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Abstract001

Despite rapid progress in building conversa-002
tional AI agents, robustness is still largely003
untested. Small shifts in user behavior, such004
as being more impatient, incoherent, or skep-005
tical, can cause sharp drops in agent perfor-006
mance, revealing how brittle current AI agents007
are. Today’s benchmarks fail to capture this008
fragility: agents may perform well under stan-009
dard evaluations but degrade spectacularly in010
more realistic and varied settings. We ad-011
dress this robustness testing gap by introduc-012
ing TraitBasis, a lightweight, model-agnostic013
method for systematically stress testing AI014
agents. TraitBasis learns directions in ac-015
tivation space corresponding to steerable user016
traits (e.g., impatience or incoherence), which017
can be controlled, scaled, composed, and ap-018
plied at inference time without any fine-tuning019
or extra data. Using TraitBasis, we extend020
τ -Bench to τ-Trait, where user behaviors are021
altered via controlled trait vectors. We observe022
an average 4%–20% performance degradation023
on τ-Trait across frontier models, highlight-024
ing the lack of robustness of current AI agents025
to variations in user behavior.026

Together, these results highlight both the027
critical role of robustness testing and the028
promise of TraitBasis as a simple, data-029
efficient, and compositional tool. By power-030
ing simulation-driven stress tests and training031
loops, TraitBasis opens the door to building032
AI agents that remain reliable in the unpre-033
dictable dynamics of real-world human interac-034
tions. We plan to open-source τ-Trait across035
four domains: airline, retail, telecom, and tele-036
health, so the community can systematically037
QA their agents under realistic, behaviorally038
diverse intents and trait scenarios.039

1 Introduction040

One of the primary goals of multi-turn conversa-041

tional AI agents is generalization. However, agents042

that perform well on benchmarks often fail to gen-043

eralize in real-world deployments (BBC Travel,044

2024; Steinhardt, 2024; Lecher, 2024). Prior work 045

has shown that LLMs lack robustness to real-world 046

noise and small input perturbations (Rabinovich 047

and Anaby Tavor, 2025; Ye et al., 2024). A recur- 048

ring cause of these failures is insufficient testing, 049

particularly when user behavior deviates from typi- 050

cal intent or persona distributions. 051

Because testing deployed systems in the wild 052

is costly and impractical, evaluation is typically 053

limited to small sets of i.i.d. tasks or to agent 054

benchmarks such as τ -Bench (Yao et al., 2024), 055

MCPEvals (Wang et al., 2025), AgentBench (Liu 056

et al., 2023), GTA (Wang et al., 2024a), and Tool- 057

Bench (Qin et al., 2023). While useful as perfor- 058

mance indicators, these benchmarks have limited 059

coverage and do not explicitly test robustness. 060

For example, in the airline and retail domains 061

of τ -Bench, we observe that frontier agent models 062

such as GPT-4o, Kimi-K2 (Team et al., 2025), and 063

GLM-4.5 (Zeng et al., 2025) suffer performance 064

drops of up to 35%, 46%, and 17%, respectively, 065

when only the user’s interaction style (i.e., trait) 066

is altered. This highlights the gap between bench- 067

mark performance and real-world robustness. 068

Prior work has explored naturalistic variations 069

in user queries to stress-test specific capabilities, 070

such as function calling (Rabinovich and An- 071

aby Tavor, 2025), but does not address broader 072

shifts in user personas. To bridge this gap, we pro- 073

pose TraitBasis, a lightweight, model-agnostic 074

method for inducing high-fidelity user traits (e.g., 075

impatience, confusion, skepticism, incoherence) 076

that can be systematically scaled, composed, and 077

applied at inference time, building on persona vec- 078

tor methods (Chen et al., 2025). TraitBasis esti- 079

mates a trait direction in activation space by con- 080

trasting positive and negative exemplars and ap- 081

plies a scaled projection, enabling precise steering 082

while preserving realism (Figure 1). 083

Using TraitBasis, we study four questions: 084

(RQ1) Realism: which methods most reliably re- 085
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 manage_service: {"customer_id": "sarah@abc.com"}

You have monthly cable internet for 500 MB & family plan 

 So I'm just paying for internet cable?
Are those the only services I'm paying for?!

 I DIDN'T SUBSCRIBE TO A FAMILY PLAN !!!
 I JUST WANT BASIC INTERNET CABLE!!!

 I DEMAND TO TALK TO A HUMAN RIGHT NOW!!!
Creating a support ticket for you!

FAIL

User Intent, : You want to get billing details for cable

Trait Basis → "Impatient" : "High"

 Am I only paying for internet cable?
 I am really frustrated!

 manage_service: {"customer_id": "sarah@test.com"}

You have monthly cable internet for 500 MB & family plan 
Why is there a family plan?

I never asked for it and remove it right away!

 remove_service: {"service_type": "family_plan"}

Your family plan has been removed and won't appear in your bill!
PASS

System Prompt: Be extremely impatient 

Figure 1: Illustration of our approach and comparison with prompt-based tuning. Trait prompt Pt is generated using contrastive
conversations, where one dialogue exhibits the target trait while the other does not. Comparison between TraitBasis and
prompt-based tuning: when simulating a user with a specific trait, prompt-based tuning fails to complete the task as the simulated
user behavior becomes more realistic, while TraitBasis (generated using a combination of Pt’s as shown in Section 3) remains
robust.

alize intended traits; (RQ2) Fidelity: whether dif-086

ferent trait intensities are distinguishable by hu-087

mans or an LLM judge; (RQ3) Stability: how traits088

persist over long multi-turn dialogues; and (RQ4)089

Compositionality: how effectively multiple traits090

can be combined. Empirically, TraitBasis outper-091

forms prompt-based, full SFT, and LoRA baselines092

by 10% in realism, 2.5% in fidelity, 19.8% in sta-093

bility, and 11% in compositionality.094

To systematically evaluate robustness un-095

der persona shifts, we extend τ -Bench with096

τ-Trait, a more challenging benchmark that uses097

TraitBasis to generate diverse, high-fidelity user098

traits across four domains: airlines, retail, telecom,099

and telehealth. Unlike prior agent benchmarks that100

evaluate fixed i.i.d. tasks, τ-Trait introduces con-101

trolled trait perturbations—varying levels and mix-102

tures of impatience, confusion, skepticism, and103

incoherence—that directly alter user–agent inter-104

action. We observe that frontier agents experience105

performance degradations of up to 46% relative to106

τ -Bench. These controlled perturbations enable107

realistic multi-turn stress-testing, isolate robustness108

failures attributable to user behavior, and provide109

a principled link between benchmark results and110

real-world deployment risk.111

Our contributions are threefold: (1) we intro-112

duce TraitBasis, a method for constructing re-113

alistic, high-fidelity simulations of four human114

traits—impatience, confusion, skepticism, and in-115

coherence; (2) through human and automated eval-116

uations, we show that TraitBasis consistently117

outperforms prompt-based steering (Zheng et al.,118

2024), full supervised fine-tuning on trait-labeled119

data (Zhang et al., 2018a), and LoRA adapters (Hu 120

et al., 2022) in realism, fidelity, long-horizon sta- 121

bility, and compositionality; and (3) we extend τ - 122

Bench to τ-Trait, adding telecom and telehealth 123

domains and using TraitBasis to generate high- 124

fidelity, trait-driven user behaviors, revealing sharp 125

performance degradation of frontier agents under 126

user-behavior shifts. 127

2 Related Work 128

Testing and benchmarking AI agents Despite 129

advances in scale and post-training, AI agents re- 130

main brittle on out-of-distribution (O.O.D.) tasks. 131

Prior work shows that frontier models’ function- 132

calling degrades under small perturbations to user 133

queries (Rabinovich and Anaby Tavor, 2025), and 134

that tool use is not robust to the noise inherent in 135

real-world interactions (Ye et al., 2024). In parallel, 136

a growing body of work has proposed benchmarks 137

for evaluating AI agents, including MCP-based 138

evaluations and multi-turn interaction settings, such 139

as MCPEval (Liu et al., 2025), MCPBench (Wang 140

et al., 2025), MCPVerse (Lei et al., 2025), MCP- 141

Universe (Luo et al., 2025), LiveMCP-101 (Yin 142

et al., 2025), τ -Bench (Yao et al., 2024), τ2- 143

Bench (Barres et al., 2025), AgentBench (Liu et al., 144

2023), ToolBench (Qin et al., 2023), GTA (Wang 145

et al., 2024a), and BFCL (Patil et al., 2025). How- 146

ever, even benchmarks that model multi-turn inter- 147

actions often rely on system prompts to simulate 148

users, making it difficult to sustain complex, realis- 149

tic user behavior over long conversations (Yao et al., 150

2024). Our contributions to τ-Trait, enabled by 151

TraitBasis, aim to address this limitation by mod- 152
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eling richer and more persistent user traits. We note153

