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Abstract001

Maintaining a stable persona is central to sus-002
tained spoken role-playing, yet when an agent003
breaks character, current evaluations often do004
not isolate which component caused the fail-005
ure, making fixes slow and ad hoc. We pro-006
pose PED (Persona–Emotion Decoupling), a007
diagnostic evaluation framework that treats008
spoken agents as multi-stage systems and de-009
composes persona expression into two observ-010
able routes: what the agent says (text) and011
how it sounds (speech). PED projects tran-012
scripts and audio into a shared affective mea-013
surement space, enabling route-comparable tra-014
jectories and baseline-referenced analyses or-015
ganized by four research questions (separa-016
bility, drift, failures, coupling). We demon-017
strate PED via two worked instantiations span-018
ning an end-to-end Speech LLM and a cas-019
caded LLM+TTS pipeline under a fixed multi-020
phase dialogue protocol. In this instantiated021
setting, PED surfaces four recurring diagnos-022
tic signatures: (i) route-level separability is023
bounded by reference overlap and can dif-024
fer sharply across architectures, (ii) text-route025
drift is stress-linked and tends toward a neutral026
mode, (iii) text–audio consistency is weakly027
coupled, yielding route-asymmetric failures,028
and (iv) audio-route structure can be materi-029
ally shaped by an explicit intermediate style030
cue in cascaded pipelines. Overall, PED re-031
frames holistic “voice+character” grading as032
turn-level, fault-localizing signals that support033
faster debugging and iteration.034

1 Introduction035

Speech large language models (SLLMs) are evolv-036

ing from “listen-and-speak” interfaces into spo-037

ken agents for sustained, fully spoken interaction038

(Zhang et al., 2023, 2025). In companion chat and039

NPC role-playing, users expect agents to stay in040

character over extended conversations; when an041

agent breaks character, perceived interaction qual-042

ity degrades. This calls for diagnostic evaluation043

that supports debugging and improvement. 044

In fully spoken interaction, persona is observable 045

only through the system outputs: what the agent 046

says (text) and how it sounds (speech). This en- 047

ables fault localization: evaluating the two routes 048

separately can localize where degradation origi- 049

nates. In role-playing settings, affect can serve 050

as a shared measurement interface that captures 051

persona-relevant signals across routes, surfacing 052

in lexical choices on the text route and in prosody 053

on the audio route. This yields route-comparable 054

measurements in a shared affective space. 055

However, existing evaluations for spoken role- 056

playing are largely holistic: they assess “voice + 057

character” at the system level, which is useful for 058

comparison but offers limited observability for de- 059

bugging. They rarely provide turn-indexed evi- 060

dence of when degradation begins, nor do they 061

attribute failures to text generation versus acoustic 062

realization in multi-stage systems. As a result, it 063

is difficult to localize failure sources and iterate 064

efficiently. 065

To bridge this gap, we propose PED (Persona– 066

Emotion Decoupling), a diagnostic evaluation 067

framework that projects transcripts and speech into 068

a shared affective measurement space to produce 069

fault-localizing, route-level, turn-indexed evidence 070

for extended spoken role-playing. PED specifies 071

three diagnostic primitives under a fixed multi- 072

phase dialogue protocol: (i) a shared measurement 073

interface that makes text- and audio-route quanti- 074

ties comparable, (ii) per-route stateless baselines 075

(anchors) that provide system-specific reference 076

points, and (iii) turn- and phase-indexed trajectories 077

that expose when degradation emerges. Together, 078

these primitives support attribution to text genera- 079

tion, acoustic realization, or their interaction. We 080

illustrate the framework with two worked instantia- 081

tions spanning two archetypal designs (end-to-end 082

generation vs. cascaded LLM+TTS). 083

Figure 1 illustrates PED and the two observable 084
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Figure 1: PED framework for route-level diagnosis of
persona consistency in long-horizon spoken interaction.

