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Abstract001

Large language models have been increasingly002
deployed in multi-turn dialogue settings, where003
hallucinations arise not from isolated errors,004
but from cross-turn inconsistency and semantic005
drift. Existing uncertainty estimation methods,006
typically operate at the single-turn level and007
ignore temporal dependencies introduced by008
dialogue history, limiting their ability to char-009
acterize cross-turn hallucinations.010

We introduce Memory-Conditioned Semantic011
Entropy (MC-SE), a framework that general-012
izes semantic entropy by incorporating an ex-013
ternal dialogue memory into its uncertainty es-014
timates. MC-SE combines multiple sampled015
responses through semantic clustering and pe-016
nalizes outputs that conflict with earlier state-017
ments in the dialogue using natural language018
inference. In doing so, it produces uncertainty019
estimates that explicitly account for cross-turn020
consistency constraints.021

Using controlled experiments on synthetic022
multi-turn question-answering dialogues, we023
analyze how memory conditioning systemat-024
ically reshapes uncertainty across dialogue025
stages and consistency regimes.Our results026
show that memory-aware uncertainty reveals027
cross-turn inconsistencies that remain invisi-028
ble to turn-local measures, highlighting the im-029
portance of memory-aware analysis for under-030
standing hallucination behavior in multi-turn031
dialogue systems.032

1 Introduction033

In multi turn dialogue settings, the model outputs034

are not at all independent across turns and the re-035

sponses at later turns are conditioned on the pre-036

viously generated content as well. Recent work037

in this domain has made progress in hallucination038

detection especially for single turn settings but ma-039

jority of these uncertainty measuring techniques040

ignores the dependencies introduced by dialogue041

system. (Maynez et al., 2020; Dziri et al., 2022)042

The history in a dialogue system accumulates over 043

time and introduces dependencies on the further 044

generation of response. As a result those measures 045

fail to capture the reason for failure or the fail- 046

ure mode of multi turn systems: hallucination that 047

arises from multi turn inconsistency and semantic 048

drift. 049

Semantic entropy method estimates the uncer- 050

tainty for single turn setting by sampling multiple 051

generations and then by clustering them based on 052

their semantic meaning instead of token match- 053

ing or surface form similarity. Semantic meaning 054

acts as a more faithful measurement. However 055

this method is fundamentally only for single turn 056

locally independent samples. (Kuhn et al., 2023) 057

Each input output is treated independently and un- 058

related to each other regardless of the input. The 059

method assumes that uncertainty arises solely from 060

the current prompt. However this is not the case in 061

majority of the Large language model systems. A 062

LLM may produce a locally confident response that 063

is inaccurate with its previous generations, leading 064

to hallucinations that are invisible to single turn 065

uncertainty methods. 066

From an individual-utterance perspective, a 067

model’s answer may seem assured and without am- 068

biguity; however, when viewed within the context 069

of a larger conversation (a "dialogue"), this same 070

answer is clearly inconsistent with the previous cor- 071

rect answer. Thus, detecting such inconsistencies, 072

requires an understanding of the model’s previous 073

answers as well as an understanding of how much 074

the model is uncertain about its current answer. 075

Therefore, it is important to have memory-aware 076

uncertainty estimation methods in multi-turn con- 077

versations. 078

We introduce in this work the Memory- 079

Conditioned Semantic Entropy (MC-SE) frame- 080

work, which extends semantic entropy to condition 081

uncertainty estimates on an external dialogue mem- 082

ory. MCSE maintains a memory of previous model 083
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assertions during a dialogue and evaluates subse-084