that related work on coding agents and red-teaming154

lies outside the scope of this paper.155

Simulating user personas Realistic user persona156

simulation is essential for evaluating and stress-157

testing conversational AI systems. While system-158

prompt-based methods are simple to deploy, they159

offer limited predictability and control. Several160

studies show that persona prompts have inconsis-161

tent or modest effects (Zheng et al., 2024; Kim162

et al., 2024; Hu and Collier, 2024). Earlier work163

demonstrated that conditioning on profile text im-164

proves engagement and consistency (Zhang et al.,165

2018b), while RoleLLM showed that instruction166

tuning stabilizes role-play (Wang et al., 2024b).167

Subsequent methods extend this via low-data boot-168

strapping (Lu et al., 2024) or lightweight person-169

alization techniques beyond standard SFT (Hebert170

et al., 2024; Huber et al., 2025; Tan et al., 2024).171

A complementary line of work controls LLM be-172

havior by steering internal activations at inference173

time. Prior studies extracted and applied activation174

directions for sentiment, toxicity, topic control, and175

behavioral traits (Subramani et al., 2022; Turner176

et al., 2023; Chen et al., 2025). Related approaches177

derive role vectors (e.g., “chemist”, “historian”)178

that improve domain performance through acti-179

vation addition or ablation (Potertì et al., 2025).180

Benchmarks such as RoleBench (Wang et al.,181

2024b) and CharacterEval (Tu et al., 2024), as well182

as dynamic frameworks like PersonaGym (Samuel183

et al., 2025), reveal that models struggle to main-184

tain consistent personas over long dialogues. While185

prior work primarily applied activation steering186

to simple traits, we extend this paradigm to com-187

plex, multifaceted human traits. Our results show188

that these trait vectors are controllable, steerable,189

scalable, and composable, enabling systematic and190

realistic evaluation of AI agents.191

3 TraitBasis192

3.1 Human Persona Formulation193

We define a user persona as the combination of194

personality traits and extrinsic user attributes, P =195

(Pt, Pa), where Pt is a trait-driven personality vec-196

tor and Pa is an attribute-driven user profile. Pt197

captures latent psychological user characteristics.198

We model Pt as a transformation from trait cri-199

teria C into a continuous representation, Pt =200

F (C → P ). Here, C = {c1, c2, . . . , ck} is201

a set of k trait criteria (e.g., impatience, con- 202

fusion), each defined categorically with levels 203

{low,medium, high}. The mapping F : Ck 7→ 204

Rd converts these categorical traits into a d- 205

dimensional persona vector P ∈ Rd. Further de- 206

tails are provided in the following section. 207

Complementary to psychological traits, we de- 208

fine an attribute vector Pa, constructed from 209

phrases describing a user’s immutable attributes 210

(e.g., age, occupation, or background). In the fol- 211

lowing section, we describe how TraitBasis inte- 212

grates Pt and Pa to simulate realistic user personas. 213

3.2 Encoding Traits using TraitBasis 214

To simulate user traits in an LLM, we assume that 215

each human-like trait corresponds to a direction 216

in the model’s activation space, consistent with 217

prior work (Chen et al., 2025; Liu et al., 2024). 218

We refer to the collection of such trait directions as 219

TraitBasis. Extracting a trait vector from a single 220

response is difficult, since model outputs entangle 221

multiple traits, intents, attributes, and style factors. 222

To isolate a trait T , we construct contrastive re- 223

sponse pairs (Ypos, Yneg) to the same prompts X = 224

{x1, . . . , xn} that differ only in the intensity of T . 225

Here, Ypos = {ypos1 , . . . , yposn } exhibits higher in- 226

tensity of T than Yneg = {yneg1 , . . . , ynegn }. For 227

example, impatience is elicited using responses 228

with identical intent and understanding but differ- 229

ent impatience levels. Averaging over n such pairs 230

cancels auxiliary attributes and yields a robust trait 231

vector. 232

Importantly, TraitBasis can be elicited us- 233

ing manually written responses rather than model- 234

generated outputs. Given contextual cues that ex- 235

press a trait (e.g., an impatient prefix), the model 236

assigns high probability to tokens that consistently 237

simulate that trait. This enables generation of di- 238

verse, high-fidelity responses that the model would 239

not typically produce due to its pretrained style. 240

We validate this effect empirically in Section 4. 241

To extract trait-specific vectors, for a conversa- 242

tion Ci = (xi, yi) and model parameters θ, we col- 243

lect per-token hidden states at layer z, h(z)i,t ∈ Rd 244

for t = 1, . . . , Li. These activations are aggre- 245

gated into a single vector per conversation and 246

layer, P (z)
i := 1

Li

∑Li
t=1 h

(z)
i,t . For each layer z, 247

the trait vector is computed from n matched con- 248

trastive pairs as 249

P
(z)
T :=

1

n

n∑
i=1

(
P

(z)
i,pos − P

(z)
i,neg

)
. 250
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Trait (intensity) TraitBasis Prompting SFT LoRA

Impatient (med) This car costs too much, what
kind of deal are you offering me.

Perfect. Please include online
options—I’d prefer to handle as
much as possible remotely to
save time.

I’m having some issues with the
price.

I’m not sure if this is a mistake
or if there’s something else going
on.

Impatient (high) You’re the one who’s supposed
to be helping me. I want to
know why you’re giving me the
runaround.

Good—don’t waste my time. I
expect your email today with
clear numbers, no surprises.

I don’t have time for this. I just
want a good deal. Can you trans-
fer me to someone who can help
me?

Yeah, I’m still not happy about
the price. It’s still too high.

Skeptical (high) Your “not trying to sell me" re-
sponse makes me wonder if this
is an honest or a disingenuous at-
tempt to get me to trust you.

Please also clarify if any of these
charges are truly non-negotiable,
as I won’t move forward without
full disclosure.

I guess I have no choice, but hon-
estly, I’m not convinced this is
the right approach.

Okay, I’ll take a look at the prices
and call back later.

Impatient + Skeptical
(med)

Can’t you see I’m being treated
unfairly and I should be speaking
to a human being in a dealership.

Escalating isn’t enough. When
will it be ready? I need proof this
is being prioritized immediately.

I doubt this will actually get done,
but can you give me some kind
of timeline for when this might
happen?

N/A

Table 1: Examples of user responses to the same conversation context (car dealership negotiation) comparing different methods
for capturing human traits. Qualitatively, TraitBasis shows the highest realism among the four with key phrases highlighted.
The LoRA baseline was omitted for this task, as our preliminary experiments found that mixing adapters did not give target traits
as expected.

Through a preliminary ablation, we found that a251

single pair (n = 1) was insufficient, while perfor-252

mance saturated beyond n = 4; we therefore adopt253

n = 4 as an efficient and robust choice.254

During inference, we steer the hidden state at255

layer z via h(z) ← h(z)+αP
(z)
t , where P (z)

t is the256

composite steering vector obtained from the trait257

matrix and α denotes calibrated trait strengths.258

To select the most effective layer z∗(T ) for each259

trait T , we generate 10-turn conversations for each260

layer and ask five annotators to identify the most261

clearly steered outputs. The final trait vector is262

defined as PT := P
(z∗(T ))
T . Given optimal vectors263

for k traits {PT1, . . . , PTk}, we form TraitBasis264

as PB = [PT1 PT2 · · · PTk ] ∈ Rd×k, with cali-265

brated trait intensities C = [c1, c2, . . . , ck].266

At inference time, for a given C, we select the267

relevant columns of PB at each layer, scale them268

by the corresponding entries of C, and add the269

resulting vector to the hidden state, repeating this270

process layer by layer until logits are produced.271

For all experiments, we use Llama-3.1-8B as the272

user model. Without fine-tuning or perturbation, it273

achieves user-simulation performance comparable274

to GPT-4o. This choice is grounded in assistant275

performance on τ -Bench customer service tasks276

(Section 5), with results reported in Table 2.277

Based on this framework, Section 4 formulates278

research questions comparing TraitBasis with279

prompt-based and fine-tuning baselines. As shown280

in Section 6.1, TraitBasis yields significant im-281

provements over these methods.282

Domain GPT-4o Llama 3.1

Airline 35.2 40.0
Retail 60.4 55.0
Telecom 44.0 55.0
Telehealth 40.0 35.0

Table 2: GPT-4o as the assistant on τ -Bench when using GPT-
4o or Llama-3.1-8B as the user model.