routes used for diagnosis.085

Contributions. We make three contributions: (i)086

we introduce PED, a route-decoupled diagnostic087

framework for spoken role-playing; (ii) PED pro-088

vides turn-level, route-localizing evidence to pin-089

point where persona degradation arises; (iii) we in-090

stantiate PED on two representative spoken-agent091

architectures and show that PED surfaces action-092

able failure sources and motivates targeted fixes.093

1.1 Research Questions094

We organize the analysis around four research ques-095

tions (RQ1–RQ4):096

• RQ1. In the unified affective space, do spo-097

ken agents manifest separable route-level af-098

fect patterns across personas on both text and099

audio routes?100

• RQ2. How do textual and acoustic drift pat-101

terns evolve over dialogues, and do they ex-102

hibit a consistent directional tendency toward103

a dominant region in the shared space?104

• RQ3. How do persona persistence and typical105

failure modes differ between end-to-end and106

cascaded systems?107

• RQ4. How do different personas exhibit dis-108

tinct stability patterns on the text route and109

the audio route, and are textual and acoustic110

personas statistically coupled or largely inde-111

pendent?112

2 Related Work113

2.1 Persona and Role-Playing Evaluation in114

Text Dialogue115

Text-only benchmarks and frameworks evaluate116

whether an agent adheres to a specified persona117

across prompts and scenarios (Samuel et al., 2025;118

El Boudouri et al., 2025; Tu et al., 2024). They119

typically report prompt-level or dialogue-level out- 120

comes, rather than turn-indexed drift trajectories in 121

long-horizon interaction. Recent work also stud- 122

ies persona consistency under multi-turn interac- 123

tion and proposes automatic consistency metrics 124

aligned with human judgments (Abdulhai et al., 125

2025). Fine-grained role-playing benchmarks fur- 126

ther combine persona adherence with complex 127

instruction-following scenarios (Lu et al., 2025). 128

2.2 Spoken-Agent and Speech Role-Playing 129

Evaluation 130

Recent benchmarks extend role-playing evaluation 131

to spoken interaction, assessing holistic “voice + 132

character” behavior across roles and multi-turn di- 133

alogues (Li et al., 2025; Jiang et al., 2025; Wu 134

et al., 2025). While these works enable cross- 135

system comparison, most report aggregated scores 136

over multiple dimensions, offering limited diag- 137

nostic value: they rarely attribute failures to text 138

generation versus acoustic realization, nor pro- 139

vide turn-indexed evidence of when persona drift 140

emerges over long-horizon interaction. Speech- 141

DRAME further argues that zero-shot audio(- 142

language) judges can miss paralinguistic cues and 143

collapse multiple aspects into coarse overall scores, 144

motivating more fine-grained and diagnostically 145

useful evaluation (Shi et al., 2025). 146

2.3 Text–Audio Affective Mismatch and 147

Disentanglement 148

Several studies probe situations where lexical and 149

acoustic cues conflict and show that current spoken 150

models may rely predominantly on textual seman- 151

tics for emotion judgments (Corrêa et al., 2025; 152

Chen et al., 2025). Other work treats acoustic– 153

textual emotional inconsistency as a learnable sig- 154

nal in downstream tasks (Su et al., 2024), and dis- 155

entangles textual versus acoustic factors in learned 156

speech representations (Mohebbi et al., 2024). 157

These lines motivate route-separated measurement 158

under a shared affective lens. 159

3 Method 160

3.1 Setting & Architectures 161

We study role-conditioned spoken dialogue. At 162

turn t, given a persona specification p and dialogue 163

context 164

Ct =
[
(u1, r1), . . . , (ut−1, rt−1), ut

]
, (1) 165
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the agent outputs a reply transcript rt and a cor-166

