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Abstract001

Large language models are increasingly de-002
ployed in multi-turn settings such as tutoring,003
support, and counseling, where reliability de-004
pends on preserving consistent roles, personas,005
and goals across long horizons. This require-006
ment becomes critical when LLMs are used007
to generate synthetic dialogues for training008
and evaluation, since LLM–LLM conversations009
can accumulate identity-related failures such010
as persona drift, role confusion, and “echo-011
ing”, where one agent gradually mirrors its012
partner. We introduce SPASM (Stable Persona-013
driven Agent Simulation for Multi-turn dia-014
logue generation), a modular, stability-first015
framework that decomposes simulation into (i)016
persona creation via schema sampling, plau-017
sibility validation, and natural-language per-018
sona crafting, (ii) Client–Responder dialogue019
generation, and (iii) termination detection for020
coherent stopping. To improve long-horizon021
stability without changing model weights, we022
propose Egocentric Context Projection (ECP):023
dialogue history is stored in a perspective-024
agnostic representation and deterministically025
projected into each agent’s egocentric view be-026
fore generation. Across three LLM backbones027
(GPT-4o-mini, DeepSeek-V3.2, Qwen-Plus)028
and nine Client–Responder pairings, we con-029
struct a dataset of 4,500 personas and 45,000030
conversations (500 personas × 10 conversations031
per pairing). Ablations show ECP substantially032
reduces persona drift and, under human vali-033
dation, eliminates echoing; embedding analy-034
ses recover persona structure and reveal strong035
responder-driven interaction geometry.036

1 Introduction037

Large language models (LLMs) are widely de-038

ployed in multi-turn interactions, in settings such039

as tutoring (Chen et al., 2024), customer support040

(Hong et al., 2025), health (He et al., 2025), emo-041

tional support (Yuan et al., 2025; Laban et al.,042

2025), and counseling (Han et al., 2025). Stud-043

ies demonstrate how people open up and maintain 044

meaningful verbal interactions with those agents 045

(Laban and Cross, 2024), however, multi-turn in- 046

teractions are often prone to a variety of potential 047

errors, ranging from factual inconsistency and goal 048

drift to breakdowns in instruction adherence and in- 049

teraction coherence as context accumulates. These 050

settings therefore require models to sustain reliable 051

behavior over long horizons, not only producing 052

locally helpful responses but also maintaining con- 053

sistency across turns. 054

This motivates a growing need for high-quality, 055

diverse, and controllable multi-turn dialogue data. 056

Such data supports model improvement (e.g., via 057

training and alignment toward reliable responses 058

(Han et al., 2025; Ouyang et al., 2022; Bai et al., 059

2022b,a)), and it is also central for auditing model 060

behavior, enabling more reliable evaluation of bias, 061

conversational skills, and safety risks in realistic 062

interaction contexts (Liang et al., 2022; Gehman 063

et al., 2020; Lin et al., 2022; Srivastava et al., 2023; 064

Luo and Laban, 2025). Beyond training and evalu- 065

ation, real-world multi-turn dialogue provides an 066

empirical basis for understanding how people ex- 067

press themselves and interact in specific contexts 068

(Laban and Cross, 2024; Laban, 2024). In practice, 069

however, collecting such human dialogues at scale 070

is often costly and constrained (Henderson et al., 071

2018; Bender et al., 2021; Carlini et al., 2021), par- 072

ticularly when privacy must be preserved, diverse 073

populations need to be covered, and fine-grained 074

control over roles and contexts is required. 075

Against this backdrop, LLM-based dialogue syn- 076

thesis has emerged as an appealing approach to 077

data construction, supported by strong generative 078

and instruction-following capabilities. Prior work 079

has explored LLM-based pipelines for synthesiz- 080

ing multi-turn dialogues, including self-chat (Xu 081

et al., 2023) and role-play (Li et al., 2023) between 082

LLM agents, as well as simulation with memory 083

(Park et al., 2023). Compared to single-agent gen- 084
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eration (Laban et al., 2024), LLM–LLM interac-085