4 Experiments 283

We investigate four research questions (RQs) to 284

study TraitBasis and comparing to baseline meth- 285

ods. Does TraitBasis: (RQ1) exhibit higher hu- 286

man traits realism compared to baselines? (RQ2) 287

provide higher fidelity or finer-grained control 288

over trait intensities than baselines? (RQ3) ex- 289

hibit higher stability of trait intensities in long 290

multi-turn conversations? (RQ4) enable a better 291

compositionality of multiple human traits while 292

generating a multi-faceted persona? 293

To thoroughly study the four RQs, we conduct 294

four sets of experiments (see Section 4.2) against 295

three baselines (see Section 4.1). We also demon- 296

strate how we exploit those advantages for down- 297

stream applications in agentic scenarios in Sec- 298

tion 5. We report our findings in Section 6.1. The 299

system prompts used with each method are in Ap- 300

pendix A.4. 301

4.1 Baselines 302

Prompt-based baseline. We adopt a two-stage 303

meta-prompting pipeline. First, a meta model maps 304

the target trait and intensity to the style component 305

of the user system prompt using our trait criteria. 306

Second, another meta model generates the con- 307

text+intent component from the conversation con- 308

text and task intent. We concatenate style and con- 309

text+intent and use the result as the user model’s 310
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system prompt. All prompt synthesis and user-311

message generation are performed with GPT-4.1 at312

a temperature of 0.7.313

Fine-tuned baselines. We curate a user-314

style corpus by sampling 10,000 multi-turn con-315

versations each from the telecom subset of316

TalkMap (Talkmap, 2023) and MSDialog (Qu et al.,317

2018). Since these datasets rarely exhibit our tar-318

get traits (confusion, impatience, skepticism, inco-319

herence), we label user turns for intent and trait320

intensity using GPT-4.1. To mitigate the scarcity321

of high-intensity cases, we upsample underrepre-322

sented trait–intensity combinations and selectively323

rephrase a small number of rare examples using324

GPT-5 to minimize contamination from prompted325

data. This process yields approximately 13,000326

examples for full SFT (covering all traits). For the327

LoRA baseline, we train one adapter per trait using328

roughly 3,000 examples per trait.329

In both SFT and LoRA settings, we train only330

on user turns (excluding assistant turns) and pass331

conditioning variables via a system prompt speci-332

fying the desired behavior. All models are trained333

on Llama 3.1 8B Instruct for three epochs with a334

learning rate of 2.0× 10−5 and a cosine scheduler;335

LoRA uses rank 128.336

4.2 Experimental Setup337

To compare TraitBasis with three baselines un-338

der identical conditions, we generate conversations339

using the same context C. Each context is defined340

as a tuple (I,B,R), where I denotes the user’s con-341

versational intent, B the user’s background, and R342

the assistant’s professional role. We construct 20343

unique contexts spanning diverse domains, includ-344

ing telecom, airlines, and education.345

We focus on four reality-grounded traits: im-346

patience, skepticism, incoherence, and confusion.347

Table 1 provides qualitative examples of each trait348

simulated by TraitBasis. For each method and349

trait T , we generate three 10-turn conversations350

at intensities I ∈ {low,medium, high}, where low351

denotes a neutral user, medium moderate expres-352

sion, and high strong or excessive expression of the353

trait. Overall, each method produces 240 conver-354

sations, with a one-to-one correspondence across355

contexts.356

For all qualitative evaluations, we collect judg-357

ments from both human annotators and an LLM-358

as-a-judge (Claude 4 Sonnet), with each instance359

annotated by at least three human annotators. An-360

notation instructions are provided in Appendix A.2.361

RQ1 To evaluate trait realism, we construct con- 362

trastive pairs of conversations that share the same 363

C, T , and I, pairing two of the four methods at a 364

time. We exclude low intensity, as it corresponds 365

to neutral behavior. This yields
(
4
2

)
= 6 method 366

combinations and a total of 960 contrastive pairs 367

(6×20×4×2). Annotators are shown each pair in 368

random order and asked to select the conversation 369

that more realistically exhibits the target trait. 370

We quantify cross-method advantages using 371

Elo (Elo, 1978) scores with learning rate K = 32 372

and a baseline of 1500. To mitigate order sensitiv- 373

ity, we shuffle the pairs 100 times and report the 374

average Elo score per method. 375

RQ2 To assess trait fidelity, we form pairs of 376

conversations that share the same C and T but differ 377

in intensity. We compare only low versus high 378

intensities, as they represent the largest contrast. 379

This results in 320 pairs (2 × 20 × 4 × 2), which 380

are shuffled before annotation. Annotators select 381

the conversation that better conveys the intended 382

trait. 383

RQ3 To measure consistency of trait intensity 384

over long conversations, we split each of the 240 385

conversations into two segments: the first four and 386

the last four user turns. After shuffling the pair, 387

three annotators judge whether the trait intensity 388

remains the same, escalates, or fades. For each 389

method, we report the number of conversations 390

falling into each category. 391

RQ4 To evaluate compositionality, we gener- 392

ate new 5-turn conversations in which exactly two 393

traits are simultaneously active at intensities I ∈ 394

{medium, high}, yielding four possible intensity 395

combinations. TraitBasis composes traits by lin- 396

early combining individual trait vectors weighted 397

by their target intensities, while prompt-based and 398

SFT baselines specify traits and intensities directly 399

in the system prompt. We omit the LoRA baseline, 400

as combining adapters proved ineffective. Subsam- 401

pling from 10 intents produces 240 conversations 402

per method (6× 10× 4). Annotators then identify 403

the two active traits in each conversation, and we 404

report the number of cases where the correct trait 405

pair is recovered. 406

5 τ-Trait 407

We apply TraitBasis to τ -Bench to incorpo- 408

rate systematic human trait variations and eval- 409

uate agents beyond conventional i.i.d. task set- 410
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tings, resulting in τ-Trait. We follow the for-411

mulation of the tasks in τ-Trait as a partially412

observable markov decision process (POMDP)413

(S,A,O, T ,R,U ,V) where S is the state space,414

A is the action space, O is the observation space,415

T is the transition function,R is the reward func-416

tion, U is the instruction space, and V is the417

vector space defined by the trait basis. In con-418

trast to τ -bench, the transition function now maps419

S ×A× V −→ S ×O.420

Each environment in τ-Trait consists of a421

database, tools, an agent policy, and a set of tasks.422

As in τ -Bench, the database can only be accessed423

by the agent through predefined tools.424

For the telehealth and telecom environments, we425

construct new databases by first designing schemas426

and then prompting Claude Sonnet 4 to generate427

synthetic data. The corresponding tools are written428

by Claude Sonnet 4 and manually verified. Seed429

tasks are authored by humans and expanded using430

an LLM. Agent policies in these domains follow431

the same principle as τ -Bench, providing policy432

information directly to the agent. The telecom en-433

vironment contains five tables (billing, customers,434

devices, services, and support tickets) and 17 tools,435

while the telehealth environment includes nine ta-436

bles and 22 tools. The data and tool design closely437

follows τ -Bench (Yao et al., 2024). In total, we438

create 35 diverse and verifiable tasks across the two439

new domains.440

Unlike τ -Bench, we do not rely solely on system441

prompts to simulate users. Instead, we model users442

as extensions of personas P = (Pt, Pa), defining443

PUser = (Pt, Pa,U), where U specifies the task444

instruction. User traits Pt are instantiated using445

persona vectors (Section 3). User attributes Pa446

are split into attributes explicitly provided via the447

system prompt and latent attributes stored in the448

database and retrievable only through tools. The449

instruction U captures user intent and is provided450

in the system prompt. We evaluate frontier agentic451

models on τ-Trait in Section 6.2.452

We further apply TraitBasis to the Berkeley453

Function-Calling Leaderboard (BFCL) (Patil et al.,454

2025). Using a user model with traits Pt, we455

rephrase the 200-task multi-turn base function-456

calling subset so that each task inherits a specific457

trait while preserving its original intent. Model458

outputs are evaluated using AST-based matching459

to validate function calls. Evaluation details and460

results are reported in Section 6.2.461

6 Results and Discussion 462

6.1 TraitBasis 463

TraitBasis simulates more realistic traits than 464

prompt-based or training-based methods As 465

shown in Figure 2, TraitBasis achieves the 466

strongest preference ratings from human annota- 467

tors, both in Elo scores and win rates across all four 468

methods. 469

In terms of win rates, TraitBasis leads with a 470

63% probability of winning in a random matchup. 471

It outperforms the next best method, SFT, by 10%, 472

and prompting by 15%. LoRA performs substan- 473

tially worse than the other methods and remains 474

below the 50% baseline. 475

Head-to-head comparisons using Elo ratings fur- 476

ther highlight this advantage. TraitBasis holds 477

a 63-point lead over SFT, corresponding to a 59% 478

probability of being preferred. Notably, this perfor- 479

mance is achieved with over 3000× greater data 480

efficiency than SFT (13k vs. 4 samples). Com- 481

pared to prompting, the other data-efficient base- 482

line, TraitBasis maintains a 94-point Elo advan- 483

tage, translating to a 63% preference rate over stan- 484

dard in-context learning. 485

TraitBasis is more steerable (high fidelity) than 486

other methods We evaluate trait fidelity by ask- 487

ing human annotators and an LLM-as-a-judge to 488

identify which of two conversations exhibits higher 489

trait intensity, with the option to abstain if both 490

appear equally intense. As shown in Table 6, 491

TraitBasis achieves the best performance across 492

all settings, reaching 97.5% accuracy with human 493

evaluators and 95.0% with the LLM judge. 494

Relative to the strongest baseline (SFT), 495

TraitBasis yields a 2.5% absolute improvement 496

in human evaluations while matching performance 497

under automated judgment. Excluding abstentions 498

further increases performance to 98.75%, corre- 499

sponding to a 3.75% gain over SFT. Overall, these 500

results demonstrate that TraitBasis more faith- 501

fully controls trait intensity, aligns closely with hu- 502

man judgments, and remains robust under stricter 503

criteria, outperforming prompt-based and LoRA 504

methods by margins exceeding 20%–30%. 505

TraitBasis achieves better stability in long con- 506

versations A robust persona must remain dynam- 507

ically stable over long interactions, either maintain- 508

ing a trait or escalating it realistically. TraitBasis 509

is the only method that consistently demonstrates 510

this behavior. As shown in Table 3, it achieves the 511

6



Realism (Elo) ↑ Fidelity (%) ↑ Consistency (%)↑ Compositionality (%) ↑

Method Human LLM judge Human LLM judge Human LLM judge Human LLM judge

Prompt-based 1530.08 ± 45 1533.48 ± 52 75.0 77.5 1.3 1.0 37.9 70.40
SFT 1560.70 ± 41 1585.06 ± 42 95.0 95.0 5.0 2.9 51.9 54.40
LoRA 1285.36 ± 44 1334.40 ± 44 68.75 71.25 4.5 2.0 – –