quent generations for semantic consistency with085

this memory using natural language inference. At086

estimation time, sampled responses which contra-087

dict previous dialogue assertions are penalized, and088

uncertainty is calculated over semantic clusters af-089

ter memory-aware aggregation. Importantly, the090

memory is never modified during uncertainty es-091

timation but only updated at the end of each turn,092

thus ensuring strict temporal causality.093

Instead of suggesting a corrective mechanism094

for hallucinations, MC-SE is framed as a diagnos-095

tic signal that captures the evolution of uncertainty096

with accumulating dialogue context. MCSE uncov-097

ers failure modes unreachable to turn-local meth-098

ods by conditioning uncertainty on dialogue mem-099

ory: belief drift, contradictions that are delayed100

rather than immediate, and inconsistency across101

repeated inquiries. This framing allows uncertainty102

estimates to reveal not only ambiguity in the cur-103

rent input but also compatibility with the model’s104

prior commitments.105

We evaluate MC-SE in the context of multiturn,106

document-grounded QA, where dialogue facts are107

time-invariant, and contradictions are a reliable in-108

dicator of inconsistency. In the absence of standard-109

ized benchmarks for memory-aware hallucination110

detection, the evaluation focuses on controlled in-111

ternal analyses rather than direct benchmarking to112

existing methods. Concretely, we investigate MC-113

SE’s behavior across dialogue stages and regimes114

of consistency, isolating the contribution of mem-115

ory conditioning to uncertainty patterns. Results116

show that memory conditioning systematically af-117

fects uncertainty estimates and reveals cross-turn118

failure modes that cannot be detected by turn-local119

uncertainty measures.120

In summary, this paper makes the following con-121

tributions:122

• We formalize memory-conditioned semantic123

entropy, extending semantic entropy to multi-124

turn dialogue by incorporating external dia-125

logue memory and entailment-based consis-126

tency checks.127

• We present a temporally causal workflow for128

memory-aware uncertainty estimation that op-129

erates at the semantic level rather than surface130

form.131

• We provide a detailed behavioral analysis132

of MC-SE in multi-turn question answering,133

highlighting how memory conditioning ex- 134

poses hallucination patterns that are not cap- 135

tured by turn-local uncertainty estimates. 136

Together, these contributions underscore the im- 137

portance of memory-aware uncertainty estimation 138

for understanding and diagnosing hallucinations in 139

multi-turn dialogue systems. 140

2 Related Work 141

Hallucination detection has received significant 142

attention in recent years, particularly in the con- 143

text of large language models deployed for ques- 144

tion answering and text generation (Maynez et al., 145

2020; ?). Prior work has explored a range of strate- 146

gies, including confidence estimation (Kuhn et al., 147

2023), factual verification against external sources 148

(Thorne and Vlachos, 2018), and post-hoc con- 149

sistency checks (Krishna et al., 2021). These ap- 150

proaches have proven effective in identifying un- 151

supported or fabricated content in single-turn gen- 152

eration settings. However, most existing hallucina- 153

tion detection methods operate on isolated model 154

outputs and do not explicitly account for depen- 155

dencies introduced by prior dialogue turns (Dziri 156

et al., 2022). As a result, they are ill-suited to detect 157

hallucinations that arise from cross-turn inconsis- 158

tency, where a response may be locally plausible 159

yet incompatible with earlier model assertions. 160

Several methods attempt to mitigate halluci- 161

nations through model alignment or correction 162

mechanisms, such as reinforcement learning, con- 163

strained decoding, or retrieval-based grounding 164

(Lewis et al., 2020). While these approaches aim to 165

reduce hallucination frequency, they differ funda- 166

mentally from our objective. Rather than correcting 167

or suppressing hallucinations, our work focuses on 168

characterizing uncertainty in multi-turn dialogue 169

and identifying failure modes that emerge as dia- 170

logue context accumulates. 171

3 Background 172

3.1 Uncertainty Estimation for Free-Form 173

Generation 174

Uncertainty estimation for language generation has 175

traditionally been studied in single-turn settings, 176

where each input-output pair is treated indepen- 177

dently.(Gal and Ghahramani, 2016) In such set- 178

tings, uncertainty arises primarily from ambiguity 179

in the prompt or from variability among plausible 180

responses. This formulation has proven effective 181
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for isolated generation tasks, where outputs can be182