responding speech signal at, where ut is the user167

utterance at turn t.168

Primary measurements. To focus the study, we169

operationalize the two routes via two affect-based170

measures: textual emotion consistency (TEC) on171

transcripts rt and acoustic emotion consistency172

(AEC) on speech at.173

End-to-end Speech LLM. An end-to-end model174

generates text and speech jointly:175

(rt, at) = E2E(Ct, p). (2)176

Cascaded pipeline. A cascaded system first gen-177

erates reply text and a style cue st, then synthesizes178

speech conditioned on st:179

(rt, st) = LLM(Ct, p), (3)180

at = TTS(rt, st; v), (4)181

where v is a fixed speaker prompt (voice reference)182

used to control timbre, kept constant across per-183

sonas and turns (Section 4.4).184

3.2 PED Representation185

PED evaluates the text and audio routes through a186

shared affective measurement interface. In our in-187

stantiation, this interface is the probability simplex188

over a fixed label set:189

E = {angry, disgust, fear, happy,190

neutral, sad, surprised}. (5)191

Two fixed projectors map a reply transcript and its192

realized speech into affect vectors, etext
t , eaudio

t ∈193

∆|E|−1 ⊂ R|E|. For persona p and route r ∈194

{text, audio}, we denote the per-turn measurement195

as ert,p.196

We treat the projectors as measurement in-197

struments rather than oracle emotion annotators.198

Trained on human-labeled emotion data, they pro-199

vide a practical affect proxy. However, calibration200

can shift on synthetic speech and stress prompts, so201

we restrict all findings to within-projector compar-202

isons. Labels in E (e.g., angry) name coordinates203

of the projector outputs and should not be read as204

calibrated ground-truth emotion annotations. Un-205

der this interpretation, the shared coordinate sys-206

tem enables route-comparable alignment to anchors207

and cross-route correlation analyses, yielding turn-208

level, fault-localizing signals over long dialogues.209

PED is modular: both E and the projectors can 210

be replaced (e.g., with continuous VAD coordi- 211

nates), as long as both routes are evaluated in the 212

same shared space. 213

Stateless anchors. Reference-based diagnosis re- 214

quires a baseline for each system, persona, and 215

route. We therefore define a route-specific anchor 216

gr
b(p) as the system’s in-character affect fingerprint 217

for p, estimated independently per (system, p, r) to 218

avoid imposing a cross-system reference. 219

Concretely, we generate K=20 single-turn re- 220

sponses for persona p in fresh sessions with 221

empty dialogue history to estimate an in-character 222

baseline unaffected by long-context accumulation, 223

project each sample to erk(p) using the fixed route 224

projector, and take the mean: 225

gr
b(p) =

1

K

K∑
k=1

erk(p). (6) 226

With this anchor, stateful vectors are interpreted 227

as deviations from the same system’s own anchor 228

under a fixed projector, so drops in alignment indi- 229

cate degradation relative to its in-character baseline 230

rather than cross-system mismatch. 231

Stateful three-phase dialogue. We use a fixed 232

25-turn dialogue script with three phases: Baseline 233

(1–5), Stress (6–20), and Recovery (21–25). Base- 234

line verifies role instantiation under low pressure; 235

Stress applies escalating challenges (e.g., skepti- 236

cism, disagreement, and higher affective load); Re- 237

covery returns to routine prompts to probe rever- 238

sion toward the route-specific baseline. For each 239

persona, we run one continuous dialogue where 240

turn t conditions on the full history Ct. At each 241

turn, we log rt and at and compute etext
t,p and eaudio

t,p 242

for evaluation. This three-phase script is one in- 243

stantiation motivated by everyday conversation dy- 244

namics; other PED instantiations can substitute 245

alternative scripts as needed. 246

3.3 Metrics 247

For each persona p ∈ P and route r ∈ 248

{text, audio}, at turn t we obtain a route-level af- 249

fect vector ert,p ∈ R|E| and the corresponding an- 250

chor gr
b(p) ∈ R|E|. 251

RQ1: Are personas separable on each route? 252

We assess separability from two complementary 253

views. 254
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Anchor geometry (pre-dialogue). We charac-255

terize how distinct the persona fingerprints are be-256

fore long-horizon interaction by pairwise cosine257

similarities among anchors:258

Gr(p, q) = cos
(
gr
b(p),g

r
b(q)

)
, p ̸= q. (7)259

Higher Gr(p, q) indicates stronger overlap and an260

upper bound on achievable separability on route r.261

Nearest-anchor separability (in-dialogue). For262

each turn and route, we assign the observed vector263

to the closest persona anchor:264

p̂rt = argmax
p′∈P

cos
(
ert,p,g

r
b(p

′)
)
. (8)265

We report accuracy (against the conditioned per-266

sona p) and the prediction distribution to diagnose267

prototype collapse.268

RQ2: How does drift evolve over long dialogues269

and phases? We track anchor alignment as a per-270

turn trajectory and summarize it by phase.271

Anchor alignment (trajectory). We measure272

turn-level alignment to the corresponding anchor273

by cosine similarity:274

simr
t (p) = cos

(
ert,p,g

r
b(p)

)
. (9)275

Phase-wise stability. For each phase276

ϕ ∈ {Baseline,Stress,Recovery}, we summa-277

rize {simr
t (p)}t∈ϕ by mean and variance, yielding278

phase-dependent stability profiles.279

Dominance and prototype collapse. To test280

whether trajectories concentrate on a single label281

coordinate in the shared affective measurement282

space without pre-specifying which coordinate, we283

track the dominant label coordinate:284

êrt (p) = argmax
e∈E

ert,p[e]. (10)285

We summarize phase-wise dominant-label frequen-286

cies of êrt (p). When a particular coordinate be-287

comes dominant, we further analyze its probability288

mass across phases, to better characterize phase-289

linked concentration in the shared space.290

Cross-persona convergence (per turn index).291

We compute Convrt across the three persona-292

specific runs aligned by the same script index t.293

At each script turn index t, we compute the average294

pairwise cosine similarity among personas:295

Convrt =
2

|P|(|P| − 1)

∑
p<q

cos
(
ert,p, e

r
t,q

)
, (11)296

and report phase-wise aggregates to reveal whether297

personas collapse toward a shared affect mode.298

RQ3: How do failure modes differ across archi- 299

tectures? We compute the full set of RQ1–RQ2 300

metrics for each system and compare (i) anchor 301

geometry and separability, (ii) drift trajectories and 302

phase-wise stability, and (iii) convergence patterns, 303

to localize architecture-dependent failures to the 304

text route, the audio route, or their interaction. 305

RQ4: Are TEC and AEC coupled, and do per- 306

sonas differ systematically? Persona-specific 307

differences are reflected by the phase-wise stabil- 308

ity summaries above (RQ2) and by separability 309

(RQ1). To measure cross-modal coupling within 310

the same dialogue, we compute Pearson correlation 311

between text- and audio-route alignment trajecto- 312

ries for each persona: 313

ρ(p) = corrt
(
simtext

t (p), simaudio
t (p)