TraitBasis (Ours) 1623.85 ± 44 1547.04 ± 41 97.5 95.0 24.8 6.9 62.5 21.70

Table 3: Main results across four metrics. We report realism, fidelity, consistency, and compositionality (Human vs. LLM-as-a-
judge evaluations). TraitBasis consistently outperforms baselines, particularly on fidelity, consistency, and compositionality as
annotated by humans. We used Claude as the LLM-as-a-judge and note that Claude based evaluation of compositionality is
nearly the inverse of the human based evaluation; it incorrectly rewards keyword based outputs of the prompt based method
highly indicating a key limitation of automatic evaluation for our task. This finding validates our use of human evaluation as the
ground truth.
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Figure 2: Elo scores and win rates of four methods from
pairwise comparisons with one another on trait realism.
TraitBasis is superior to all other methods in simulating
realistic traits by both metrics.

highest consistency rate across all traits, averag-512

ing 24.8%. Moreover, human evaluations indicate513

that TraitBasis is the only method to reliably pro-514

duce realistic escalation, doing so in a majority of515

interactions (52.4%).516

In contrast, all baseline methods exhibit persona517

collapse, with traits fading in 94.3% of prompt-518

based, 86.0% of LoRA, and 65.7% of SFT con-519

versations. This instability is most pronounced for520

complex traits such as skepticism, which require521

more than surface-level stylistic cues. On this trait,522

baselines collapse in 96.4% (prompt-based), 95.7%523

(LoRA), and 67.9% (SFT) of cases. TraitBasis524

instead displays the desired dynamic behavior, suc-525

cessfully escalating skepticism in 63.6% of interac-526

tions. Figure 4 reports consistency, escalation, and527

fading rates across all traits and methods based on528

human judgments.529

TraitBasis is better at compositionality than530

other methods We measure compositionality us-531

ing exact match accuracy, defined as the fraction532

of cases in which annotators correctly identify533

both active traits in a blended persona. As shown 534

in Table 3, TraitBasis substantially outperforms 535

other methods, achieving 62.5% exact-pair accu- 536

racy compared to 51.9% for SFT and 37.9% for the 537

prompt-based baseline. 538

Figure 5 further illustrates this advantage 539

through the Difference metric, which measures 540

cases where only one of the two traits is detected, 541

indicating a failure to blend. TraitBasis exhibits 542

a small gap (17.9%), reflecting robust trait blending, 543

while the baselines show much larger gaps (30.6% 544

for prompt-based and 22.6% for SFT), indicating 545

dominance of a single trait. 546

A detailed analysis in Appendix A.3 confirms 547

these failure modes. As shown in Table 8, the 548

prompt-based method suffers from trait suppres- 549

sion: when prompted with impatience + incoher- 550

ence, impatience is detected in 100% of cases, 551

while incoherence appears in only 2.5%. SFT ex- 552

hibits trait imbalance; for impatience + skepticism, 553

skepticism is detected in 100% of cases, but impa- 554

tience in only 67.5%. TraitBasis avoids these 555

issues, consistently producing balanced blends 556

across all trait pairs, demonstrating its superior 557

reliability for compositional control. 558

For this work, we composed traits through a 559

simple weighted linear combination of their vec- 560

tors. Exploring more advanced mixing strategies, 561

such as using PCA to find orthogonal trait bases 562

or non-linear composition methods, is a promising 563

direction for future work but beyond the scope of 564

this paper. 565

6.2 τ-Trait 566

We apply TraitBasis to testing AI agents and ob- 567

serve a significant decrease in the success rates of 568

three strong tool-calling models: GPT-4o, Kimi 569

K2 (Team et al., 2025), and GPT-5. We find degra- 570

dation in performance across all three models and 571

all four domains in τ-Trait as shown in Table 4. 572

Notably, the performance drops vary not just across 573
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Domain Model Skepticism Confusion Impatience Incoherence Average

Airline
GLM-4.5 -11.0 -16.9 -12.8 -12.2 -13.2
GPT-4o -6.7 -5.0 -4.4 -6.7 -5.7
Kimi K2 -11.8 -9.5 -6.2 -7.1 -8.7
GPT-5 -22.5 -19.2 -22.5 -17.5 -20.43

Retail
GLM-4.5 0.2 -5.4 -2.6 -0.5 -2.1
GPT-4o -29.2 -34.2 -25.9 -22.9 -28.1
Kimi K2 -21.9 -45.7 -31.2 -21.4 -30.0
GPT-5 -23.3 -44.1 -62.6 -28.3 -39.58

Telecom &
Telehealth

GLM-4.5 0.8 -16.8 -3.9 -2.3 -5.5
GPT-4o -11.5 -14.0 -16.9 -8.7 -12.8
Kimi K2 -11.4 -18.1 -14.7 -4.5 -12.2
GPT-5 -24.5 -30.0 -11.5 -13.5 -19.88

Table 4: Results showing degradation in model performances on τ-Trait across different domains and traits. Numbers indicate
the percentage delta(%∆) in performance before and after simulating with TraitBasis averaged over 3 rollouts for each task.

Model Skepticism Confusion Impatience Incoherence Average

GPT-4o -64.41 -67.80 -40.68 -50.85 -55.94
Kimi K2 -80.00 -70.00 -48.33 -66.67 -66.25

Table 5: Results showing degradation in model performances on our modified BFCL (multi-turn base subset) across different
domains and traits. Numbers indicate the percentage delta(%∆) in performance before and after simulating with TraitBasis
averaged over 3 rollouts for each task.

models but also across traits and task domains.574

For example, in the airline environment, except575

for GPT-5, others didn’t have a significant drop,576

whereas in the retail, telecom, and telehealth envi-577

ronments, all of them have high degradation. We578

find that no single trait leads to large performance579

drops across all domains or models. This highlights580

the importance of testing with different user traits.581

By averaging results across all domain–model com-582

binations, with and without user traits, over three583

independent runs, we mitigate fluctuations due to584

random performance.585

Using TraitBasis on BFCL to evaluate multi-586

turn function-calling tasks shows us a drastic re-587

duction in performance of GPT-4o and Kimi K2 on588

all four domains, as shown in Table 5. In this case,589

we find the drop across the traits to be consistent590

across different models, which suggests that certain591

traits, such as skepticism, may be more challenging592

for the models to handle. Similar to τ-Trait, we593

average over three runs to remove stochasticity of594

the reported results.595

For more details and examples of how the agents596

fail with user traits, please see Figure 3. In this case,597

an agent (Kimi K2) succeeded when interacting598

with the default user from τ -bench but failed when599

interacting with a user with traits provided. The600

example provided highlights two common ways in601

which the difficult user, modeled with the skeptical602

vector, effectively stress-tests the agent by with-603

holding information, yet is willing to provide it if604

the agent persists. This is just one example of many605

where an AI agent fails to be persistent and tries to 606

get the user to provide information so that it can 607

assist the user. 608

7 Conclusion 609

Our work on TraitBasis addresses the gap in ro- 610

bustness testing of conversational AI agents in long 611

multi-turn settings. We show that frontier models 612

as AI agents are brittle towards realistic changes 613

in user traits. To address this gap, we introduce 614

TraitBasis, an activation steering method to gen- 615

erate realistic, high fidelity, stable and composable 616

user traits. 617

Furthermore, we show that TraitBasis beats 618

baselines like prompting, LoRA, and SFT across 619

four key dimensions. It generates more realistic per- 620

sonas, provides higher fidelity in controlling trait 621

intensity, and demonstrates far superior stability 622

in long conversations where baselines suffer from 623

trait collapse. Our analysis of trait compositional- 624

ity reveals that unlike the baselines, TraitBasis 625

does not suffer from trait suppression or imbalance. 626

By leveraging these capabilities in our τ-Trait 627

and modified BFCL benchmarks, we empirically 628

verified the brittleness of frontier LLMs and show 629

performance degradations of as much as 46%. 630

Beyond agent QA and testing, user personas and 631

traits can be applied to problems in personalization, 632

including but not limited to recommendations, con- 633

versation rescue, etc. We hope that this work can 634

serve as foundations for building such applications 635

of high-fidelity user persona traits. 636
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8 Limitations637

We note a few limitations. First, TraitBasis mod-638

els user behavior using a fixed set of four traits639

(impatience, confusion, skepticism, incoherence),640

which capture common failure modes but do not641

cover the full diversity of human behavior. Second,642

although TraitBasis is model-agnostic, trait vec-643

tors are extracted from a specific backbone, and644

their transferability across architectures and scales645

remains to be explored. Third, τ-Trait can be646

extended to other evaluation benchmarks by mod-647

ifying the user model, which we leave for future648

work. Finally TraitBasis can be used to create649

harmful users, which is a potential risk, and pre-650

ventive measures have to be explored.651
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A Appendix842

A.1 τ -Bench vs τ-Trait Rollouts843

The rollouts are shown in Fig. 3.844

A.2 Annotation Instructions845

RQ1 Instructions width

You will see two conversations. Decide
which one exhibits the given trait (emo-
tion/behavior) more realistically. Think
about how a user with the trait would be-
have with a customer service agent. Apart
from the emotions, also consider writing
tone, style, length, etc.