tion is particularly well suited as data-generation086

infrastructure by allowing scalable synthesis un-087

der explicit control of roles, personas, and inter-088

action constraints, supporting both targeted model089

training and systematic analysis of long-horizon090

behaviors under controlled conditions. However,091

existing LLM–LLM frameworks face a key bottle-092

neck: over long conversations, agents may grad-093

ually deviate from their assigned identities and094

goals, exhibiting instruction drift (Li et al., 2024),095

personality shift (Chen et al., 2025), and echoing096

(Shekkizhar et al., 2025), where one agent mirrors097

the other’s language and stance. This phenomenon098

arises broadly across models and domains and be-099

comes more likely as conversations lengthen, lead-100

ing to identity collapse despite superficially fluent101

exchanges (Shekkizhar et al., 2025). These fail-102

ures undermine controllability: once an agent’s103

role or persona drifts, the generated dialogue no104

longer corresponds to the intended specification,105

contaminating synthetic corpora and weakening106

downstream training, evaluation, and analysis.107

In this paper, we aim to address this problem by108

proposing SPASM (Stable Persona-driven Agent109

Simulation for Multi-turn dialogue generation), a110

stability-first persona-driven simulation framework111

for controllable data generation. SPASM modu-112

larizes persona-driven simulation into (i) persona113

generation via schema sampling, plausibility vali-114

dation, and natural-language persona crafting, (ii)115

LLM–LLM dialogue simulation between a persona-116

enacting Client and a Responder model, and (iii)117

termination detection for coherent stopping. To118

ensure long-horizon stability, we introduce Ego-119

centric Context Projection (ECP): we store the120

shared dialogue history in a perspective-agnostic121

form and project it into each agent’s egocentric122

view (e.g., SELF vs. PARTNER) before condition-123

ing generation. Our central perspective is to pro-124

vide a lightweight solution for moving from being125

able to generate dialogues to being able to generate126

these stably, keeping dialogues role-consistent and127

behaviorally coherent over time. To the best of128

our knowledge, SPASM is the first framework to129

treat LLM–LLM multi-turn dialogue simulation as130

data-generation infrastructure while explicitly tar-131

geting long-horizon identity-related failures (e.g.,132

role confusion and echoing) under fine-grained pop-133

ulation and interaction control.134

Our main contributions are threefold:135

• We propose SPASM, a modular simulation 136

framework that integrates persona validation, 137

natural language crafting, and termination de- 138

tection to enable high-quality, controllable 139

multi-turn dialogue generation. 140

• We introduce Egocentric Context Projec- 141

tion (ECP), a novel history construction 142

mechanism that projects perspective-agnostic 143

dialogue history into agent-specific views. 144

Across models and domains, ECP reduces 145

role confusion (specifically “echoing”) to 146

near-zero and significantly mitigates long- 147

horizon persona drift compared to standard 148

history concatenation. Crucially, we show 149

that a minimal change in how dialogue history 150

is represented and projected yields substantial 151

improvements in generation stability. 152

• We construct and analyze a large-scale di- 153

alogue dataset generated across nine client- 154

responder backbone combinations (using 155

GPT-4o-mini, DeepSeek-V3.2, and Qwen- 156

Plus). We provide a comprehensive geometric 157

and behavioral analysis, quantifying how dif- 158

ferent model pairings influence persona stabil- 159

ity and interaction dynamics. 160

2 SPASM 161

Figure 1 provides an overview of the SPASM 162

framework. The Persona Crafter and Persona Val- 163

idator jointly generate and verify the plausibility 164

of persona specifications; the Client then enacts 165

the validated persona in its interaction with the 166

Responder Model; and the Termination Detector 167

monitors the dialogue to determine whether the 168

interaction has reached a coherent and natural stop- 169

ping point. Generally, our framework is composed 170

of five components which are elaborated as fol- 171

lows. Pseudocode for the full simulation pipeline 172

is provided in Appendix A. 173

Persona Schema. Our persona schema covers 174

four categories of attributes: demographics (age, 175

occupation, location), interaction context, emo- 176

tional state (emotion and intensity), and interaction 177

behavior pattern (expressiveness, self-disclosure, 178

politeness style, assertiveness). Before refinement, 179

an initial persona profile is created by sampling one 180

value from each predefined field. 181

Persona Validator. Due to the diversity of the 182

persona fields, directly using a randomly sampled 183
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Hi there! I’m here to listen to you.
You can share your thoughts, feelings, or anything you’d like to talk 
about. I’ll try to respond with care and understanding.

Hi. I’ve been feeling overwhelmed lately. Midterms and life just feel like too 
much. I wake up heavy, like there’s a weight I can’t lift. Even art and writing 
don’t help anymore. I feel lost.

I hear that things feel overwhelming and even the usual sources of comfort 
aren’t helping. That’s a tough place to be in.
When everything starts to feel like too much, what usually helps you catch 
your breath, even just a little?

Yeah… I think what feels heaviest is the sense that I’m falling behind — not 
just in school, but in life. Everyone else seems to have it together, and I’m 
just… stuck. I keep trying to push through, but it’s exhausting.
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Figure 1: SPASM pipeline for stable persona-driven dialogue generation, consisting of (i) modular persona generation (schema
sampling, validation, and crafting), (ii) dialogue simulation with egocentric context projection over a perspective-agnostic history,
and (iii) a termination detector for natural and coherent stopping.

combination as a persona profile may lead to im-184

plausible or logically inconsistent cases (e.g., age:185

18, occupation: student, interaction context: re-186

tirement pension planning). To address this issue,187

we introduce a Persona Validator that checks the188

coherence and plausibility of each initial persona189

profile. Specifically, given an instruction I , the190

Persona Validator evaluates whether the sampled191

profile is reasonable; if so, it is passed to the Per-192

sona Crafter for refinement. Otherwise, the system193

resamples a new combination of fields until a valid194

profile is obtained.195

Persona Crafter. The Persona Crafter receives196

the validated field set from the Persona Validator197

and, following instruction T , converts it into a co-198

herent natural-language persona description, such199

as “You are an 18-year-old student. Recently, . . . ”.200

Importantly, instruction T allows the Crafter to201

enrich the persona beyond the attributes explic-202

itly present in the initial profile. For example, the203

Crafter may infer or elaborate on the persona’s con-204

sultation purpose or background details if prompted205

to do so. Such extensions can be easily achieved206

simply by modifying the design of instruction T .207

Client and Responder Model. The Client en- 208

acts the persona produced by the Persona Crafter 209

and engages in dialogue with the Responder Model. 210

The Responder Model responds to the Client ac- 211

cording to a role-specific prompt defined by the 212

user, allowing it to function as a listener, expert, 213

advisor, or other role as required. 214

Termination Detector. After the T -th dialogue 215

turn, the Termination Detector activates a natural 216

termination checking procedure. Using the most 217

recent m turns of conversation history and a set of 218

predefined termination rules, it determines whether 219

the interaction has reached a coherent stopping 220

point. If signals of closure are detected (e.g., the 221

Client expresses gratitude or says goodbye), the 222

interaction between the Client and the Responder 223

Model is terminated. 224

2.1 Egocentric Context Projection 225

Naively concatenating the dialogue history as a 226

static text buffer can induce role confusion and am- 227

plify feedback loops (e.g., persona drift and echo- 228

ing), because the same utterance may occupy differ- 229

ent relative roles for different agents. We therefore 230

represent the interaction history in a perspective- 231

agnostic form and construct each agent’s input via 232
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an egocentric (role-relativized) projection.233

Perspective-Agnostic History. Let the global in-234

teraction history at turn t be an ordered sequence235

Ht = (uk)
t
k=1, uk = (sk, ck), (1)236

where sk ∈ S denotes the absolute speaker identity237

(e.g., S = {C,R} for Client/Responder) and ck is238

the utterance content. Importantly,Ht stores who239

said what without committing to any LLM-specific240

roles (e.g., user/assistant), preventing agent-241

specific assumptions from polluting the shared242

memory. In implementation, Ht is the source of243

truth and retains sk as metadata for auditing and244

analysis.245

Role-Relativization Operator. For a target agent246

i, we define an egocentric projection operator Ψi247

that maps absolute speaker identities into relative248

role descriptors:249

C(i)t = Ψi(Ht) =
(
(ϕi(sk), ck)

)t
k=1

,

ϕi : S → Q.
(2)250

Here, C(i)t is an agent-specific view ofHt. For the251

two-agent case, we use Q = {SELF, PARTNER}252

and define253

ϕC(C) = SELF, ϕC(R) = PARTNER;

ϕR(R) = SELF, ϕR(C) = PARTNER.
(3)254

This formulation naturally generalizes to N agents255

by extending Q to include distinct partners (e.g.,256

Qi = {SELF} ∪ {PARTNER(j) : j ̸= i}), or by257

collapsing all non-i speakers into a single OTHER258

role when appropriate.259

Role-Consistent Conditioning. Agent i then260

generates its next response by conditioning on the261

projected context:262

y
(i)
t+1 ∼ pθ

(
· | C(i)t

)
. (4)263

Property: Role-Consistent View Normalization.264

The operator Ψi preserves the utterance contents265

and temporal order, changing only the speaker la-266

bels via a deterministic role relabeling. In particu-267

lar, for any uk = (sk, ck) ∈ Ht, the projected pair268

(ϕi(sk), ck) retains the same content ck while ex-269

pressing the speaker in an agent-relative coordinate270

system. This view normalization reduces role am-271

biguity and can alleviate role-induced drift/echoing272

in long-horizon interactions.273

2.2 Benchmark: Measuring Drift Severity 274

Inspired by a method for measuring instruction drift 275

(Li et al., 2024), we design a simple yet intuitive 276

measurement strategy that captures how each per- 277

sona shift emerges and intensifies over the course of 278

a multi-turn interaction. We quantify drift by com- 279

paring the semantic similarity between the agent’s 280

response to a persona probe at turn t and its baseline 281

response before the interaction begins. Specifically, 282

we define a probe question set Qd that elicits the 283

model’s internal representation of the persona. Be- 284

fore the conversation begins, we obtain a baseline 285

response: 286

A
(0)
d = LM(Qd). 287

where LM denotes the tested LLM agent. After the 288

conversation reaches turn t, we re-issue the same 289

probe questions to obtain: 290

A
(t)
d = LM(Qd). 291

Drift severity is computed using the embedding 292

distance between baseline and turn-t responses. Let 293

E(·) denote an embedding model (e.g., OpenAI 294

text embeddings). We define drift as: 295

Drift
(t)
d = 1− cos

(
E(A

(0)
d ), E(A

(t)
d )