)
. (12) 314

Low |ρ(p)| suggests route-asynchronous behavior 315

under the fixed projectors in this instantiation. 316

4 Experimental Setup 317

We instantiate PED in the few-billion-parameter 318

regime to reflect common latency, cost, and on- 319

device constraints and to contrast end-to-end versus 320

cascaded pipelines under controlled scale. Within 321

each configuration, prompts and decoding settings 322

are kept fixed across personas (no per-persona tun- 323

ing), so differences are attributable to architecture- 324

and persona-conditioned behavior under the same 325

evaluation procedure. 326

4.1 Models and Personas 327

Systems. To control for model scale while iso- 328

lating end-to-end versus cascaded design choices, 329

PED is instantiated with two Qwen-family spoken- 330

agent configurations: 331

• End-to-end (E2E). Qwen2.5-Omni-3B (Xu 332

et al., 2025). 333

• Cascaded (Cascade). Qwen2.5-3B-Instruct 334

(Qwen Team, 2024) + IndexTTS2(Zhou et al., 335

2025). 336

Personas. In this experimental instantiation, the 337

persona set P consists of three Big Five personas. 338

Specifically, we use Conscientiousness (C), Ex- 339

traversion (E), and Neuroticism (N), operational- 340

ized via NEO-PI-R facets (Costa and McCrae, 341

1992). These personas induce distinct affective 342

and stress-response tendencies that are salient un- 343

der the baseline–stress–recovery protocol (e.g., 344
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System Route Module Pers. Turns (B/S/R) Anchors

E2E TEC Omni-3B C/E/N 25 (5/15/5) K=20
E2E AEC Omni-3B C/E/N 25 (5/15/5) K=20
Cascade TEC Qwen-3B C/E/N 25 (5/15/5) K=20
Cascade AEC IndexTTS2 C/E/N 25 (5/15/5) K=20

Table 1: Evaluation setup. Each persona has K=20
stateless anchor samples per route. Turns are split into
Baseline/Stress/Recovery.

controlled/task-oriented vs. positively engaged vs.345

stress-reactive behavior). For each persona, a fixed346

system prompt specifies behavioral constraints, and347

prompt wording is kept as consistent as allowed by348

each interface.349

Table 1 summarizes the evaluation matrix and350

the Baseline/Stress/Recovery turn split.351

4.2 Affect Projectors352

PED instantiates the shared affective space in353

Section 3.2 with two fixed projectors. For text,354

j-hartmann/emotion-english-distilroberta-base355

is used. For speech, firdhokk/speech-emotion-356

recognition-with-openai-whisper-large-v3 is357

used. Each projector’s native outputs are mapped358

into E and reordered to a fixed index order,359

yielding one vector per turn and route.360

4.3 Dialogue Runs and Logged Data361

For each persona–system pair, PED collects (i)362

K=20 stateless anchor samples per route and (ii)363

one stateful dialogue run following the baseline–364

stress–recovery protocol. At each turn, the reply365

transcript rt, the speech waveform at, and the cor-366

responding route-level affect vectors are logged.367

For the cascaded configuration, the intermediate368

style cue st emitted by the LLM is additionally369

logged.370

4.4 Implementation Controls371

Style cue and timbre control. In the cascaded372

configuration, the LLM emits a short style cue st373

that conditions IndexTTS2 at synthesis. We fix374

speaker identity by using a single persona-agnostic375

neutral voice reference (model-synthesized) as the376

speaker prompt v for all personas and turns. For a377

cleaner architecture contrast, we keep the speaker378

reference consistent with the end-to-end system’s379

default voice; this neutral reference is generated380

once offline and reused unchanged throughout all381

cascaded runs.382

Figure 2: Top: TEC anchors for E2E and Cascade;
Bottom: AEC anchors.

Decoding. Decoding settings are fixed within 383

each configuration and kept unchanged across per- 384

sonas. 385

5 Results and Analysis 386

We analyze one primary dialogue run in the main 387

text; Appendices B and C report reruns indicating 388

the qualitative patterns are not artifacts of a single 389

run. 390

5.1 Anchor Fingerprints and Persona 391

Separability 392

We first characterize stateless persona anchors. Fig- 393

ure 2 reports mean 7D affect vectors over K=20 394

anchor samples for each persona and route. 395

Anchor geometry bounds separability. Anchor 396

overlap differs sharply by route and architecture. 397

On the audio route, E2E anchors nearly overlap 398

(pairwise cosine 0.984–0.999), whereas Cascade 399

anchors are substantially more separated (minimum 400

cosine ≈0.270 between E and N). On the text route, 401

anchors are more separated for both systems (min- 402

imum cosine ≈0.63 for E2E/TEC and ≈0.61 for 403

Cascade/TEC). This geometry constrains nearest- 404

anchor separability, especially for E2E/AEC where 405

anchor overlap is highest. 406

Nearest-anchor assignment: weak separability 407

with prototype bias. Table 2 reports in-dialogue 408

separability via nearest-anchor assignment. On the 409

text route, accuracy is low for both systems and is 410
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System Route All C E N

E2E TEC 38.7 100.0 8.0 8.0
Cascade TEC 44.0 80.0 12.0 40.0
E2E AEC 30.7 60.0 8.0 24.0
Cascade AEC 44.0 28.0 28.0 76.0

Table 2: Nearest-anchor persona classification accuracy
(%) in the shared 7D affective space (chance: 33.3%).