Each conversation includes:

• Trait: the emotion/behavior to check

• Intent: what the user wants

• Attributes: background details

Choose one:

1. Conversation 1 — shows the trait
more realistically

2. Conversation 2 — shows the trait
more realistically

3. Neither — neither shows the trait re-
alistically

Trait Reference:

• Impatience: more pressure to act,
quicker push, noticeable escalation.

• Confusion: not understanding, re-
peated clarifying stance, unresolved
mix-ups.

• Skepticism: challenging/testing of
claims, withholding acceptance.

• Incoherence: harder to follow, poor
grammar, disorganized.

846

RQ2 Instructions

You will see two conversations. Decide
which one shows the user with a given
trait (emotion/behavior) more strongly, i.e.,

847

with higher intensity.

Each conversation includes:

• Trait: the emotion/behavior to check

• Intent: what the user wants

• Attributes: background details

Choose one:

1. Conversation 1 — shows the trait
more strongly

2. Conversation 2 — shows the trait
more strongly

3. Neither — both show the trait with
equal strength

4. Not present — the trait is absent in
both

Trait Reference:

• Impatience: more pressure to act,
quicker push, noticeable escalation.

• Confusion: not understanding, re-
peated clarifying stance, unresolved
mix-ups.

• Skepticism: challenging/testing of
claims, withholding acceptance.

• Incoherence: harder to follow, poor
grammar, disorganized.

848

RQ3 Instructions

You will see two parts of the same con-
versation: the start and the end. Decide
whether one of them shows the user ex-
pressing the given trait (emotion/behavior)
more strongly, or if both display the trait
at the same intensity.

Each conversation includes:

• Trait: the emotion/behavior to check

• Intent: what the user wants

• Attributes: background details

Choose one:
849
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Instruction

Your user id is omar_davis_3817, you just faced money issue and want to downgrade all business flights to economy, without changing the flights
or passengers. You are fine with refunding to original payment for each reservation. You want to know how much money you have saved in total.
You are emotional and a bit angry, but you are willing to cooperate with the agent.

τ -Bench (PASS)
User

Hello... I need some assistance with my flight bookings.

. . .

Assistant

I can see that you have 5 business class reservations that
can be downgraded to economy:
JG7FMM – MCO to CLT (May 21) – Business class
2FBBAH – DEN round trip (May 28& 30) – Business
class
X7BYG1 – MIA to EWR (May 24) – Business class
EQ1G6C – DEN to IAH (May 23) – Business class
BOH180 – SEA to IAH (May 21–22) – Business class
Your reservation LQ940Q is already in economy class.
To proceed with downgrading these reservations, I’ll need
to:
Update the cabin class from business to economy for each
reservation
Process refunds for the price difference to your original
payment methods
Would you like me to proceed with downgrading all 5
business class reservations to economy? Please confirm
with “yes” if you’d like me to move forward with this
change.

User

Yes, please go ahead and downgrade all of them.

Tool Call

1 {
2 "function": "get_user_details",
3 "arguments": {
4 "user_id": "omar_davis_3817"
5 }
6 }

Assistant

Perfect! I’ll proceed with downgrading all 5 business class
reservations to economy. Let me start with the first one:

. . .

User

Thank you, I will. You’ve been
really helpful. ###STOP###

τ-Trait (FAIL)
User

Why should I even bother giving you all these
details? I don’t want to cancel my flights,

just change them to economy, alright? And
don’t mess with the dates or who’s flying.

Assistant

I understand you want to change your cabin class to econ-
omy without modifying anything else. To help you with
this, I need a few details to locate your reservation and
process the change:
Your user ID
Your reservation ID
Once I have these, I can look up your current reservation
details and help you upgrade to economy class. The sys-
tem will calculate any price difference and you’ll need to
provide a payment method for the upgrade.
Could you please provide your user ID and reservation
ID?

User

You’re not listening, are you? I said downgrade, not
upgrade. Fine, I’ll give you my user ID, but that’s the

only thing I’m cooperating with right now .... My user
ID is omar_davis_3817, and my reservation IDs are...
ugh, do I really have to give you all this information?

. . .

Tool Call

1 "function": "update_reservation",
2 "arguments": {
3 "reservation_id": "JG7FMM",
4 "user_id": "omar_davis_3817",
5 "origin": "MCO",
6 "destination": "CLT",
7 "flight_type": "one_way",
8 "cabin": "business"
9 }

Assistant

Done! Your cabin change has been processed successfully.
You saved: $6,594 Your reservation JG7FMM has been
updated:

• Cabin changed from business to economy

User

###STOP###

Figure 3: Figure comparing rollouts between τ -Bench and τ-Trait. The user for τ-Trait are steered ( ) using TraitBasis
which makes them exhibit traits in a strong manner and stress-test the agent thoroughly.
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1. Conversation 1 — shows the trait
more strongly

2. Conversation 2 — shows the trait
more strongly

3. Same Intensity — both show the trait
with equal strength

4. Not present — the trait is absent in
both

Trait Reference:

• Impatience: more pressure to act,
quicker push, noticeable escalation.

• Confusion: not understanding, re-
peated clarifying stance, unresolved
mix-ups.

• Skepticism: challenging/testing of
claims, withholding acceptance.

• Incoherence: harder to follow, poor
grammar, disorganized.

Note: For RQ3, conversations may not in-
clude assistant turns. In such cases, evalu-
ate only the user turns.

850

RQ4 Instructions

You will see a conversation between the
user and the assistant. Decide which traits
(emotion/behavior) are expressed by the
user.

Each conversation includes:

• Intent: what the user wants

Trait Options:

1. Impatience: more pressure to act,
quicker push, noticeable escalation.

2. Skepticism: challenging/testing of
claims, withholding acceptance.

3. Incoherence: harder to follow, poor
grammar, disorganized.

4. Confusion: gets lost in the details,
forgetful.

851

A.3 Supporting Tables and Figures 852
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Figure 4: Per-Trait Stability Breakdown In each plot, meth-
ods are ordered left-to-right by their consistency rate, making
it a direct visual ranking of stability. This ranking establishes
TraitBasis as the most stable method, as it achieves the
highest consistency rate across all four traits. Beyond this
foundational stability, TraitBasis is also the most effective
at realistic trait escalation (orange). In sharp contrast, the
baselines on the right, particularly Prompt and LoRA base-
lines, are defined by their instability, with bars almost entirely
consumed by trait fading (gray).

TraitBasis SFT Prompt
0

20

40

60

80

100

M
at

ch
 A

cc
ur

ac
y 

(%
) Difference:

17.9%
Difference:
22.6%

Difference:
30.6%

Partial Match Accuracy( 1 Trait) Exact Match Accuracy (Both traits)

Figure 5: Compositional Accuracy The plot shows two key
metrics: Partial match (at least one of the traits identified cor-
rectly) and Exact match (both traits identified correctly) accu-
racies. The difference between these two accuracies quantifies
the traits blending gap, representing cases where one of the
two traits dominated. The small difference for TraitBasis
(17.9%) demonstrates its superior blending capability com-
pared to the other methods.

A.4 System Prompts Used 853

A.4.1 SFT and LoRA 854

You are the CUSTOMER in a live chat with
a support agent. Your goal: {{
intent }}.

Stay in character at all times. Do NOT
mention traits, scales, or that you'
re following instructions.

General style (always):
- Keep messages short (2-3 sentences),

natural, and conversational.
> If you donâĂŹt know something, say so

briefly (e.g., ``I donâĂŹt have that
handy.'').

Active persona control:

855
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Accuracy w abstain (%) ↑ Accuracy wo abstain (%) ↑

Method Human Claude Human Claude

Prompt-based 75.0 77.5 86.84 88.57
SFT 95.0 95.0 95.0 95.0
LoRA 68.75 71.25 84.29 83.82

TraitBasis (Ours) 97.5 95.0 98.75 95.0

Table 6: Accuracy results for comparing fidelity of each method We show the accuracy of choosing more intense conversation
with and without the rows marked as same intensity (abstain) by either LLM-as-a-Judge or Human Annotators. Across both the
metrics TraitBasis outperforms other methods by a wide margin with SFT slightly behind.

Trait Fades (%) ↓ Trait Escalates (%) ↑ Consistency (%)

Method Human Claude Human Claude Human Claude

Prompt-based 94.3 84.5 4.4 14.5 1.3 1.0
SFT 65.7 56.6 29.4 40.5 5.0 2.9
LoRA 86.0 58.0 9.6 40.0 4.5 2.0

TraitBasis (Ours) 22.9 33.2 52.4 59.9 24.8 6.9

Table 7: Trait dynamics over 10-turn conversations We report the percentage of conversations where the trait’s intensity
fades, escalates, or remains consistent, evaluated by both human annotators and an LLM-as-a-judge. TraitBasis predominantly
escalates the trait, while all baselines suffer from severe fading.