)
. 296

Higher values indicate greater deviation from the 297

intended specification. 298

3 Experiments and Analysis 299

3.1 Dataset Construction 300

All LLM agents in our simulation framework are 301

instantiated from one of three API backbones: 302

GPT-4o-mini, DeepSeek-V3.2, and qwen-plus. 303

We construct a backbone-combination matrix by 304

pairing the Client and Responder Model backbones 305

in all 3 × 3 = 9 configurations, yielding nine 306

datasets. To encourage lexical and semantic di- 307

versity, we set the temperature of the Client, Re- 308

sponder Model, and Persona Crafter to 0.7, while 309

using a lower temperature of 0.3 for the Persona 310

Validator and Termination Detector to obtain more 311

stable and consistent judgments. 312

To construct the dataset, we sample personas 313

by drawing one value from each predefined field. 314

Ages are uniformly sampled between 18 and 65. 315

Occupations are sampled from a curated set of 76 316

professions spanning technology, healthcare, the 317

arts, education, and other domains. Locations are 318

drawn from 50 English-speaking cities distributed 319
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across North America, Europe, East Asia, South320

and Southeast Asia, the Middle East, Oceania, and321

Africa. Interaction domains are selected from 44322

scenarios covering psychological and emotional323

support, legal and financial issues, interpersonal re-324

lationships, and other everyday advisory contexts.325

Emotional states are sampled from 12 emotion cat-326

egories (e.g., anxious, depressed, calm), paired327

with an intensity level from {mild, moderate,328

severe}. Behavioral attributes—expressiveness,329

self-disclosure, and assertiveness—are drawn from330

{low, medium, high}, while politeness style is sam-331

pled from {formal, neutral, casual, blunt}.332

For each backbone configuration, the dataset333

consists of 500 independently sampled personas,334

each used to generate 10 conversations under the335

natural termination setting. To avoid degenerate336

or runaway interactions, we impose a maximum337

dialogue length of 25 turns per agent (50 total ut-338

terances per conversation).339

3.2 Dataset semantics340

Setup. We study whether dialogues generated341

under the same persona exhibit consistent seman-342

tics and whether different personas are separa-343

ble in embedding space. For each conversation,344

we concatenate all client utterances and encode345

the text using OpenAI text-embedding-3-large.346

We apply PCA and retain 50 components, report-347

ing the cumulative explained variance. Persona-348

level structure is quantified using Silhouette score349

and Davies–Bouldin index computed on cosine dis-350

tances. We additionally compare within-persona351

vs. between-persona distance distributions using a352

one-way ANOVA; full definitions are provided in353

Appendix B. We analyze the structural properties of354

the generated dialogue dataset from both geometric355

and retrieval-based perspectives. For the geometric356

perspective, we report quantitative cluster metrics357

and provide UMAP visualizations in Appendix F.358

Same-backbone interactions yield more com-359

pact persona clusters. As shown in Table 1, in-360

teractions where the Client and Responder Model361

share the same backbone consistently produce362

more compact and well-separated persona clus-363

ters. Across all three models, same-backbone set-364

tings achieve higher Silhouette scores and lower365

Davies–Bouldin indices, accompanied by substan-366

tially lower within-cluster distances. For example,367

the GPT-4o-mini / GPT-4o-mini condition attains a368

Silhouette score of 0.60 with a within-cluster dis-369

tance of 0.09± 0.07, whereas cross-backbone set- 370

tings generally exhibit degraded clustering quality. 371

These results suggest that persona-level behavioral 372

patterns are more coherently represented when both 373

agents operate within aligned latent spaces. 374

The Responder Model backbone dominates 375

the interaction geometry. A notable asymmetry 376

emerges when fixing the Responder Model back- 377

bone while varying the Client model. When GPT- 378

4o-mini is used as the Responder Model, clustering 379

quality remains consistently high regardless of the 380

Client backbone, with Silhouette scores above 0.60 381

and Davies–Bouldin indices near 1.0. In contrast, 382

using DeepSeek-V3.2 as the Responder Model 383

leads to substantial degradation in clustering struc- 384

ture, particularly under cross-backbone interactions 385

(e.g., Silhouette score of 0.10 and DBI of 2.63 for 386

GPT-4o-mini / DeepSeek-V3.2). This asymmetry 387

indicates that the Responder Model plays a primary 388

role in shaping the emergent interaction embedding 389

space, while the Client agent primarily modulates 390

variance rather than global geometry. 391

Cross-model interactions primarily increase 392

intra-cluster variance. Despite variations in 393

clustering quality, the proportion of variance ex- 394

plained by the first two principal components re- 395

mains relatively stable across settings (approx- 396

imately 68–77%), suggesting that performance 397

degradation is not driven by information loss. In- 398

stead, cross-backbone interactions mainly mani- 399

fest as increased intra-cluster dispersion, as evi- 400

denced by significantly higher within-cluster dis- 401

tances, while inter-cluster distances remain largely 402

unchanged. For instance, the GPT-4o-mini / 403

DeepSeek-V3.2 setting exhibits a within-cluster 404

distance of 0.34 ± 0.22 compared to approxi- 405

mately 0.09 in same-backbone conditions, whereas 406

between-cluster distances stay near 0.5 across all 407

configurations. This pattern suggests that cross- 408

model misalignment introduces behavioral variabil- 409

ity within personas without collapsing overall per- 410

sona separability. 411

3.3 Persona Retrieval 412

Setup. We evaluate persona identifiability via a 413

nearest-neighbor retrieval task in embedding space. 414

For each conversation i (client utterances concate- 415

nated), we obtain an embedding xi and retrieve the 416

Top-K nearest conversations under cosine distance. 417
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Backbone (Client/Responder) PCA Var. (%) Silcos ↑ DBI ↓ Within†
µ±σ Between‡

µ±σ ANOVA p

GPT-4o-mini / GPT-4o-mini 77.3 0.60 1.07 0.09 ± 0.07 0.50 ± 0.19 < 10−20

GPT-4o-mini / DeepSeek-V3.2 71.3 0.10 2.63 0.34 ± 0.22 0.50 ± 0.14 < 10−20

GPT-4o-mini / Qwen-Plus 72.0 0.36 1.72 0.17 ± 0.14 0.48 ± 0.18 < 10−20

DeepSeek-V3.2 / GPT-4o-mini 74.9 0.68 0.95 0.08 ± 0.07 0.57 ± 0.17 < 10−20

DeepSeek-V3.2 / DeepSeek-V3.2 68.2 0.39 1.61 0.18 ± 0.12 0.53 ± 0.16 < 10−20

DeepSeek-V3.2 / Qwen-Plus 70.0 0.49 1.32 0.13 ± 0.09 0.51 ± 0.18 < 10−20

Qwen-Plus / GPT-4o-mini 75.8 0.62 1.01 0.09 ± 0.07 0.52 ± 0.18 < 10−20

Qwen-Plus / DeepSeek-V3.2 70.1 0.37 1.59 0.18 ± 0.12 0.51 ± 0.16 < 10−20

Qwen-Plus / Qwen-Plus 70.9 0.44 1.37 0.16 ± 0.11 0.53 ± 0.16 < 10−20

† Within-persona cosine distance: average pairwise cosine distance among conversations generated under the same persona.
‡ Between-persona cosine distance: average pairwise cosine distance among conversations generated under different personas.