Setting Pred C Pred E Pred N

E2E/TEC 93.3 2.7 4.0
Cascade/TEC 72.0 10.7 17.3
E2E/AEC 62.7 4.0 33.3
Cascade/AEC 16.0 25.3 58.7

Table 3: Nearest-anchor assignment distribution (%) on
drift-dialogue turns.

dominated by C. On the audio route, the architec-411

tures diverge: E2E is near chance overall, while412

Cascade is above chance and recovers N strongly,413

consistent with the more separated Cascade/AEC414

anchors in Figure 2. Because accuracy can mask415

collapse, Table 3 shows the full prediction distribu-416

tion: E2E/TEC assigns most turns to C, whereas417

Cascade/AEC assigns most turns to N.418

5.2 Text Route: Drift, Phase Effects, and419

Neutralization420

We next analyze long-horizon dynamics on the text421

route. Table 4 summarizes phase-wise TEC-sim,422

and Figure 3 shows turn-level trajectories.423

Phase effects and stability ordering. C main-424

tains the highest TEC-sim across phases in both425

systems (Table 4). In the cascaded system, E and426

N exhibit a stress-triggered regime shift: TEC-sim427

drops at stress onset and remains low through recov-428

ery (Table 4; Figure 3). In the end-to-end system,429

phase-wise means vary mildly for C, while E and430

N remain consistently lower than C (Table 4).431

Dominant-label analysis and a neutral-heavy432

region. We inspect the dominant-emotion label433

êtext
t (p) and find that neutral is the most frequent434

dominant label on the text route (Table 6), moti-435

vating a focused analysis of the neutral coordinate436

across phases (Table 5). Phase-wise neutral mass437

changes systematically: stress increases neutral for438

E in both systems and for E2E N, while Cascade439

N shows the opposite tendency. At the turn level,440

neutral is dominant in many settings, but not exclu-441

sively so: N exhibits non-neutral dominant labels442

(e.g., fear) and seed-dependent mode switching in443

System Pers. Base Stress Rec.

E2E C 0.942 0.943 0.953
E2E E 0.663 0.666 0.692
E2E N 0.569 0.528 0.615
Cascade C 0.793 0.736 0.730
Cascade E 0.665 0.509 0.345
Cascade N 0.624 0.517 0.434

Table 4: Phase-wise TEC-sim (cosine similarity to text-
side persona anchors).

Figure 3: Turn-level TEC-sim and AEC-sim trajectories
under the baseline–stress–recovery protocol. Shaded
regions denote phases.

recovery (Table 6; Appendix B). Together with bi- 444

ased nearest-anchor predictions (Table 3), these 445

patterns indicate a tendency for TEC trajectories to 446

concentrate in a neutral-heavy region under long- 447

horizon interaction. 448

Cross-persona geometry under stress. Text- 449

route cross-persona convergence Convtext
t shows 450

a phase-dependent reversal: E2E becomes more 451

convergent at Stress (0.704→0.919→0.872), 452

while Cascade becomes less convergent 453

(0.741→0.594→0.731) for Base/Stress/Rec. 454

This indicates that drift can reshape cross-persona 455

geometry in opposite directions depending on 456

architecture. 457

5.3 Audio Route: Drift and Architectural 458

Differences 459

We examine audio-route dynamics next. Table 7 460

reports phase-wise AEC-sim and Figure 3 shows 461

trajectories. 462
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System Pers. Base Stress Rec.

E2E C 0.887 0.802 0.756
E2E E 0.576 0.664 0.708
E2E N 0.771 0.801 0.641
Cascade C 0.788 0.712 0.778
Cascade E 0.635 0.754 0.571
Cascade N 0.510 0.432 0.404

Table 5: Phase-wise neutral probability in TEC emotion
vectors.

System Pers.Top-1=NeutralTop-1=Happy (E)Top-1=fear (N)

E2E C 100.0 – –
E2E E 84.0 4.0 –
E2E N 88.0 – 8.0
CascadeC 80.0 – –
CascadeE 76.0 8.0 –
CascadeN 52.0 – 12.0

Table 6: Turn-level dominance rates (%) in TEC emo-
tion vectors. “Top-1” denotes the argmax emotion label.