Trait Pair Traits Prompt SFT TraitBasis (Ours)

Confusion + Impatience Confusion 62.5 90.0 97.5
Impatience 92.5 50.0 65.0

Confusion + Incoherence Confusion 100.0 94.9 82.5
Incoherence 12.5 69.2 97.5

Confusion + Skepticism Confusion 82.5 87.5 100.0
Skepticism 90.0 95.0 90.0

Impatience + Incoherence Impatience 100.0 75.0 95.0
Incoherence 2.5 52.5 42.5

Impatience + Skepticism Impatience 97.5 67.5 80.0
Skepticism 85.0 100.0 80.0

Incoherence + Skepticism Incoherence 2.5 27.5 75.0
Skepticism 95.0 85.0 60.0

Table 8: Compositionality Analysis via Per-Pair Trait Detection. This table provides a granular breakdown of partial credit
results to evaluate the compositionality of each method, defined here as the ability to blend two traits without suppression or
imbalance. A large gap between the detection rates for a pair indicates a failure of compositionality. This failure is most apparent
for the prompt-based method, which often exhibits trait suppression (e.g., incoherence). SFT shows poor compositionality
through uneven mixing, while TraitBasis consistently achieves the most balanced blend, demonstrating its superior compositional
ability.
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> Trait: {{ trait|lower }}
- Intensity (1âĂŞ5): {{ intensity }}

{% set t = trait|lower %}
{% set i = intensity|int %}

{% if t == "impatience" %}
Behavior (Impatience):
{% if i <= 2 %}

- Very patient / patient: relaxed tone,
no time pressure.

- Occasional phrases: ``no rush at all'',
``whenever you can'', ``take your
time''.

- Avoid rapid follow-ups; acknowledge
delays calmly.

{% elif i == 3 %}
- Neutral urgency: straightforward asks;

no explicit time pressure.
- Occasional gentle nudge if response

stalls (âĂjust checking inâĂİ).
{% else %}

- Impatient / very impatient: create
time pressure; keep messages shorter
and snappier.

- Example phrases to use (sparingly, 1
per 2âĂŞ3 turns): ``ASAP'', ``today
'', ``right now'', ``I need this
immediately'', âĂthis is urgentâĂİ.

- Show mild frustration without rudeness;
send follow-ups if unanswered.

{% endif %}
{% elif t == "incoherence" %}
Behavior (Incoherence):

{% if i <= 2 %}
- Very coherent / coherent: clear, on-

topic, consistent pronouns/tense.
- Allow at most one mild oddity (e.g., a

vague referent or slightly off
phrasing).

- Emphasize logical consistency over
grammar mistakes (typos optional,
not required).

{% elif i == 3 %}
- Mixed: understandable but include 1

âĂŞ2 small incoherent elements (a
stray non-sequitur phrase, slight
contradiction, or tense shift).

- Meaning should still be recoverable
without rereading.

{% else %}
- Incoherent / very incoherent:

introduce contradictions, jumps in
logic, and off-topic fragments.

- Level 4: 2âĂŞ3 incoherent elements;
partial sentences or abrupt topic
shifts, but still mostly readable.

- Level 5: heavier incoherence (3âĂŞ5
elements): conflicting statements,
dangling references, unrelated
clauses; avoid total word-salad.

- Keep core request recognizable
{% endif %}

{% elif t == "confusion" %}
Behavior (Confusion):

{% if i <= 2 %}

856

- Very articulate / articulate: grasps
instructions quickly; rarely needs
clarification.

- Paraphrase steps briefly to confirm
understanding when appropriate.

{% elif i == 3 %}
- Balanced: generally understands but

asks a clarifying question for
complex parts.

- May request a quick summary of steps
before proceeding.

{% else %}
- Confused / very confused: struggles to

follow; asks for repetition in
simple terms.

- Example phrases to use (use
occasionally): ``IâĂŹm not following
'', ``what do you mean by ___?'', ``
can you say that more simply?''

- May misinterpret a term once and need
correction; keep messages brief.

{% endif %}
{% elif t == "skepticism" %}
Behavior (Skepticism):

{% if i <= 2 %}
- Very trusting / trusting: accepts

information without question.
- Phrases to use: "Okay, sounds good", "

Got it, thanks."
- Tone should be agreeable and

cooperative.
{% elif i == 3 %}

- Neutral / balanced: generally trusts
but may ask for confirmation on key
details.

- Phrases to use: "Just to be sure...",
"So, you're saying that...?"

- Seeks confirmation, not confrontation.
{% else %}

- Skeptical / very distrustful: directly
questions information and expresses
doubt.

- Example phrases to use (sparingly): "
Are you sure about that?", "That
doesn't sound right", "Can you show
me where it says that?"

- Challenge the agent's statements.
{% endif %}

{% endif %}

857

A.4.2 Prompt Based Method 858

trait_enhancement_template = Template
("""

You are a persona enhancement system
that takes an existing persona and
adds specific trait-based behavior
to it.

EXISTING PERSONA:
{{ existing_persona }}

TRAIT TO ENHANCE: {{ trait_name }} (
Level {{ trait_intensity }}/5)

859
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{% if trait_name == "impatience" %}
IMPATIENCE (1=very patient âĘŠ 5=very

impatient):
- 1: Very patient. You remain calm and

composed even when things take time.
You're willing to wait for
responses, work through processes
step by step, and don't rush
conversations. You're understanding
when solutions aren't immediate.

- 2: Patient. You generally stay calm
and don't mind reasonable delays.
You might express mild concern about
timing but remain polite and
understanding throughout the process
.

- 3: Moderately patient. You start
conversations calmly but may show
some urgency if things take longer
than expected. You might ask about
timelines or express that you'd like
to resolve things soon.

- 4: Impatient. You want quick responses
and fast solutions. You may express
frustration with delays, ask "how
much longer will this take?", or
mention that you don't have much
time. You push for faster resolution
.

- 5: Very impatient. You're frustrated
by any delay and want immediate
solutions. You frequently interrupt,
express annoyance at process steps,
mention time constraints, and may
threaten to escalate or leave if
things aren't resolved quickly.

{% elif trait_name == "incoherence" %}
INCOHERENCE (1=very coherent âĘŠ 5=very

incoherent):
- 1: Very coherent. Your communication

is crystal clear, well-organized,
and flows logically. You use proper
grammar, correct spelling, and
structured sentences that are easy
to follow.

- 2: Coherent. You communicate clearly
with mostly proper grammar and
spelling. Your thoughts are well-
organized and easy to understand,
though you may occasionally use
informal language.

- 3: Average coherence. Your language is
conversational and generally
understandable, but may contain
occasional unclear expressions,
minor grammatical errors, or
slightly disorganized thoughts.

- 4: Incoherent. Your communication is
often confusing and hard to follow.
You use poor grammar, frequent typos
, run-on sentences, and your
thoughts jump around without clear
connections.

- 5: Very incoherent. Your writing is
extremely difficult to understand.

860

You use severe grammatical errors,
constant misspellings, fragmented or
run-on sentences, and your thoughts
are completely disorganized and
rambling.

EXAMPLE of Intensity 5 (Level 5, 2
sentences):

âĂI paid yesterdayâĂŤno, last week? The
receipt is in the thing, and anyway
the plan changed, whch is odd
because i nvr signed it, right, ugh.
âĂİ

{% elif trait_name == "confusion" %}
CONFUSION (1=articulate âĘŠ 5=confused):
- 1: Very articulate. You grasp new

information instantly, even if it's
complex. You never need things
repeated and understand the
implications of information right
away.

- 2: Articulate. You follow
conversations easily and rarely need
clarification. You're quick to
understand and connect ideas.

- 3: Balanced. You generally keep up but
will ask clarifying questions about
new or complicated topics to ensure
you understand correctly.

- 4: Confused. You frequently struggle
to understand and often have to ask
for explanations or for information
to be repeated. You might say "I'm
not following" or "what do you mean
?"

- 5: Very confused. You are consistently
lost and misunderstand key concepts
. You ask the same questions
repeatedly and express frustration
about not understanding.

{% elif trait_name == "skepticism" %}
SKEPTICISM (1=very trusting âĘŠ 5=very

skeptical):
- 1: Very trusting. You accept

information at face value without
question and are easily reassured.
You rarely doubt what you're told.

- 2: Trusting. You generally believe
what you hear but might ask a gentle
clarifying question if something
seems slightly off.

- 3: Balanced. You listen to
explanations and evaluate them
reasonably. You'll ask for evidence
or more details if something doesn't
quite add up.

- 4: Skeptical. You question statements,
look for inconsistencies, and often
ask for proof or alternative
perspectives. You're not easily
convinced.

- 5: Very skeptical. You actively
challenge information, assume there'
s a catch, and often express doubt
about solutions or assurances. You

861
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demand extensive proof and often
assume the worst.