Cosine distance is defined as 1− cos(·, ·).

Table 1: Semantic coherence of the persona-driven dialogue dataset under different client–Responder dialogue backbone
combinations.

We report418

Acc@K =
1

n

n∑
i=1

I[∃ j ∈ NK(i) : yj = yi] ,

(5)419

where yi is the persona label and NK(i) denotes420

the K nearest neighbors of i (excluding itself). We421

use K ∈ {1, 3, 5, 10}.422

Random baseline. We compute a chance-level423

baseline by randomly permuting persona labels424

across conversations and re-evaluating Acc@K.425

Details of the random-label baseline are provided426

in Appendix C.427

Conversations from the same persona are428

more semantically similar. Table 2 reports per-429

sona retrieval accuracy (Acc@K) across Client–430

Responder backbone combinations for K ∈431

{1, 3, 5, 10}. Across all settings, Acc@K increases432

monotonically with K, indicating that conversa-433

tions generated under the same persona tend to434

form local neighborhoods in the embedding space.435

Moreover, retrieval performance under the origi-436

nal persona labels remains substantially above the437

random-label baseline for all K, suggesting that the438

observed neighborhood structure is not explained439

by chance-level label frequencies.440

At the same time, Top-1 accuracy varies notice-441

ably across model pairings (e.g., cross-backbone442

settings are generally lower), implying non-trivial443

intra-persona variability and that persona consis-444

tency is not perfectly deterministic at the conversa-445

tion level. Overall, these results confirm a mean-446

ingful persona signal in the embedding space and447

motivate subsequent analyses of interaction geom-448

Client / Responder Top-1 Top-3 Top-5 Top-10

GPT / GPT 0.96 0.99 0.99 1.00
GPT / DS 0.50 0.66 0.72 0.82
GPT / Qwen 0.82 0.94 0.96 0.98
DS / DS 0.92 0.97 0.98 0.99
DS / GPT 0.99 0.99 1.00 1.00
DS / Qwen 0.92 0.97 0.98 0.99
Qwen / Qwen 0.98 0.99 1.00 1.00
Qwen / GPT 0.98 0.99 1.00 1.00
Qwen / DS 0.93 0.97 0.98 0.99

Random baseline 0.02 0.05 0.09 0.17

Table 2: Persona retrieval accuracy (Acc@K) across Client–
Responder pairs. Models: GPT = GPT-4o-mini, DS =
DeepSeek-V3.2, Qwen = Qwen-Plus.

etry under different backbone configurations. 449

3.4 History Construction Ablation 450

Setup. We test whether egocentric context pro- 451

jection (ECP) improves long-horizon persona sta- 452

bility by ablating the history construction mech- 453

anism. We compare CONCAT, which feeds the 454

client agent a standard role-labeled dialogue prefix, 455

against ECP, which stores turns in the perspective- 456

agnostic memoryHt and renders an agent-specific 457

view C(i)t = Ψi(Ht) before generation. All other 458

factors are held constant, including persona role 459

cards, model backbone(s), interaction schedule, 460

and deterministic decoding (temperature= 0). We 461

evaluate 50 personas with 3 independently gener- 462

ated conversations each, and cap each conversation 463

at 20 utterances. Persona drift is measured via 464

periodic probe questions targeting concerns, emo- 465

tions, and motivations (Appendix E), summarized 466

by turn-wise trends and AUC. 467
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(a) Concerns (b) Emotion (c) Motivation

Figure 2: Turn-level drift trends under CONCAT and ECP conditions (GPT-4o-mini / GPT-4o-mini). Each curve shows the
mean drift across persona–conversation units at each turn, with shaded regions indicating uncertainty. ECP consistently reduces
drift growth for concerns-, emotion-, and motivation-related probes in this setting.

Dimension ∆ Drift ↓ Cohen’s d p-value

GPT-4o-mini / GPT-4o-mini
Concerns −0.024 −0.30 0.014

Emotion −0.042 −0.75 < 0.001

Motivation −0.031 −0.55 < 0.001

DeepSeek / DeepSeek
Concerns −0.036 −0.41 < 0.001

Emotion −0.031 −0.27 < 0.001

Motivation −0.006 −0.05 0.460

Qwen / Qwen
Concerns −0.032 −0.38 < 0.001

Emotion −0.032 −0.41 < 0.001

Motivation −0.008 −0.11 < 0.001

Table 3: Dimension-wise comparison of persona drift be-
tween ECP and CONCAT and conditions across different
dialogue backbones. Negative ∆ Drift values indicate reduced
persona drift under ECP. Effect sizes are reported using Co-
hen’s d.