E2E: high AEC-sim, weak discriminability, and463

a projector-labeled dominant mode. E2E ex-464

hibits uniformly high AEC-sim across personas465

(Table 7) yet near-chance persona separability466

on the audio route (Table 2), consistent with467

near-overlapping AEC anchors (Figure 2).Under468

the AEC projector, probability mass often con-469

centrates on angry on drift-dialogue turns (Ap-470

pendix A); angry here is a projector coordinate471

(Section 3.2). Under this AEC projector, this domi-472

nance yields highly similar measured AEC repre-473

sentations across personas, consistent with the near-474

overlapping acoustic anchors; we do not attribute475

this pattern uniquely to model behavior versus in-476

strument effects.477

Cascade: persona-structured AEC and the role478

of the style cue. Cascade shows higher AEC sep-479

arability than E2E (Tables 2). In a style-cue abla-480

tion (Appendix A), we regenerate speech from the481

same texts with st = ∅ while keeping IndexTTS2482

and the speaker prompt v fixed. Removing st shifts483

cascaded AEC toward an angry-dominant distribu-484

tion and weakens persona-distinct structure. Under485

comparison, the mean AEC becomes closer to the486

E2E reference, with persona-dependent magnitude.487

5.4 Robustness Checks488

Rerunning cascaded dialogues with three random489

seeds confirms that TEC trends are qualitatively490

stable: for E, neutral-dominance and stress-linked491

suppression of persona-typed happy persist; for N,492

Recovery exhibits seed-dependent mode switching493

System Pers. Base Stress Rec.

E2E C 0.773 0.842 0.828
E2E E 0.831 0.809 0.819
E2E N 0.848 0.869 0.894
Cascade C 0.720 0.812 0.826
Cascade E 0.518 0.427 0.604
Cascade N 0.651 0.784 0.975

Table 7: Phase-wise AEC-sim (cosine similarity to
audio-side persona anchors).

Figure 4: Pearson correlation between per-turn TEC-
sim and AEC-sim across personas and architectures.

(primarily among neutral/surprised/fear, with occa- 494

sional anger/sadness); for C, both phase-wise TEC- 495

sim and dominant-label statistics remain nearly un- 496

changed across seeds (max∆ ≤ 0.003 per phase; 497

Appendix B). For E2E, explicit seed control is un- 498

available; we therefore rerun each dialogue three 499

times under identical prompts and decoding and 500

observe small dispersion in phase-wise means 501

(max∆ ≤ 0.0239 for TEC and ≤ 0.0182 for AEC; 502

Appendix C). 503

5.5 Instrumented TEC–AEC Coupling 504

We measure cross-modal coupling by Pearson 505

correlation between per-turn TEC-sim and AEC- 506

sim. Correlations are consistently weak across per- 507

sonas and architectures (Figure 4), indicating route- 508

asynchronous behavior under the fixed projectors 509

used in this instantiation. 510

6 Discussion 511

We distill a set of practical takeaways from Sec- 512

tion 5 for interpreting the measured patterns under 513

our instantiation: (i) three reading rules for route- 514

level scores, (ii) evidence on control channels and 515

text–acoustic dissociation, and (iii) robustness and 516

persona-specific dynamics, followed by implica- 517
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tions for model design.518