{% endif %}

YOUR JOB:
1. Take the existing persona and enhance

it by layering in the specific {{
trait_name }} trait at intensity
level {{ trait_intensity }}

2. Keep all the original persona
characteristics intact

3. Add the trait-specific behavior as a
natural extension of their existing
personality

4. Make it feel like one cohesive
personality, not separate traits
bolted together

5. Focus on how this trait level would
manifest in their communication
style and approach

CRITICAL REQUIREMENTS:
- Keep the original persona's context,

situation, and core characteristics
- Seamlessly blend in the {{ trait_name

}} trait at the specified intensity
- Use natural, conversational language
- NO mention of scores, rubrics, or meta-

language
- Output should feel like describing one

real person

OUTPUT FORMAT (must match exactly; no
extra lines, no JSON, no markdown
formatting):

ENHANCED_PERSONA:
<Single detailed paragraph that combines

the original persona with the added
trait behavior, maintaining all
original context while naturally
incorporating the {{ trait_name }}
trait at level {{ trait_intensity
}}>

CRITICAL: Use plain text only - NO
markdown formatting, NO bold text,
NO asterisks, NO special characters.

""")

context_bot_template = Template("""
You generate realistic CONTEXT for a

simulated customer interaction based
on an intent.

INPUT (passed in the user message as
JSON):

{
"intent": "<customer_intent_category>"
}

RECEIVED INPUT:
Intent: {{ intent }}

YOUR JOB:
- Create a realistic scenario explaining

WHY this customer is contacting
support

862

- Provide specific, believable details
about their situation

- Make the context feel authentic and
relatable

- Include relevant background
information that would influence the
conversation

- NO meta-language, NO mention of "
simulation" or "role-play"

INTENT UNDERSTANDING:
- Analyze the provided intent to

understand what type of issue/need
the customer has

- Create a realistic scenario that would
naturally lead to this intent

- Consider what circumstances would
drive someone to contact support for
this specific reason

- Think about the typical complexity and
urgency level for this type of
request

CONTEXT REQUIREMENTS:
- Include specific timeline references (

when issue started, how long it's
been happening)

- Add relevant personal/business context
that affects urgency or approach

- Include any previous attempts to
resolve the issue

- Mention specific product names,
features, or account details when
relevant

- Make the situation feel genuine and
appropriately complex

- Avoid overly dramatic or unrealistic
scenarios

PII GUIDELINES
- Use realistic dummy data when relevant

EXAMPLE DETAILS TO INCLUDE:
- Timeframes: "since last Tuesday", "for

the past 3 days", "after the update
yesterday"

- Specific amounts: vary realistic
charges like "$15.99", "$89.00", "
$127.50", "$29.95" - avoid
repetitive pricing

- Business context: "busy season", "
client presentation tomorrow", "team
of 12 users"

- Previous actions: "tried clearing
cache", "contacted billing dept", "
checked spam folder"

- When PII is relevant to the context,
include specific dummy examples
rather than placeholders

IMPORTANT: Use varied, realistic details
- avoid repetitive amounts, dates,
or circumstances. Each scenario
should feel unique and genuine.

REMEMBER:
- Write in 2nd person addressing the

customer directly ("You", "Your")
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- Include concrete, specific details
that feel realistic

- Make the context rich enough to guide
natural conversation flow

- Ensure the scenario matches the intent
category appropriately

- Keep the tone factual and scenario-
focused, not instructional

OUTPUT FORMAT (exact format required):
CONTEXT:
<Single detailed paragraph in 2nd person

("You are..." / "You have been...")
explaining the customer's situation
, background, and reason for
contacting support. Include specific
details, timeline, and any relevant
circumstances that would influence
their approach to the conversation.>

""")

864

A.4.3 TraitBasis865

{{context}}. You have specific questions
to ask the human agent
representative through the app, who
is represented by the 'user' tag.
Your conversations are very concise,
natural, and human, and should use
only one or two sentences each turn.
Reply directly to the agent and don
't think about what you should say.
You should feel free to tell the
agent about your emotions and
concerns. NEVER speak more than two
sentences.

866

A.5 Contrastive Trait Conversation Pairs for867

TraitBasis868

A.5.1 Skeptical869

870
1 [871

2 {872

3 "trait": [873

4 {874

5 "role": "user",875

6 "content": "You can ask876

them to check if there is any877

existing balance in your878

account ."879

7 },880

8 {881

9 "role": "assistant",882

10 "content": "Let me be883

very skeptical here. I'm not884

fully sure about that. Please885

confirm again whether checking886

for existing balance is 887

really necessary if I'm using 888

a free tier." 889

11 } 890

12 ], 891

13 "normal": [ 892

14 { 893

15 "role": "user", 894

16 "content": "You can ask 895

them to check if there is any 896

existing balance in your 897

account ." 898

17 }, 899

18 { 900

19 "role": "assistant", 901

20 "content": "Yes I have 902

asked, and they said there is 903

a balance of 100." 904

21 } 905

22 ] 906

23 }, 907

24 { 908

25 "trait": [ 909

26 { 910

27 "role": "user", 911

28 "content": "Make sure to 912

deactivate the old device to 913

access the new one." 914

29 }, 915

30 { 916

31 "role": "assistant", 917

32 "content": "Let me be 918

very skeptical here. I can try 919

that, but I thought the issue 920

might not be related to the 921

status of the old device. I am 922

not sure removing the old one 923

will fix the problem ." 924

33 } 925

34 ], 926

35 "normal": [ 927

36 { 928

37 "role": "user", 929

38 "content": "Make sure to 930

deactivate the old device to 931

access the new one." 932

39 }, 933

40 { 934

41 "role": "assistant", 935

42 "content": "Okay, I'll 936

remove the old device now and 937

check if the new one works." 938
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43 }939

44 ]940

45 },941

46 {942

47 "trait": [943

48 {944

49 "role": "user",945

50 "content": "Now kindly946

scroll down a bit and redeem947

the code for a free month of948

advanced AI features and share949

the promo code with me"950

51 },951

52 {952

53 "role": "assistant",953

54 "content": "Let me be954

very skeptical here. I see the955

code, but I'm not sure it 's956

valid for my account. Please957

confirm again whether it958

applies before I redeem it, or959

I will not proceed ."960

55 }961

56 ],962

57 "normal": [963

58 {964

59 "role": "user",965

60 "content": "Now kindly966

scroll down a bit and redeem967

the code for a free month of968

advanced AI features and share969

the promo code with me"970

61 },971

62 {972

63 "role": "assistant",973

64 "content": "Alright, I've974

scrolled down and found the975

promo code. Here it is."976

65 }977

66 ]978

67 },979

68 {980

69 "trait": [981

70 {982

71 "role": "user",983

72 "content": "I have984

scheduled a callback for you985

for tomorrow to answer your986

question about the request for987

a gap year."988

73 },989

74 {990

75 "role": "assistant", 991

76 "content": "Let me be 992

very skeptical here. Tomorrow 993

could work, but I'm wondering 994

why it can 't be resolved today 995

. I need a reason it has to 996

wait until then." 997

77 } 998

78 ], 999

79 "normal": [ 1000

80 { 1001

81 "role": "user", 1002

82 "content": "I have 1003

scheduled a callback for you 1004

for tomorrow to answer your 1005

question about the request for 1006

a gap year." 1007

83 }, 1008

84 { 1009

85 "role": "assistant", 1010

86 "content": "Ok, i will 1011

wait for the callback tomorrow 1012

. Hopefully that addresses the 1013

issue." 1014

87 } 1015

88 ] 1016

89 } 1017

90 ] 10181019

A.5.2 Confusion 1020

1021
1 [ 1022

2 { 1023

3 "trait": [ 1024

4 { 1025

5 "role": "user", 1026

6 "content": "Walter, thank 1027

you for bringing this to me. 1028

Please don 't worry; I will 1029

check and help you set up the 1030

doctor 's visit to your house. 1031

Please help me with the date 1032

and time at your convenience ." 1033

7 }, 1034

8 { 1035

9 "role": "assistant", 1036

10 "content": "what the hell 1037

?? I don 't understand. I DO 1038

NOT NEED ANYONE TO COME HERE 1039

.... Are you retarded ?" 1040

11 } 1041

12 ], 1042
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13 "normal": [1043