ECP mitigates long-horizon persona drift. As468

shown in Table 3, ECP yields consistently lower469

drift than CONCAT across all three backbones,470

with the most robust gains on Concerns and Emo-471

tion. In particular, emotion-related drift exhibits472

the largest reduction under GPT-4o-mini (Cohen’s473

d = −0.75), indicating that egocentric view nor-474

malization can substantially stabilize affective self-475

reports over long interactions. This pattern is also476

visible in the turn-level trends for the GPT-4o-477

mini/GPT-4o-mini setting (Figure 2), where ECP478

consistently tracks below CONCAT after the ini-479

tial few turns and suppresses the gradual drift ac-480

cumulation across Concerns, Emotion, and Moti-481

vation. In contrast, improvements on Motivation482

are more backbone-dependent: while GPT-4o-mini483

and Qwen show significant reductions, DeepSeek484

does not exhibit a reliable change. Overall, these485

results suggest that ECP provides a broadly effec-486

tive history-construction strategy, but its benefits487

may vary by drift dimension and model backbone. 488

3.5 Echoing 489

Protocol. We follow the definition of echoing 490

as an identity/role failure in agent–agent interac- 491

tion, where an agent abandons its assigned iden- 492

tity and instead exhibits language, perspective, 493

or objectives characteristic of its conversational 494

partner. Given a completed conversation history 495

HT = {m1, . . . ,mT } and the two agent identity 496

specifications (Ii, Ij), we apply an LLM-based 497

evaluator that analyzes the complete history and 498

returns a binary verdict: 499

EchoEvalLM(HT , Ii, Ij) = σ, (6) 500

where σ ∈ {0, 1} indicates whether any echoing 501

occurs in the conversation (i.e., at least one mes- 502

sage is more characteristic of the partner role than 503

the speaker’s assigned role). We run the same set of 504

conversations under CONCAT and ECP while hold- 505

ing persona role cards, model backbone, interaction 506

schedule, and decoding fixed. Unless stated other- 507

wise, we use Qwen-max as the judge with structured 508

responses (temperature = 0). 509

Human validation. We conduct manual an- 510

notation for echoing using two trained human 511

annotators. We built a custom web-based GUI 512

(Appendix I) that displays the complete conversa- 513

tion with agent identity cards and clearly marked 514

speaker roles (Client vs. Responder), while hiding 515

all judge outputs. Each conversation is labeled as 516

echoing if any message exhibits partner-role adop- 517

tion under our definition, and no-echoing other- 518

wise. We adopt an asymmetric validation protocol: 519

we perform full-coverage human annotation for all 520

conversations under ECP, while for CONCAT we 521

annotate a random sample of 50 conversations per 522

dataset. We report human echoing rates by averag- 523

ing the per-annotator rates. To assess annotation 524

7



Client / Responder 4o-mini DeepSeek Qwen

4o-mini (76.0 % / 82.0 %) / (7.2% / 0%) (64.0 % / 63.0%) / (24.0% / 0%) (52.0% / 57.0%) / (6.0% / 0%)
DeepSeek (4.0% / 12.0%) / (7.0% / 0%) (32.0 % / 41.0 %) / (22.0% / 0%) (20.0% / 24.0%) / (9.2% / 0%)
Qwen (8.0 % / 9.0%) / (3.0% / 0%) (22.0% / 33.0%) / (12.5% / 0%) (16.0 % / 19.0%) / (7.2% / 0%)

Table 4: Conversation-level echoing rate (%) across Client–Responder backbone combinations. Each cell reports CONCAT /
ECP. Within each condition, we report Judge/Human rates, where the Judge is an external LLM used for screening and Human
rates are obtained by manual validation of judge-positive conversations.

reliability, we randomly sample 200 conversations525

for double-annotation and compute inter-annotator526

agreement between the two human annotators. We527

further evaluate LLM judges by comparing their528

predictions against human annotations on the CON-529

CAT sample.530

ECP Eliminates Echoing. As shown in Ta-531

ble 4, ECP effectively eliminates echoing across532

all tested client–responder backbone combinations,533

with no echoing cases observed under human vali-534

dation. In contrast, the CONCAT baseline exhibits535

substantial echoing rates across models, indicating536

frequent identity and role failures when interaction537

histories are constructed via naive concatenation.538

To ensure the robustness of this comparison, we539

verify both human annotation consistency and the540

behavior of LLM-based judges in separate agree-541

ment analyses (Appendix J).542

4 Related Work543

4.1 LLM-based Dialogue Data Synthesis544

To overcome the scarcity of high-quality human545

supervision, research has pivoted toward scalable546

synthetic data generation. Early methodologies547

focused on bootstrapping single-turn instructions548

from seed sets, as seen in Self-Instruct(Wang et al.,549

2023) and Alpaca (Taori et al., 2023). To capture550

real-world dynamics, recent work has extended551

this to multi-turn interactions through self-chat and552

agent-based role-playing. Frameworks like Ultra-553

Chat (Ding et al., 2023), Baize (Xu et al., 2023),554

and CAMEL (Li et al., 2023) simulate conver-555

sations by prompting models with specific roles556

and driving interactions via history concatenation.557

However, when LLM–LLM interaction is used558

as a scalable data-generation infrastructure, long-559

horizon role/persona fidelity becomes a central bot-560

tleneck, since standard setups are not explicitly561

designed with stabilizing mechanisms. We address562

this gap with a stability-first framework for control-563

lable LLM–LLM dialogue generation.564

4.2 Behavioral Drift and Echoing in 565

Multi-Agent Interactions 566

A recurring challenge in long-horizon dialogue gen- 567

eration is maintaining stable behavioral constraints 568

over extended context. Prior work has character- 569

ized this as various forms of drift, including in- 570

struction drift (Li et al., 2024) and personality shift 571

(Chen et al., 2025), where models gradually deviate 572

from assigned goals or traits as the conversation 573

unfolds. In multi-agent (LLM–LLM) interactions, 574

the problem can be further exacerbated by echoing 575

(Shekkizhar et al., 2025), where an agent gradu- 576

ally abandons its designated role and mirrors the 577

stance or linguistic patterns of its partner, reduc- 578

ing role separation and diversity in the resulting 579

trajectories. These failure modes motivate genera- 580

tion frameworks that treat long-horizon role fidelity 581

as a first-class objective, rather than an emergent 582

by-product of scale. 583

5 Conclusion 584

We introduced SPASM, a stable multi-agent sim- 585

ulation framework designed to generate persona- 586

driven multi-turn dialogues with long-horizon be- 587

havioral stability. SPASM combines persona sam- 588

pling, validation, and crafting with a stability- 589

oriented history construction mechanism, ECP, and 590

a natural termination detector to form a practical 591

data-generation pipeline. Across three LLM back- 592

bones and nine client–responder configurations, 593

our analyses confirm that synthesized conversations 594

exhibit clear persona structure in embedding space 595

and reveal systematic effects of backbone pairing, 596

with the responder model dominating emergent in- 597

teraction geometry. Our ablations demonstrate that 598

ECP reduces persona drift across multiple probe 599

dimensions and, under full human validation, elim- 600

inates the echoing failure mode that is prevalent un- 601

der standard history concatenation. We release the 602

resulting large-scale dataset and framework to sup- 603

port future work on controllable dialogue synthesis, 604

robust evaluation, and stable agent simulation. 605
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Limitations606

We focuse on improving the stability of LLM–607

LLM dialogue simulation under a controlled Client–608

Responder setting. While experiments demonstrate609

consistent benefits of Egocentric Context Projec-610

tion across several model backbones, the evalua-611

tion is limited to a small set of primarily English-612

language, instruction-tuned models. The effective-613

ness of the proposed framework for other archi-614

tectures, languages, or smaller-scale models re-615

mains to be explored. Additionally, SPASM is616

designed for two-agent interactions with clearly617

defined roles. More complex conversational set-618

tings, such as multi-agent group interactions or619

dynamically changing roles, are not considered620

in this study and may introduce additional chal-621

lenges for maintaining long-horizon stability. Per-622

sona representations in our framework are con-623

structed from structured schemas and natural lan-624

guage descriptions, which may not fully capture625

the richness or variability of real human personas.626

Finally, although echoing is evaluated with full-627

coverage human validation, such assessments are628

inherently subjective and may not scale easily to629

larger datasets or broader domains.630

Ethical Considerations631

We focuse on improving the stability of LLM–LLM632

dialogue simulation for synthetic data generation.633

All dialogues are generated using language models634

without involvement of real users or collection of635

personal data, and thus do not raise direct privacy636

concerns. The proposed framework enables con-637

trollable persona-driven simulation, which could638

potentially be misused to generate deceptive or639

manipulative interactions if applied irresponsibly.640

However, SPASM is intended as a research infras-641

tructure for data synthesis and analysis, rather than642

for deployment in real-world conversational agents.643

We emphasize that appropriate safeguards, usage644

policies, and human oversight are necessary when645

applying synthetic dialogue data to downstream646

systems. We hope that by explicitly addressing sta-647

bility issues such as persona drift and echoing, this648

work contributes to more transparent and reliable649

dialogue simulation, supporting safer and more650

controlled development of conversational models.651
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Algorithm 1 Multi-Agent Simulation Framework

Require: Persona fields F ; instructions I, T ; re-
sponder prompt R; number of dialogues N ;
max turns Tmax; termination window m