6.1 How to Read Route-Level Scores519

Rule 1: Anchor geometry bounds separabil-520

ity. When persona anchors overlap, high simi-521

larity to an anchor can reflect a shared affect fin-522

gerprint rather than persona-distinct behavior. In523

this regime, separability can be weak even when524

route-level similarity is uniformly high.525

Rule 2: Text-route failures often appear as col-526

lapse toward a shared mode. On the text route,527

failure may manifest as (i) biased nearest-anchor528

assignments and (ii) dominant-label concentration529

in a neutral-heavy region. Here, reduced separabil-530

ity is driven by convergence to a shared prototype531

rather than by the absence of anchor structure.532

Rule 3: Drift can reshape cross-persona geome-533

try. Stress can change relative geometry among534

personas, producing cross-persona convergence or535

divergence depending on architecture. Drift there-536

fore manifests not only as reduced anchor align-537

ment, but also as changes in cross-persona dis-538

tances in the shared space.539

6.2 Control Channels and Text–Acoustic540

Dissociation541

In the cascaded pipeline, TEC for E/N shifts af-542

ter stress onset while AEC remains comparatively543

structured, suggesting text–acoustic dissociation544

under stress. A key architectural difference is that545

the cascaded system exposes an explicit style cue546

st to the TTS.547

The style-cue ablation provides diagnostic evi-548

dence that this intermediate control channel con-549

tributes to persona-structured AEC: removing st550

weakens persona-distinct AEC structure and shifts551

representations toward a single dominant projector552

coordinate (Appendix A). This indicates that route-553

level persona expression can depend on whether a554

system exposes a controllable prosody pathway.555

6.3 Robustness and Persona-Specific556

Dynamics557

Robustness checks support that the reported pat-558

terns are not artifacts of a single run. For cascaded559

TEC, multi-seed reruns show that C is effectively560

invariant across seeds, while E consistently exhibits561

a neutral-heavy tendency with stress-linked sup-562

pression of persona-typed happy (Appendix B).563

In contrast, N is more seed-sensitive in Recov-564

ery: although neutral remains frequent, the dom-565

inant label can switch across runs among a small 566

set of modes (e.g., neutral/fear/surprised), suggest- 567

ing multiple plausible post-stress outcomes under 568

the same protocol rather than a single determin- 569

istic trajectory (Appendix B). For E2E, rerunning 570

each dialogue three times yields small dispersion in 571

phase-wise TEC/AEC alignment summaries (Ap- 572

pendix C), indicating that the qualitative conclu- 573

sions are not driven by an idiosyncratic decoding 574

outcome in this instantiation. 575

6.4 Implications for Model Design 576

Route-localizing diagnostics point to different inter- 577

vention targets across architectures. For end-to-end 578

models, the audio-route issue is weak persona sep- 579

arability (bounded by near-overlapping acoustic 580

anchors) rather than low anchor alignment; improv- 581

ing audio-route controllability and persona-distinct 582

prosody is a priority. For cascaded systems, an 583

explicit control channel can benefit the audio route, 584

but the text route remains the bottleneck under 585

stress; improving long-context persona adherence 586

on the text route while preserving and validating 587

the style-cue pathway is critical. 588

7 Conclusion and Future Work 589

We presented PED, a route-decoupled diagnostic 590

framework for long-horizon spoken role-playing 591

that analyzes what an agent says and how it sounds 592

in a shared affective measurement space with turn- 593

and phase-indexed evidence. We instantiated PED 594

on two archetypal spoken-agent designs (end-to- 595

end vs. cascaded) under a fixed multi-phase dia- 596

logue script. In this instantiated setting, PED pro- 597

vides fault-localizing diagnostics and directly in- 598

forms route-specific intervention targets, enabling 599

more targeted debugging than holistic scores. 600

Future Work. We will extend PED along four 601

axes: (i) broader model families and additional 602

spoken-agent architectures; (ii) richer persona 603

sets and dialogue scenarios (including alternative 604

stressors and languages); (iii) alternative route- 605

comparable measurement interfaces beyond affect, 606

including different label spaces and projectors, to 607

characterize persona with a wider set of observ- 608

able signals; (iv) systematic multi-run studies and 609

targeted human listening studies to test whether 610

route-level diagnostics predict perceived persona 611

drift and to calibrate measurement choices for spo- 612

ken interaction. 613
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Limitations614