evaluated without reference to prior model behav-183

ior.184

However, this assumption does not hold in multi-185

turn dialogue. In interactive settings, model outputs186

are temporally dependent, and responses generated187

at earlier turns influence the interpretation and va-188

lidity of future generations. As a result, uncertainty189

estimation methods that treat each turn indepen-190

dently fail to capture dependencies introduced by191

dialogue history.192

3.2 Semantic Entropy193

Semantic entropy has been proposed as a meaning-194

level alternative to token-level uncertainty estima-195

tion (Farquhar et al., 2024; Kuhn et al., 2023).196

Rather than measuring uncertainty over surface197

forms, semantic entropy samples multiple model198

generations and clusters them according to seman-199

tic equivalence. This approach provides a more200

faithful estimate of uncertainty in free-form text201

generation, particularly in the presence of para-202

phrastic variation.203

Semantic entropy is then computed as the en-204

tropy of the probability distribution over the seman-205

tic clusters. Let Y = {y1, . . . , yN} denote a set206

of sampled generations, and let C = {c1, . . . , cK}207

be the resulting set of semantic clusters. The prob-208

ability of a cluster is estimated as the fraction of209

samples assigned to it. Semantic entropy is then210

defined as:211

Hsem = −
K∑
k=1

p(ck) log p(ck), (1)212

where p(ck) denotes the empirical probability of213

cluster ck. Low semantic entropy indicates agree-214

ment over meaning across generations, while high215

semantic entropy suggests semantic disagreement216

and increased risk of hallucination. This obser-217

vation motivates the need for memory-aware un-218

certainty estimation methods that explicitly model219

cross-turn consistency. In the following section, we220

introduce Memory-Conditioned Semantic Entropy221

(MC-SE), which extends semantic entropy by con-222

ditioning uncertainty on an external dialogue mem-223

ory and evaluating semantic consistency across224

turns.225

Figure 1: Workflow of single-turn semantic entropy
computation. Given a user query, multiple responses
are sampled from the language model, grouped into
semantic clusters, and used to compute semantic entropy
as a measure of hallucination risk.

4 Memory-Conditioned Semantic 226

Entropy 227

We now introduce Memory-Conditioned Seman- 228

tic Entropy (MC-SE), a framework for uncertainty 229

estimation in multi-turn dialogue that explicitly 230

conditions semantic uncertainty on prior dialogue 231

history. 232

4.1 Dialogue Memory 233

MC-SE extends semantic entropy by conditioning 234

uncertainty estimates on an external dialogue mem- 235

ory that stores prior model outputs within a dia- 236

logue. It serves as a record of the model’s prior 237

commitments rather than as a verified knowledge 238

base. Memory is scoped at the dialogue level and 239

reset between dialogues. 240

At turn t, the memory state M1:t−1 consists of 241

all finalized model responses generated in turns 1 242

through t − 1. Importantly, memory is read-only 243

during uncertainty computation at turn t and is 244

updated only after uncertainty has been fully com- 245

puted, enforcing strict temporal causality. 246

4.2 Sampling and Semantic Clustering 247

Given an input xt, we sample multiple candidate 248

responses {s1, . . . , sN} from the language model 249

using stochastic decoding. Each sample is associ- 250

ated with an approximate log-likelihood computed 251
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as the sum of per-token log probabilities:252

