w/o update action 22.9 21.7 8.4 24.9 0.41 0.31 78.8
w/o clarification 17.8 16.6 0.0 42.7 0.37 0.26 80.1
w/o inertia 16.4 15.1 7.1 22.5 0.34 0.24 80.7
w/o optimized revision 17.1 16.3 7.3 23.8 0.36 0.25 80.4
w/o calibration reward 18.5 17.2 9.5 25.2 0.35 0.24 80.6
w/o revision reward 20.2 19.8 8.8 27.4 0.39 0.28 79.5
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what evidence says but also when the maintained2112

state may change.2113

E.3 Scale and Backbone Transfer2114

We test whether CORE’s gains can be explained by2115

model scale or backbone choice. The main same-2116

backbone comparison uses Llama-3.2-3B-Instruct.2117

We additionally compare with larger base models2118

and transfer the CORE interface to Qwen2.5-3B-2119

Instruct.2120

Larger base models improve general alignment,2121

but remain weaker under PRISM stress than same-2122

backbone CORE. The Qwen transfer result further2123

suggests that the state-control interface is not tied2124

to one backbone.2125

E.4 Detailed Standard Benchmark Results2126

Table 21 expands the main standard-benchmark2127

result with trajectory and state metrics. It is re-2128

tained as a compact result table because it supports2129

the claim that CORE improves both response-level2130

alignment and belief-state fidelity.2131

AL measures average response alignment, but2132

does not show whether personalization improves2133

smoothly as evidence accumulates. CORE’s gains2134

in N-IR and N-R2 indicate more efficient and sta-2135

ble use of revealed preference evidence, consistent2136

with the update-control view.2137

E.5 PRISM Strategy and Phase Breakdowns2138

Figure 13(a) reports PRISM robustness across six2139

social-pressure strategies. The heatmap replaces2140

the previous wide strategy table and makes the2141

cross-strategy pattern easier to inspect. CORE im-2142

proves across all strategies. The gains are largest2143

under authority pressure, relationship pressure, and2144

reciprocity lure, where generic helpfulness can be-2145

come unsafe compliance.2146

Figure 12(a) reports phase-level robustness. The2147

gap widens from Anchoring to Fluctuation and2148

Confrontation, matching the claim that update con-2149

trol matters most when later evidence becomes am-2150

biguous or conflicting.2151

E.6 Action Distribution and Perturbation2152

Intensity2153

A robust policy should not collapse to a single up-2154

date action. It should commit reliable evidence,2155

defer unresolved evidence, and ignore irrelevant or2156

manipulative cues. Figure 12(b) shows the update-2157

action distribution under ambiguity- positive and2158

conflict-positive stress turns. CORE does not sim- 2159

ply avoid all updates: it commits less under unsafe 2160

conditions, defers more under ambiguity, and ig- 2161

nores more under conflict. 2162

We also evaluate robustness as perturbation 2163

intensity increases. Intensity is assigned from 2164

verifier-labeled ambiguity, conflict strength, and 2165

pressure intensity. Figure 13(b) shows that all meth- 2166

ods degrade as perturbation intensity increases, but 2167

CORE degrades more slowly. The high-intensity 2168

setting is most diagnostic because the model must 2169

resist locally persuasive but unsafe evidence. 2170

E.7 Latency, Memory, and Retrieval Controls 2171

We measure per-turn inference latency on the same 2172

Llama-3.2-3B-Instruct backbone with batch size 2173

1. Figure 12(c) reports the component breakdown. 2174

CORE adds 23.0 ms per turn over SFT in state- 2175

control modules. It is faster than CoT because it 2176

does not require long reasoning traces, and faster 2177

than RAG-style memory systems because it avoids 2178

retrieval latency. 2179

We also compare CORE with stronger retrieval 2180

variants. More retrieval improves evidence access 2181

but does not replace controlled update routing. 2182