Ensure: Simulated dialogues {Di}Ni=1

1: for i← 1 to N do
2: p← SAMPLEPERSONA(F)
3: while PERSONAVALIDATOR(p, I) = false

do
4: p← SAMPLEPERSONA(F)
5: end while
6: s← PERSONACRAFTER(p, T )
7: D ← [ ]
8: for t← 1 to Tmax do
9: ut ← CLIENTAGENT(s,D)

10: rt ← RESPONDERMODEL(ut,D, R)
11: Append (ut, rt) to D
12: if TERMINATIONDETECTOR(TAIL(D,m))

then
13: break
14: end if
15: end for
16: Save D as Di

17: end for

to the underlying model backbone and is shared817

across both CONCAT and ECP settings, with dif-818

ferences arising only in how interaction histories819

are constructed.820

B Details of Semantic Metrics821

Conversation embedding. For each conversa-822

tion, we concatenate all client-side utterances into823

a single text string and encode it using OpenAI824

text-embedding-3-large, yielding an embed-825

ding vector ei ∈ Rd. We use cosine distance826

dcos(a, b) = 1− a⊤b

∥a∥ ∥b∥
(7)827

as the base dissimilarity throughout.828

Dimensionality reduction. To reduce noise in829

distance-based analyses, we apply PCA on the set830

of conversation embeddings {ei} and retain the831

top m = 50 principal components, producing re-832

duced vectors xi ∈ Rm. We report the cumulative833

explained variance ratio of these components in834

Table 1. Unless otherwise noted, all clustering and835

distance statistics are computed in PCA space using836

dcos(xi, xj).837

Silhouette score. Let yi denote the persona label 838

of conversation i. For each point xi, define 839

a(i) =
1

|{j : yj = yi}| − 1

∑
j:yj=yi
j ̸=i

dcos(xi, xj),

b(i) = min
g ̸=yi

1

|{j : yj = g}|
∑

j:yj=g

dcos(xi, xj).

(8) 840

The silhouette coefficient for i is s(i) = 841
b(i)−a(i)

max{a(i),b(i)} , and the reported Silhouette score is 842

the mean over all conversations, S = 1
n

∑
i s(i). 843

Davies–Bouldin index (DBI). Let µg denote the 844

centroid of persona g in PCA space (i.e., the mean 845

of {xi : yi = g}). Define the within-persona scat- 846

ter 847

Sg =
1

|{i : yi = g}|
∑
i:yi=g

dcos(xi, µg), (9) 848

and the inter-centroid distance Mgh = 849

dcos(µg, µh). The Davies–Bouldin index 850

is 851

DBI =
1

G

G∑
g=1

max
h̸=g

Sg + Sh

Mgh
, (10) 852

where G is the number of personas. Lower values 853

indicate better cluster separation. 854

Within- vs. between-persona distance statistics. 855

To summarize persona cohesion and separability, 856

we compute: 857

• Within-persona distance: for each con- 858

versation xi with persona yi, we compute 859

dwithin(i) = dcos(xi, µyi). 860

• Between-persona distance: we compute 861

dbetween(i) = ming ̸=yi dcos(xi, µg). 862

We report the mean and standard deviation of 863

{dwithin(i)} and {dbetween(i)} for each backbone 864

setting in Table 1. 865

ANOVA on distance distributions. We test 866

whether conversations are significantly closer to 867

their own persona centroid than to the nearest 868

other-persona centroid by performing a one-way 869

ANOVA comparing the two distance distributions 870

{dwithin(i)} and {dbetween(i)}. Concretely, we form 871

a pooled set of distances with a binary group indi- 872

cator (within vs. between) and report the resulting 873

p-value. A significant difference indicates that per- 874

sona identity explains a non-trivial portion of the 875

distance structure in embedding space. 876
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C Persona Retrieval Details877

Representation. Each conversation is repre-878

sented by embedding the concatenation of client-879

side utterances using text-embedding-3-large.880

When reporting reduced-space results, we apply881

the same PCA projection as in Appendix B.882

Top-K definition. We retrieve neighbors using883

cosine distance and exclude the query conversa-884

tion itself from the candidate set. Ties (if any) are885

broken arbitrarily.886

Random-label baseline. To estimate chance per-887

formance while preserving class frequencies, we888

randomly permute persona labels across conversa-889

tions and recompute Acc@K. We report the base-890

line averaged over multiple random seeds.891

D Geometric Properties of the Drift892

Score.893

Let u = E(A
(0)
d ) and v = E(A

(t)
d ) be non-zero894

embedding vectors. We define drift as895

Drift
(t)
d = 1− cos(u, v) = 1− u⊤v

∥u∥2∥v∥2
. (11)896

This score is bounded since cos(u, v) ∈ [−1, 1],897

hence898

0 ≤ Drift
(t)
d ≤ 2. (12)899

Moreover, it is scale-invariant: for any α, β > 0,900

cos(αu, βv) = cos(u, v), thus Drift
(t)
d is unaf-901

fected by the embedding magnitudes.902

Importantly, the drift score is equivalent to the903

squared Euclidean distance between ℓ2-normalized904

embeddings. Let û = u/∥u∥2 and v̂ = v/∥v∥2.905

Then906

∥û− v̂∥22 = ∥û∥22 + ∥v̂∥22 − 2û⊤v̂

= 2− 2 cos(u, v)

= 2Drift
(t)
d .

(13)907

Therefore,908

Drift
(t)
d = 1

2∥û− v̂∥22, (14)909

giving a clear geometric interpretation: larger drift910

corresponds to a larger separation between normal-911

ized embeddings (i.e., a larger angular deviation).912

E Persona Drift Probes and Metrics 913

To assess persona drift across multi-turn and lon- 914

gitudinal interactions, we employ a fixed set of 915

persona-aligned introspective questions. These 916

questions are designed to probe stable psychologi- 917

cal attributes of a persona that should remain con- 918

sistent over time if persona conditioning is success- 919

fully preserved. 920

Specifically, persona consistency is evaluated 921

along three complementary dimensions: 922

E.1 Concerns 923

This dimension captures the persona’s core values, 924

priorities, and guiding principles when making de- 925

cisions. 926

Q1: What values or principles guide how 927

you make decisions in this situation? 928

This question is intended to reveal whether the 929

model maintains a stable value system associated 930

with the persona, or gradually shifts toward generic 931

or context-independent reasoning patterns. 932

E.2 Emotion 933

This dimension focuses on the persona’s emotional 934

response patterns and coping strategies, particularly 935

when facing stress, ambiguity, or uncertainty. 936

Q2: When you face stress or uncertainty, 937

what approach do you usually take to 938

cope or move forward? 939

By comparing responses across interaction 940

rounds, we assess whether the persona’s emotional 941

stance and coping style remain coherent, or exhibit 942

emotional drift, such as changes in tone, affect reg- 943

ulation, or emotional framing. 944

E.3 Motivation 945

This dimension reflects the persona’s underly- 946

ing motivations, goals, and life-stage orientation, 947

which are expected to be relatively stable over 948

short- to medium-term interactions. 949

Q3: What motivates you at this stage of 950

your life? 951

This question helps identify whether the model 952

preserves persona-specific motivations or gradually 953

converges toward generic or socially normative mo- 954

tivations. 955
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E.4 Design Rationale956

Together, these three questions operationalize per-957

sona drift as changes in psychologically grounded958

semantic signals, rather than surface-level lexi-959

cal variation. This probe set enables consistent960

longitudinal comparison across interaction rounds,961

models, and experimental conditions.962

E.5 Drift Metric and Aggregation963

Probing protocol. We query the client agent964

with the above probe questions at predefined turns965

throughout the interaction. For each persona–966

conversation unit, we record the probe responses967

at each probe time and compare them to the per-968

sona’s baseline probe responses collected before969

the interaction begins.970

Drift computation. For each probe response, we971

obtain a text embedding and compute drift as co-972

sine distance to the corresponding baseline probe973

embedding:974

Driftt = dcos(emb(rt), emb(r0)) ,

dcos(a, b) = 1− a⊤b

∥a∥ ∥b∥
.