Scope of the instantiation. We instantiate PED615

on two ∼3B spoken-agent configurations, three616

Big Five personas (C/E/N), and a fixed baseline–617

stress–recovery script with decoding held constant618

within each system. Findings are diagnostics un-619

der this controlled setting and do not necessarily620

generalize across model families, languages, dia-621

logue scenarios, or prompting/decoding choices.622

Anchors are defined per (system, persona, route),623

so PED primarily supports within-system diagno-624

sis; cross-system use requires a matched protocol625

and measurement interface.626

Dependence on the measurement instrument.627

PED relies on a shared, route-comparable mea-628

surement interface. In this instantiation, we use629

two fixed, off-the-shelf affect projectors mapping630

transcripts and audio into a 7D label simplex. Pro-631

jectors are trained on human-labeled emotion data632

and thus can capture a coarse subset of human af-633

fective signals, even though they are not calibrated634

for our setting. Projectors may be miscalibrated for635

synthetic speech or stress prompts, and the label636

set may discard nuance; we therefore treat outputs637

as instrument coordinates rather than ground-truth638

emotions. Because anchors and drift are measured639

by the same instrument, systematic biases can yield640

internally consistent but instrument-specific pat-641

terns, and coordinate names (e.g., angry) need not642

match human perception. Accordingly, PED char-643

acterizes degradation in the chosen measurement644

space; alternative instruments may change apparent645

separability and dominant coordinates.646

Affective proxy for persona. PED operational-647

izes persona through affective expression to obtain648

route-comparable measurements. This proxy does649

not capture non-affective cues such as discourse650

organization, factual consistency, long-term goal651

maintenance, or stylistic idiolect. Our conclusions652

therefore concern affective persona expression and653

its stability, not a complete measure of character654

fidelity.655

Single-run protocol and stochasticity. The656

main text analyzes one primary stateful dialogue657

run per persona–system pair, with limited reruns658

for robustness. Stochastic decoding can yield alter-659

native trajectories and randomness control is asym-660

metric across architectures, so we restrict claims to661

qualitative patterns that persist across the reported662

runs.663

Ethical Considerations 664

All data analyzed in this paper are model-generated 665

text and speech. We do not collect or release 666

any real user conversations, personal identifiers, 667

or recordings from real individuals. 668

PED uses concepts from personality psychol- 669

ogy only to define virtual personas for role-playing 670

evaluation. It is not intended to diagnose, label, or 671

infer the personality of real people. Applying PED- 672

like measurements to real-user content would raise 673

privacy and consent concerns and should require 674

informed consent, appropriate anonymization, and 675

compliance with relevant regulations. 676

Persona-consistent spoken agents can be mis- 677

used for deceptive or manipulative interactions 678

(e.g., impersonation or emotionally persuasive be- 679

havior). PED is an evaluation framework that 680

surfaces persona drift and route-specific failures; 681

it does not introduce new capabilities for voice 682

cloning or targeted persuasion. We encourage de- 683

ployment with transparency and safeguards (e.g., 684

disclosure of synthetic speech and abuse monitor- 685

ing) in user-facing applications. 686
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Persona Setting Turns
Top-1
Angry

Top-1
Surpr.

Mean
Angry

Mean
Surpr.

Cos to
E2E (1–25)

C Cascade (w/ st) 1–25 52.0 48.0 0.502 0.472 0.934
C Cascade (w/o st) 1–25 100.0 0.0 0.980 0.007 0.928
C E2E (reference) 1–25 72.0 28.0 0.705 0.289 1.000

E Cascade (w/ st) 1–25 32.0 68.0 0.349 0.631 0.806
E Cascade (w/o st) 1–25 100.0 0.0 0.990 0.002 0.909
E E2E (reference) 1–25 72.0 28.0 0.679 0.314 1.000

N Cascade (w/ st) 1–25 20.0 76.0 0.201 0.731 0.497
N Cascade (w/o st) 1–25 96.0 4.0 0.937 0.050 0.980
N E2E (reference) 1–25 84.0 16.0 0.790 0.204 1.000

Table 8: style-cue ablation in the cascaded pipeline. We fix transcripts and regenerate speech with IndexTTS2 using
the same speaker prompt v, toggling only st. Statistics are computed over turns 1–25; cosine compares the cascaded
mean 7D AEC vector to the E2E mean AEC over the same turns.

Seed
Top-1 Neutral

(All)
Top-1 Neutral

(Stress)
Top-1 Neutral

(Rec.)
TEC-sim mean

(Base/Stress/Rec)

Seed 1 80.0 80.0 80.0 0.811/0.761/0.754
Seed 2 80.0 80.0 80.0 0.811/0.758/0.756
Seed 3 80.0 80.0 80.0 0.813/0.759/0.757

Table 9: (Cascade, TEC, C; turns 1–25): C remains stable across seeds; phase-wise TEC-sim varies by at most
∼0.003 per phase, and Top-1 neutral rates are unchanged.

Seed
Top-1 Neutral

(All)
Top-1 Neutral

(Stress)
Top-1 Neutral

(Rec.)
happy mean

(Base/Stress/Rec)

Seed 1 72.0 66.7 80.0 0.330/0.125/0.019
Seed 2 76.0 80.0 80.0 0.407/0.190/0.009
Seed 3 92.0 93.3 100.0 0.296/0.041/0.028

Table 10: (Cascade, TEC, E; turns 1–25): E is consistently neutral-dominant across seeds, and persona-typed happy
is strongly suppressed after stress onset.

Seed
Top-1 Neutral

(All)
Top-1 Neutral

(Stress)
Top-1 Neutral

(Rec.) Recovery Top-1 modes (Rec., 21–
25)

Fear mean
(Rec.)

Seed 1 64.0 66.7 60.0 Neutral 60% + Surprise 40% 0.165
Seed 2 72.0 80.0 60.0 Neutral 60% + Surprise 20% + Sad-

ness 20%
0.063

Seed 3 48.0 53.3 20.0 Fear 60% + Anger 20% + Neutral
20%

0.483

Table 11: (Cascade, TEC, N; turns 1–25): N is seed-sensitive in recovery, showing mode switching among a small
set of dominant affect states (e.g., neutral/surprise/fear).

TEC-sim (mean±std) AEC-sim (mean±std) max∆ (max–min)
Persona Base Stress Rec. Base Stress Rec. TEC AEC

C 0.951±0.0002 0.953±0.003 0.968±0.002 0.765±0.0092 0.838±0.0058 0.829±0.0020 0.0050 0.0166
E 0.696±0.002 0.703±0.013 0.725±0.012 0.827±0.0052 0.799±0.0018 0.826±0.0045 0.0239 0.0104
N 0.577±0.007 0.548±0.005 0.644±0.012 0.831±0.0025 0.861±0.0019 0.878±0.0094 0.0221 0.0182

Table 12: E2E multi-run robustness over three reruns (turns 1–25; Base: 1–5, Stress: 6–20, Rec.: 21–25).
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