log p(si | xt) ≈
∑
j

log p(wi,j | wi,<j , xt). (2)253

Following prior work on semantic entropy, we254

cluster sampled responses based on semantic equiv-255

alence rather than surface-form similarity. In our256

implementation, semantic equivalence is assessed257

using bidirectional entailment, grouping responses258

that mutually entail one another into the same se-259

mantic cluster. This yields a set of semantic clusters260

{C(1)
t , . . . , C

(Kt)
t } representing distinct meanings261

expressed by the model.262

4.3 Memory Consistency Weighting263

To incorporate dialogue history, semantic clusters264

are evaluated for consistency with retrieved dia-265

logue memory. Using a natural language inference266

(NLI) model, we assess whether each cluster’s rep-267

resentative responses are entailed by, neutral with268

respect to, or contradictory to prior memory facts.269

Memory-consistency weights are then assigned270

at the cluster level, allowing MC-SE to reduce the271

contribution of interpretations that violate earlier272

dialogue commitments without discarding them273

entirely. Clusters that remain consistent with mem-274

ory retain full weight, while contradictory clusters275

contribute reduced probability mass during entropy276

computation.277

4.4 Memory-Conditioned Semantic Entropy278

Memory consistency weights are incorporated dur-279

ing cluster probability aggregation. Specifically,280

log-likelihoods are combined with the logarithm281

of memory weights before aggregating probability282

mass at the cluster level. The resulting memory-283

conditioned cluster distribution reflects both seman-284

tic diversity and cross-turn consistency constraints.285

The memory-conditioned semantic entropy at286

turn t is then computed as:287

HMC(xt,M1:t−1) = −
Kt∑
k=1

πt(k) log πt(k),288

where πt(k) denotes the normalized probability of289

cluster C(k)
t after memory-aware aggregation.290

4.5 Scope of the Framework291

While MC-SE defines a broader composite risk292

formulation that may incorporate additional signals293

such as contradiction frequency or temporal drift,294

in this work we focus on the entropy component 295

to isolate the effect of memory conditioning on 296

uncertainty estimation. 297

5 Dataset Construction 298

To study memory effects and long-form uncer- 299

tainty in dialogue settings, we require conversa- 300

tional data with controlled factual grounding. Due 301

to the lack of established benchmarks for memory- 302

aware hallucination detection, we construct a syn- 303

thetic multi-turn question answering dataset based 304

on SQuAD-style passages. (Rajpurkar et al., 2016) 305

Each dialogue consists of multiple turns that ref- 306

erence the same underlying document, including 307

repeated and paraphrased questions designed to ex- 308

pose cross-turn inconsistency. This setup enables 309

precise control over dialogue structure and consis- 310

tency regimes. 311

5.1 Dialogue Generation 312

Each SQuAD question-answer pair is transformed 313

into a multi-turn conversational interaction by 314

prompting a large language model to generate 315

follow-up questions and answers conditioned on 316

the evolving dialogue history. The initial turn cor- 317

responds to the original SQuAD question, while 318

subsequent turns are generated to reference earlier 319

responses, encouraging temporal continuity across 320

the dialogue. 321

5.2 Evaluation Protocol 322

Dialogues are processed sequentially, with memory 323

initialized at the start of each dialogue and updated 324

incrementally across turns. At each turn, MC-SE 325

is computed using sampled model responses and 326

the dialogue memory accumulated from prior turns. 327

Memory is accessed in a read-only manner during 328

uncertainty computation and updated only after un- 329

certainty has been fully computed, ensuring strict 330

temporal causality. 331

Rather than benchmarking against existing un- 332

certainty measures, our evaluation focuses on char- 333

acterizing the behavior of MC-SE across dialogue 334

stages and consistency regimes, isolating the effect 335

of memory conditioning on uncertainty estimates. 336

6 Workflow of Memory-Conditioned 337

Semantic Entropy 338

While Section 4 defines MC-SE formally, this sec- 339

tion describes the end-to-end workflow of Memory- 340

Conditioned Semantic Entropy (MC-SE) as applied 341
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to multi-turn dialogue. We focus on the operational342

pipeline that computes uncertainty at each dialogue343

turn while enforcing dialogue-level consistency.344

MC-SE operates at the level of complete dia-345

logues rather than individual turns. Each dialogue346

is processed sequentially, and a fresh external mem-347

ory is initialized at the beginning of each dialogue.348

Turns are handled strictly in chronological order,349

ensuring that uncertainty estimation at turn t de-350

pends only on information available up to turn t−1.351

Given an input at each turn, xt, MC-SE sam-352

ples a set of candidate responses from the language353

model St = {s1, . . . , sN} using stochastic decod-354

ing. Each sample is associated with an approximate355

log-likelihood computed as the sum of per-token356

log probabilities. Following the semantic clustering357

procedure defined in Section 4, sampled responses358

are grouped into clusters corresponding to distinct359

meanings.360

Dialogue memory is then consulted, following361

the consistency mechanism defined in Section 4.3,362

to assess each sampled interpretation. Samples that363

contradict any stored memory assertion are down-364

weighted according to the memory-consistency365

mechanism defined in Section 4, while memory-366

consistent interpretations retain full weight.367

The resulting memory-conditioned distribution368

over semantic clusters is used to compute the MC-369

SE uncertainty score for the current turn. After370

uncertainty computation is complete, the finalized371

model response is appended to dialogue memory372

and becomes available for subsequent turns.373

This inference workflow enables MC-SE to cap-374

ture uncertainty arising from both prompt ambigu-375

ity and cross-turn inconsistency, while preserving376

temporal causality throughout the dialogue.377

7 Experimental Setup378

The experiments are designed to evaluate the effec-379

tiveness of memory-conditioned semantic entropy380

as a diagnostic signal for hallucination risk in multi-381

turn dialogue, rather than as a task-specific perfor-382

mance metric. Accordingly, we focus on controlled383

generation settings and analysis-driven evaluation.384

7.1 Models Evaluated385

All experiments are conducted using a single large386

language model (Mistral-7B-Instruct-v0.1), with387

fixed parameters to isolate the effect of entropy-388

based uncertainty measures. The model is used389

in a frozen setting without fine-tuning. For each390

Figure 2: Memory-Conditioned Semantic Entropy (MC-
SE) workflow. At each dialogue turn, multiple responses
are sampled and evaluated against an external dialogue
memory using an NLI model. Memory-consistency
weights are applied during cluster-level aggregation to
form a memory-conditioned distribution over semantic
interpretations. MC-SE is computed as the entropy of
this distribution, and the selected response is appended
to memory for subsequent turns.