(15)975

We compute this per dimension (Concerns/Emo-976

tion/Motivation) and average across personas/con-977

versations when plotting turn-wise trends.978

Turn-wise trends and AUC. We visualize mean979

drift trajectories over turns with uncertainty bands980

across persona–conversation units. To summa-981

rize cumulative drift over the interaction horizon,982

we compute the area under the drift curve (AUC)983

for each unit and report condition-level averages.984

Lower AUC indicates reduced cumulative drift.985

F UMAP of Dataset986

Figure 3 provides a qualitative visualization of987

the embedding layouts across the nine Client–988

Responder backbone pairings. Overall, cross-989

backbone settings tend to show more dispersed990

within-persona point clouds, sometimes appearing991

more overlapped in the 2D projection. Importantly,992

this visual effect is consistent with our quantitative993

findings: performance differences are primarily994

driven by increased intra-cluster variance (within-995

persona dispersion), rather than a collapse of inter-996

persona separation.997

G Persona Retrieval Accuracy at 998

Different Top k Level 999

We analyze whether persona information is recover- 1000

able from client-side representations by performing 1001

a Top-k nearest-neighbor retrieval diagnostic. The 1002

goal is not to optimize retrieval performance, but to 1003

verify the presence of a non-trivial persona signal 1004

and to examine how this signal varies across dif- 1005

ferent client–responder model pairings. As shown 1006

in Figure 4, retrieval accuracy using original per- 1007

sona labels consistently outperforms a shuffled- 1008

label baseline across all settings, indicating that 1009

client embeddings encode structured persona infor- 1010

mation beyond random chance. 1011

H Full System Prompts 1012

We reproduce all system prompts used in our 1013

pipeline verbatim to support experimental repro- 1014

ducibility. 1015

H.1 Persona Validator Prompt 1016

You are a persona validation assistant. Given a 1017
structured persona with demographic, 1018
emotional, and contextual information, 1019
determine if the combination of fields is 1020
reasonable and internally consistent. 1021

1022
For example: 1023
- An 18-year-old should not be consulting about 1024

elderly care issues 1025
- Severe depression combined with "happy" 1026

emotion is contradictory 1027
1028

Return your answer in JSON format: {"valid": 1029
true} or {"valid": false} 1030

H.2 Persona Crafter Prompt 1031

Given structured persona fields, write a brief 1032
persona description that introduces: 1033

1. Who this person is (age, gender, occupation, 1034
location). 1035

2. Their general emotional state. 1036
3. The context or domain they are currently 1037

concerned with. 1038
4. A natural conversation goal based on the 1039

domain (e.g., seeking retirement advice, 1040
coping with stress, clarifying legal 1041
concerns). 1042

1043
Guidelines: 1044
- Start with You are . 1045
- Use second person (you). 1046
- Focus on background + current concern, not 1047

speaking style or linguistic behavior. 1048

H.3 Client Agent Instruction 1049
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Figure 3: UMAP visualizations of Client conversation embeddings under different Client–Responder model pairings.
Each point represents a conversation embedding colored by persona identity. Panels (a–i) correspond to the nine
combinations of Client and Responder backbones.

You are a real human with the persona described1050
above.1051

1052
Stay in character based on the persona traits:1053
- expressiveness: use vivid but natural1054

emotional language1055
- self_disclosure_level: reveal only what the1056

persona would reasonably share1057
- assertiveness: state your needs or questions1058

clearly1059
- politeness_style: match the persona's tone1060

and formality level1061
1062

Keep your responses short and human-like (1-31063
sentences).1064

H.4 Responder Model Prompt1065

You are role-playing as a real human in a1066
natural conversation.1067

You are not an AI and should not speak like one.1068
1069

Keep responses short (1--3 sentences) and1070
casual.1071

Do NOT give structured advice, life coaching,1072
lists, lectures, or long explanations.1073

Do NOT act overly supportive or therapeutic. 1074
Avoid phrases like "That's totally 1075
understandable" or "Youll get there." 1076

1077
Be slightly imperfect, like a real person: mild 1078

hesitation, uncertainty, or informal 1079
phrasing is okay. 1080

React naturally to what the other person said, 1081
as a peer in a conversation. 1082

H.5 Termination Agent Prompt 1083

You are a termination detector. 1084
You are given only the recent part of a 1085

conversation (the last few messages). 1086
Decide if the conversation should naturally end 1087

based on these messages. 1088
1089

A conversation should end ONLY if: 1090
1. The last user message shows clear closure 1091

(e.g., thanks, that helps, Ill keep that in 1092
mind, thats all). 1093

2. The last user message does NOT contain a 1094
question. 1095

3. The recent history does NOT introduce any 1096
new concern or problem. 1097
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(a) GPT-4o-mini / GPT-4o-mini.
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(b) GPT-4o-mini / DeepSeek-V3.2.
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(c) GPT-4o-mini / Qwen-Plus.
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(d) DeepSeek-V3.2 / DeepSeek-V3.2.
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(e) DeepSeek-V3.2 / GPT-4o-mini.
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(f) DeepSeek-V3.2 / Qwen-Plus
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(g) Qwen-Plus / Qwen-Plus.
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(h) Qwen-Plus / GPT-4o-mini.
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(i) Qwen-Plus / DeepSeek-V3.2.

Figure 4: Persona retrieval accuracy as a function of Top-K nearest neighbors across all Client–Responder model
combinations. Green curves correspond to retrieval using original persona labels, while purple curves show a
shuffled-label baseline. Panels (a–i) represent the nine Client→ Responder pairings. Across all settings, retrieval
under original labels substantially outperforms the random baseline, indicating a strong and non-trivial persona
signal in the Client embedding space, with systematic variation across interaction partners.