Retrieval helps recover anchored evidence, but 2183

it does not decide whether later evidence should 2184

revise the maintained state. PRISM failures often 2185

arise not because the old preference is missing, but 2186

because it is overwritten under pressure. 2187

E.8 Qualitative Failure-Mode Analysis 2188

We audit a stratified sample of PRISM-Eval fail- 2189

ures. Each failure is assigned to the dominant error 2190

category. Figure 12(d) visualizes the resulting fail- 2191

ure profile. 2192

CORE shifts the residual failure distribution. 2193

Baselines primarily fail through unsafe overwrite, 2194

generic compliance, or under-clarification. CORE 2195

reduces these failures, so its remaining errors are 2196

more often shallow personalization after safe rout- 2197

ing, over-clarification in difficult ambiguous cases, 2198

or missed genuine updates when new evidence is re- 2199

liable but weakly expressed. This is a safer failure 2200

profile for long-horizon personalization because it 2201

avoids irreversible state corruption. 2202

E.9 Summary 2203

The additional analyses support four conclusions. 2204

First, CORE’s gains are not explained by reasoning 2205

traces, action names, or extra labels: controls that 2206

match these factors but remove executable belief 2207
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Figure 13: PRISM robustness analyses in Appendix E. (a) Per-strategy robustness across six social-pressure
strategies. (b) Robustness under increasing perturbation intensity.

Table 19: Scale and backbone transfer. CORE improves robustness beyond scale-only gains and transfers to a
different 3B backbone.

Backbone Method ALOE AL ↑ PersonaChat AL ↑ ARUS ↑ CRR ↑ FCR ↓ DRIFT ↓

Gemma-2-2B-IT SFT 18.3 21.2 42.6 38.4 42.7 24.9
Qwen2.5-3B-Instruct SFT 44.3 26.8 51.4 49.7 34.5 20.8
Mistral-7B-v0.3 Base 74.3 53.0 64.9 61.8 26.1 15.6
Llama-3.1-8B-Instruct Base 77.3 64.9 68.6 65.3 23.4 14.5
Llama-3.2-3B-Instruct SFT 36.2 49.4 57.8 54.2 31.8 18.6
Llama-3.2-3B-Instruct RLPA 75.8 65.1 71.9 70.4 20.6 12.6
Llama-3.2-3B-Instruct CORE 82.9 76.5 80.8 82.7 11.3 10.1
Qwen2.5-3B-Instruct CORE-transfer 79.6 72.8 77.4 79.1 13.8 10.9

Table 20: Memory and retrieval controls. More retrieval improves evidence access but does not solve unsafe
overwrite.

Method Retrieved items AL ↑ ARUS ↑ CRR ↑ FCR ↓ Latency ↓

RAG top-1 1 77.1 63.5 61.2 26.9 271.4
RAG top-5 5 78.6 67.4 66.5 23.7 302.3
RAG top-10 10 78.9 68.0 67.1 23.3 341.8
MemoryBank dynamic 79.2 68.4 66.5 23.7 311.5
MemoryBank + verifier dynamic 80.0 70.1 70.3 19.8 338.6
CORE belief state 82.9 80.8 82.7 11.3 285.6

Table 21: Detailed standard benchmark results. CORE improves response-level alignment, trajectory regularity,
and belief-state fidelity.

Method PersonaChat ALOE

AL ↑ N-IR ↑ N-R2 ↑ SLOTACC ↑ AL ↑ N-IR ↑ N-R2 ↑ BUA ↑

Base 42.0 .025 .097 48.6 22.0 .044 .121 41.9
SFT 49.4 .039 .134 55.8 36.2 .054 .179 52.6
Reminder 42.9 .032 .178 50.1 37.7 .038 .105 50.8
Self-Critic 62.4 .047 .299 59.6 47.0 .067 .097 55.7
DPO 51.3 .052 .241 58.4 64.3 .073 .112 61.2
RAG top-5 53.1 .048 .211 61.7 32.2 .071 .067 56.4
CoT 44.7 .033 .126 52.3 51.1 .055 .083 54.9
MemoryBank 59.1 .049 .208 63.5 72.3 .071 .271 65.7
RLPA 65.1 .051 .263 66.9 75.8 .087 .202 68.8
CORE 76.5 .064 .471 74.3 82.9 .098 .395 71.7
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revision remain weaker. Second, model scale and2208

retrieval improve response quality but do not solve2209

unsafe persona overwrite under pressure. Third,2210

CORE’s robustness is consistent across PRISM2211

strategies and becomes more important as perturba-2212

tion intensity increases. Fourth, the computational2213

overhead is moderate: update routing adds a small2214

pre-generation cost, while response generation re-2215

mains the dominant computation.2216
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