dialogue turn, multiple responses are sampled un- 391

der identical conditions to estimate semantic uncer- 392

tainty. 393

7.2 Metrics 394

We evaluate uncertainty using both standard single- 395

turn semantic entropy and the proposed memory- 396

conditioned semantic entropy (MC-SE). Hallucina- 397

tion behavior is assessed via semantic correctness 398

and cross-turn consistency signals, and we report 399

correlations between entropy values and hallucina- 400

tion indicators across dialogue turns. Analysis is 401

preferred over threshold-based accuracy to reflect 402

the continuous nature of uncertainty. 403

7.3 Evaluation Goals 404

Our evaluation aims to determine whether memory 405

conditioning improves the sensitivity of semantic 406

entropy to long-horizon inconsistencies and inac- 407

curacies in multi-turn dialogue. Rather than opti- 408

mizing for state-of-the-art detection performance, 409

we focus on characterizing when and why memory- 410

aware uncertainty provides additional signal, par- 411

ticularly across dialogue stages and consistency 412

regimes. 413
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Figure 3: Memory-conditioned semantic entropy (MC-
SE) as a function of dialogue turn. MC-SE diverges
from turn-local uncertainty as dialogue memory accu-
mulates, reflecting cross-turn consistency constraints.

8 Results and Behavioral Analysis414

8.1 Evaluation Overview415

We present a behavioral analysis of Memory-416

Conditioned Semantic Entropy (MC-SE) in con-417

trolled multi-turn dialogue settings. Rather than418

benchmarking against task-specific performance419

metrics, our analysis focuses on how memory con-420

ditioning alters uncertainty estimates across dia-421

logue stages and consistency regimes. We compare422

MC-SE to standard semantic entropy to isolate the423

effect of incorporating dialogue memory.424

8.2 MC-SE across Dialogue Stages425

We first examine how uncertainty evolves as di-426

alogue context accumulates. Figure 3 shows the427

average memory-conditioned semantic entropy as428

a function of dialogue turn index.429

At early turns, where dialogue memory is empty,430

MC-SE closely matches standard semantic entropy,431

reflecting uncertainty driven primarily by prompt432

ambiguity. As dialogues progress, MC-SE diverges433

from turn-local semantic entropy, indicating that434

memory conditioning increasingly influences un-435

certainty estimates.436

Notably, MC-SE does not exhibit a strictly mono-437

tonic trend across turns. In some dialogues, uncer-438

tainty decreases as earlier ambiguities are resolved439

by additional contextual constraints, rather than re-440

duced model variability, while in others it increases441

due to accumulating cross-turn constraints. This be-442

havior suggests that MC-SE captures interactions443

between prior commitments and current interpreta-444

tions rather than reflecting dialogue length alone.445

Figure 4: Memory-conditioned semantic entropy for
repeated and non-repeated questions. Repeated ques-
tions exhibit higher uncertainty, indicating sensitivity
to dialogue-level consistency rather than surface-form
variation.

8.3 Effect of Memory Conditioning 446

To isolate the effect of memory conditioning, we 447

compare entropy values at turns with empty di- 448

alogue memory to those with non-empty mem- 449

ory. Once memory is populated, MC-SE exhibits 450

systematically different uncertainty behavior com- 451

pared to turn-local semantic entropy. 452

This difference confirms that changes in uncer- 453

tainty are attributable to conditioning on prior dia- 454

logue assertions rather than to sampling variability 455

alone. In the absence of memory, MC-SE reduces 456

to standard semantic entropy, while the presence 457

of memory introduces additional constraints that 458

reshape the uncertainty landscape. 459

8.4 Repeated Questions as a Consistency 460

Regime 461

Repeated questions provide a natural probe for 462

dialogue-level consistency, as they require the 463

model to maintain alignment with earlier responses. 464

We observe that MC-SE assigns higher uncertainty 465

to repeated questions than to non-repeat turns. 466

Importantly, this increase does not arise from 467

surface-form variation. Even when repeated ques- 468

tions elicit lexically similar responses, MC-SE as- 469

signs elevated uncertainty when multiple interpre- 470

tations remain plausible under dialogue-level con- 471

sistency constraints. This behavior indicates that 472

MC-SE is sensitive to semantic divergence from 473

prior commitments rather than to lexical variation 474

alone. 475

6



Memory State Mean MC-SE Std. MC-SE # Turns
Empty 0.5090 0.4183 12
Non-empty 0.5365 0.5166 41