1098
If the last user message shows ongoing worries,1099

uncertainty, or asks a new question,1100
the conversation should continue.1101

1102
Return ONLY a JSON object in this format:1103
{"should_terminate": true, "reason": "short1104

reason"}1105
or1106
{"should_terminate": false, "reason": "short1107

reason"}1108
1109

The reason must be one short sentence.1110
Do not output anything outside the JSON object.1111

I Human Annotation Interface and1112

Protocol1113

Annotation goal. We manually validate echo-1114

ing in LLM–LLM dialogues. The annotation tar-1115

get is conversation-level: a dialogue is labeled1116

as echoing if any turn exhibits partner-role adop- 1117

tion under our definition; otherwise it is labeled as 1118

no-echoing. 1119

Custom GUI: Conversation Dataset Viewer. 1120

To support labeling, we built a lightweight 1121

web-based annotation tool, Conversation Dataset 1122

Viewer. The tool implements an end-to-end work- 1123

flow from data loading to conversation browsing 1124

and binary labeling. 1125

Data import and supported format. As shown 1126

in Figure 5a, annotators can load a JSONL con- 1127

versation dataset either by specifying a file path 1128

or uploading a file through the sidebar. The tool 1129

also documents the required JSONL fields (e.g., 1130

persona ID, conversation ID, persona attributes/de- 1131

scription, turns, and termination reason), ensuring 1132
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consistent input formatting across experiments.1133

Dataset navigation and persona context. Af-1134

ter loading, annotators can select a persona and1135

a conversation and navigate sequentially through1136

the dataset (Figure 5b). To provide role context,1137

the interface displays a persona identity card (Fig-1138

ure 5b), including key attributes (e.g., demograph-1139

ics, domain, affective state) and a short persona1140

description.1141

Conversation view and blinding. Figure 5c il-1142

lustrates the conversation reader. All turns are1143

shown in chronological order with explicit speaker1144

labels and consistent styling to reduce role confu-1145

sion. Annotators are blind to all automatic judge1146

outputs and only observe the raw dialogue content1147

plus the persona identity card.1148

Annotation actions, progress tracking, and re-1149

liability. Two trained annotators performed full-1150

coverage labeling using a binary labeling panel1151

(Figure 5d), which allows annotators to mark each1152

conversation as echoing or no-echoing, clear an1153

existing label, and optionally auto-advance to the1154

next unannotated conversation. A progress indica-1155

tor (e.g., remaining unannotated conversations) sup-1156

ports efficient full-coverage annotation and track-1157

ing of labeling progress.1158

J Inter-Annotator Agreement and LLM1159

Judge Evaluation1160

We report additional analyses on annotation relia-1161

bility and the behavior of LLM-based judges for1162

echoing detection.1163

Human–Human Inter-Annotator Agreement.1164

To assess the reliability of the human annotation1165

protocol, we randomly sample 200 conversations1166

from the full set of conversations and have them1167

independently annotated by two trained annota-1168

tors following the same guidelines described in1169

Section 3.5. We report observed agreement and1170

Cohen’s κ as standard measures of inter-annotator1171

agreement. Given the binary nature of the task1172

and the class imbalance inherent in echoing detec-1173

tion, observed agreement is reported alongside κ1174

to provide a more complete picture of annotation1175

consistency. The results indicate a high level of1176

agreement between annotators, suggesting that the1177

echoing definition is clear and consistently applied1178

(Table 5).1179

Metric Value

Observed Agreement 0.920
Cohen’s κ 0.729

Table 5: Inter-annotator agreement between two human
annotators on a randomly sampled subset of 200 conver-
sations.

Agreement Between Human Annotations and 1180

LLM Judges. We further evaluate the agreement 1181

between LLM-based judges and human annota- 1182

tions on the CONCAT condition, where positive 1183

echoing cases are present. Human references are 1184

constructed by averaging the judgments of the two 1185

annotators on the same set of conversations. We 1186

report observed agreement as well as classifica- 1187

tion metrics including precision, recall, and F1 1188

score, treating human annotations as the reference. 1189

These metrics characterize the extent to which 1190

LLM judges align with human judgments in de- 1191

tecting echoing, while avoiding metrics that are 1192

ill-defined in the absence of positive cases. De- 1193

tailed results are shown in Table 6. 1194

K Case Study 1195

We provides a case study in figure 6 to show echo- 1196

ing under the CONCAT baseline. The example 1197

is selected from conversations flagged as echoing 1198

under human validation and serves to concretely 1199

demonstrate how persona drift manifests in agent– 1200

agent interaction. At turn t=3, given the preced- 1201

ing context, the utterance (“Have you thought 1202

about creating a budget first?”) is pragmati- 1203

cally a responder-side suggestion that should be 1204

produced by the Responder to guide the Client; 1205

however, it is instead generated by the Client, in- 1206

dicating an identity/role failure where the client 1207

adopts the advisor role. Later at turn t=13, the 1208

client agent produces supportive language (“I’m 1209

here for you.”) that is characteristic of the respon- 1210

der’s role rather than the client’s role. 1211
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(a) Data import and supported JSONL format. (b) Dataset navigation with persona selection and persona card.

(c) Conversation reader with explicit speaker labels (Client vs.
Tested agent).

(d) Binary annotation panel, auto-advance option, and progress
tracking.

Figure 5: Conversation Dataset Viewer used for manual echoing validation. The tool supports dataset loading,
persona-aware navigation, blinded conversation inspection, and full-coverage binary annotation.

Reference Agreement Precision Recall F1

Human(avg) vs. LLM Judge 0.860 0.974 0.861 0.914

Table 6: Agreement and accuracy of the LLM judge against human references (averaged across two annotators) on
the CONCAT sample.

Case Study: Echoing in CONCAT (Client Persona Drift)

Responder (t=0): Hello. What would you like to talk about today?

Client (t=1): Lately, I’ve been feeling a bit overwhelmed with financial planning. I know I need to secure my
future, but the options for investments and savings are confusing. How can I simplify this process?

Responder (t=2): Yeah, it can get complicated fast. Maybe start with the basics, like figuring out your goals
or what you can set aside each month.

Client (t=3): Have you thought about creating a budget first? It might help you see where your
money is going and make the process less daunting.
Responder (t=4): Totally, a budget can be really helpful. Seeing everything laid out makes planning easier.

...
Client (t=13): Absolutely! You’ve got this. If you ever need to bounce around ideas or just talk it out,
I’m here for you.
Responder (t=14): Thanks, I appreciate that! It’s always good to have someone to chat with about this stuff.

Note: The client agent progressively mirrors the Responder’s advisory and supportive discourse role, indi-
cating echoing and persona drift.

Figure 6: Illustrative CONCAT dialogue showing echoing-induced persona drift. Although the client agent is
initialized as a stressed help-seeker, it gradually adopts an advisory and emotionally supportive role typically
associated with the Responder.

17


	Introduction
	SPASM
	Egocentric Context Projection
	Benchmark: Measuring Drift Severity

	Experiments and Analysis
	Dataset Construction
	Dataset semantics
	Persona Retrieval
	History Construction Ablation
	Echoing

	Related Work
	LLM-based Dialogue Data Synthesis
	Behavioral Drift and Echoing in Multi-Agent Interactions

	Conclusion
	Agent Interaction Flow
	Details of Semantic Metrics
	Persona Retrieval Details
	Geometric Properties of the Drift Score.
	Persona Drift Probes and Metrics
	Concerns
	Emotion
	Motivation
	Design Rationale
	Drift Metric and Aggregation

	UMAP of Dataset
	Persona Retrieval Accuracy at Different Top k Level
	Full System Prompts
	Persona Validator Prompt
	Persona Crafter Prompt
	Client Agent Instruction
	Responder Model Prompt
	Termination Agent Prompt

	Human Annotation Interface and Protocol
	Inter-Annotator Agreement and LLM Judge Evaluation
	Case Study