Table 1: Memory-conditioned semantic entropy for turns with empty and non-empty dialogue memory. Differences
reflect the effect of memory conditioning rather than sampling variability.

8.5 Response to Contradictions476

We further analyze MC-SE behavior when sampled477

responses contradict prior dialogue assertions. In478

such cases, MC-SE assigns substantially higher479

uncertainty, reflecting unresolved disagreement480

among competing interpretations after memory481

conditioning.482

This result suggests that MC-SE responds specif-483

ically to semantic inconsistency, rather than merely484

reflecting variability in sampled generations. By485

down-weighting interpretations that contradict dia-486

logue memory, MC-SE exposes failure modes that487

remain invisible to turn-local uncertainty measures.488

8.6 Summary of Findings489

Across analyses, MC-SE exhibits behavior aligned490

with its design objectives. Uncertainty estimates491

are shaped not only by ambiguity in the current492

input but also by compatibility with prior dialogue493

commitments. By conditioning uncertainty on dia-494

logue memory, MC-SE exposes cross-turn failure495

modes, including delayed contradictions and belief496

drift, that are not captured by turn-local uncertainty497

measures.498

9 Discussion499

Our results demonstrate that memory-conditioned500

semantic entropy captures a distinct aspect of un-501

certainty that is overlooked by turn-local measures.502

Our goal is not to outperform semantic entropy in503

aggregate metrics, but to reveal failure modes that504

semantic entropy is structurally unable to detect.505

MC-SE provides complementary diagnostic signal506

by exposing long-horizon inconsistencies that arise507

specifically in multi-turn dialogue.508

MC-SE is not intended as a standalone halluci-509

nation detector, but as an uncertainty signal that510

highlights instability introduced through dialogue511

memory.512

In practice, memory-conditioned uncertainty is513

most valuable in settings involving extended inter-514

actions—such as conversational assistants, tutoring515

systems, or multi-step reasoning agents—where516

maintaining internal consistency over time is criti- 517

cal. 518

10 Conclusion 519

We study hallucination detection in multi-turn dia- 520

logue through the lens of semantic uncertainty. By 521

introducing memory-consistent semantic entropy, 522

we show that conditioning uncertainty on dialogue 523

history enables the detection of long-horizon se- 524

mantic drift that single-turn measures miss. 525

Our findings suggest that hallucinations in dia- 526

logue are fundamentally temporal phenomena, and 527

that uncertainty estimation must account for con- 528

versational memory. We hope this work encour- 529

ages further research on memory-aware evaluation 530

methods for conversational language models. 531

11 Limitations and Future Work 532

This study has several limitations. First, the dia- 533

logue data used in our experiments is synthetically 534

constructed and may not capture the full diversity 535

of real-world conversational behavior. While this 536

controlled setting enables isolation of memory ef- 537

fects, validation on human-curated dialogue data 538

remains an important next step. 539

Second, MC-SE depends on the quality and di- 540

versity of sampled generations. Limited or homoge- 541

neous sampling may reduce its sensitivity to seman- 542

tic divergence. Future work could explore adaptive 543

or budget-aware sampling strategies to mitigate this 544

dependence. 545

From a scalability perspective, estimating se- 546

mantic entropy across multiple samples introduces 547

computational overhead, particularly for long di- 548

alogues. More efficient approximations or incre- 549

mental entropy estimation methods could improve 550

practicality. 551

We focus on a single model to isolate uncertainty 552

behavior, and leave cross-model validation to future 553

work. 554

Finally, the lack of standardized benchmarks 555

for long-horizon hallucination in dialogue limits 556

systematic comparison across methods. Develop- 557

ing shared multi-turn evaluation datasets with con- 558
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trolled consistency regimes would significantly ad-559

vance research on memory-aware uncertainty esti-560

mation.561
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