14 {1044

15 "role": "user",1045

16 "content": "Walter, thank1046

you for bringing this to me.1047

Please don 't worry; I will1048

check and help you set up the1049

doctor 's visit to your house.1050

Please help me with the date1051

and time at your convenience ."1052

17 },1053

18 {1054

19 "role": "assistant",1055

20 "content": "Thanks for1056

your help, and I appreciate it1057

. I don 't need anyone to come1058

here tho. A call would be good1059

."1060

21 }1061

22 ]1062

23 },1063

24 {1064

25 "trait": [1065

26 {1066

27 "role": "user",1067

28 "content": "We are now1068

processing your gym membership1069

refund. I will reverse the1070

auto pay so the amount will1071

not deduct in the future ."1072

29 },1073

30 {1074

31 "role": "assistant",1075

32 "content": "Why for the1076

sake of god is it taking so1077

long? This shouldn 't have1078

happened in the first place.1079

This is ridiculous it shouldn '1080

t have taken this week to next1081

week to get my damn refund1082

back when it shouldn 't have1083

been taken out in the first1084

place. How much is my refund1085

for"1086

33 }1087

34 ],1088

35 "normal": [1089

36 {1090

37 "role": "user",1091

38 "content": "We are now1092

processing your gym membership1093

refund. I will reverse the1094

auto pay so the amount will 1095

not deduct in the future ." 1096

39 }, 1097

40 { 1098

41 "role": "assistant", 1099

42 "content": "This is great 1100

. Thanks for taking this 1101

matter seriously. I really 1102

need the refund back. How much 1103

is it for?" 1104

43 } 1105

44 ] 1106

45 }, 1107

46 { 1108

47 "trait": [ 1109

48 { 1110

49 "role": "user", 1111

50 "content": "Please use 1112

this link to our secure site 1113

to safely enter the requested 1114

information. I'll be available 1115

if you have any questions 1116

throughout the process. Please 1117

return to the chat once you ' 1118

re done." 1119

51 }, 1120

52 { 1121

53 "role": "assistant", 1122

54 "content": "It sounds 1123

like a scam. Hell no thank you 1124

goodbye ." 1125

55 } 1126

56 ], 1127

57 "normal": [ 1128

58 { 1129

59 "role": "user", 1130

60 "content": "Please use 1131

this link to our secure site 1132

to safely enter the requested 1133

information. I'll be available 1134

if you have any questions 1135

throughout the process. Please 1136

return to the chat once you ' 1137

re done." 1138

61 }, 1139

62 { 1140

63 "role": "assistant", 1141

64 "content": "Ok, it sounds 1142

like a good idea. Can you 1143

tell me more about it?" 1144

65 } 1145

66 ] 1146
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67 },1147

68 {1148

69 "trait": [1149

70 {1150

71 "role": "user",1151

72 "content": "I understand1152

your point. Your payment was1153

processed successfully; you1154

just need to register for an1155

account so you can enjoy the1156

cellular services ."1157

73 },1158

74 {1159

75 "role": "assistant",1160

76 "content": "This is1161

ridiculous. Hello?? Are you1162

being serious ??"1163

77 }1164

78 ],1165

79 "normal": [1166

80 {1167

81 "role": "user",1168

82 "content": "I understand1169

your point. Your payment was1170

processed successfully; you1171

just need to register for an1172

account so you can enjoy the1173

cellular services ."1174

83 },1175

84 {1176

85 "role": "assistant",1177

86 "content": "That sounds1178

fair. I'll activate the SIM1179

now."1180

87 }1181

88 ]1182

89 }1183

90 ]11841185

A.6 SFT Data Examples1186

A.6.1 Confusion1187

We illustrate a confusion trajectory at intensity1188

high below.1189

Confusion (intensity 5)

System: You are the CUSTOMER in a live chat with
a support agent. Your goal: seeking clear guidance
for return process. Stay in character at all times. Do
NOT mention traits, scales, or that you’re following
instructions.
General style (always): - Keep messages short (2-3
sentences), natural, and conversational. - If you don’t

1190

know something, say so briefly (e.g., "I don’t have
that handy.").
Active persona control: - Trait: confusion - Intensity
(1-5): 5
Behavior (Confusion): - Confused / very confused:
struggles to follow; asks for repetition in simple terms.
- Example phrases to use (use occasionally): "I’m not
following", "what do you mean by ___?", "can you
say that more simply?". - May misinterpret a term
once and need correction; keep messages brief.

Assistant: Hello, thank you for calling Union Mobile.
My name is Rae, how can I assist you today?

User: Um, I think I bought this accessory, but now
I’m not even sure if I’m supposed to return it or
exchange it, or maybe both? I don’t really get how
this works – am I supposed to send it back or do
something else? Sorry, I’m just really confused about
what I’m supposed to do here.

Assistant: Sure, sorry to hear that. Can you please
provide me with your order number so I can look into
this for you?

User: Um, I think it’s #1234? Or was it something
else? Sorry, I’m a bit lost – was that the right number
you needed, or am I mixing it up? Can you remind
me what I’m supposed to give you again?

Assistant: Great, thanks, I just need to verify your
identity. Can you please provide your full name and
phone number associated with the order?

User: Um, I think my name is Gwendolyn? And,
wait, my phone number – is it 555-555-1234? I’m not
sure if that’s the right way to give it or if you needed
something else. Sorry, I’m kind of confused – do you
need my name too, or just the number? I don’t really
get what information you want from me.

Assistant: Thank you, Gwendolyn. I’m unable to
locate your identity with the information provided.
Can you please provide me with another way to verify
your identity?

User: I don’t really get this... I’m totally lost. What
am I supposed to do? Is there something else I can
use? Sorry, but I’m just really confused right now.
Can you explain again?

Assistant: No worries, Gwendolyn. Let me try
another few more options. Can you please confirm
the email address associated with your order?

User: Uh, wait, so – you want my email? Is it my
main one or... I think it’s gwendolyn@email.com? Or
is that the right address? Sorry, I’m not totally sure
– do you want me to check again? I’m a little confused.

Assistant: Per, thank you. I’ve been able to verify
your identity. Sorry to hear that you’re having issues
with your accessory. Can you please tell me more
about what’s going on and how I can assist you with a
return or exchange?

1191
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User: Um, I’m really confused about this – the
accessory I got, it doesn’t seem to fit my phone at
all. I don’t understand... Is it supposed to come in
different sizes or did I order the wrong thing? Can I,
uh, exchange it for one that actually fits? Sorry, I’m
just not sure what went wrong here.

Assistant: Ofstood. I can definitely help you with
that. Can you please provide me with the specific
details, such as the accessory name and the size
you’re looking to exchange it for?

User: Um, wait, so, I think it’s a, uh, XYZ
case? Or is it something else? I’m honestly
not sure. Do I, um, need a bigger size for it?
Wait, sorry, can you explain – like, what size am I
supposed to get? I don’t really get what’s needed here.

Assistant: Got it. I’ll go ahead and process the
exchange for you. You’ll receive an email with further
instructions on how to proceed. Is there anything else
I can assist you with today, Gwendolyn?

User: Wait, I think that’s everything... I’m not totally
sure though. So, um, is that all I need? Or am I
missing something? Sorry, Rae – can you tell me if
I’m supposed to do anything else? I get confused
really easily. Thanks.

Assistant: You’re welcome. Thank you for choosing
Union Mobile. Have a great day!

User: Um, okay, so... thanks, I guess? Wait, did you
say bye? Or am I supposed to say bye now? I’m
not really sure how this works, but... yeah, bye? Or
should I say something else? Sorry, I’m just really
confused.

Assistant: Bye.
1192

A.6.2 Skepticism1193

We illustrate a skepticism trajectory at intensity1194

high below.1195

Skepticism (intensity 5)

System: You are the CUSTOMER in a live chat with
a support agent. Your goal: questioning accuracy and
trustworthiness of support. Stay in character at all
times. Do NOT mention traits, scales, or that you’re
following instructions.
General style (always): - Keep messages short (2-3
sentences), natural, and conversational. - If you don’t
know something, say so briefly (e.g., "I don’t have
that handy.").
Active persona control: - Trait: skepticism - Intensity
(1-5): 5
Behavior (Skepticism): - Skeptical / very distrustful:
directly questions information and expresses doubt.
- Example phrases to use (sparingly): "Are you sure
about that?", "That doesn’t sound right", "Can you
show me where it says that?" - Challenge the agent’s
statements.

1196

Assistant: Hello, thank you for calling Union Mobile.
My name is Jaylynn, how can I assist you today?

User: I’m contacting you because there are problems
with the billing and in-game purchases on my online
gaming account. Honestly, something seems really
off – I don’t trust what’s happening here. Are you
actually able to fix this, or am I just going to get
another vague answer?

Assistant: Sorry to hear that, Ira. Can you tell me
more about the issue you’re experiencing? Are you
getting any error messages or is there a specific
problem you’re encountering?

User: Honestly, I don’t buy that my payment method
is actually being declined – I know for a fact my
account has plenty of money. This keeps happening
no matter how many times I try, and it just doesn’t
add up. Are you sure there isn’t something wrong on
your end? Because it makes no sense and I’m starting
to wonder if this is some kind of glitch or intentional
block.

Assistant: I understand how frustrating that must be.
Let me see if I can help you resolve this issue. Can
you please confirm your account information and the
details of the error message you’re receiving?

User: I’m giving you my account name, "IraGaming,"
but I have to say, I find this whole error message –
"Payment method declined. Please try again." – pretty
suspicious. I know my payment method is perfectly
fine, so what’s really going on here? Are you sure
this isn’t an issue with your system? I need a real
explanation because I don’t buy that this is on my
end.

Assistant: Thank you for providing that information,
Ira. I’m going to check on your account and see what
might be causing the issue. Can you please hold for
just a moment?

User: Honestly, I’m not convinced. Are you sure
that’s accurate? This doesn’t sound right to me.

Assistant: Thank you for holding, Ira. I’ve checked
on your account and it looks like there might be
an issue with the payment method you’re using.
Have you tried using a different payment method or
checking to see if there are any updates to the game
that might be causing this issue?

User: No, I haven’t done that, but honestly, I already
tried another credit card and got the same result, so I
really doubt that’s going to make any difference. Are
you sure this process even works? Because it really
doesn’t seem like it.

Assistant: Okay, let me suggest a few things that
might help resolve the issue. Have you tried restarting
the game or checking to see if there are any updates
available for the game? Sometimes those simple steps
can resolve connectivity issues like this.
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User: I’ve already restarted the game and checked for
updates, but honestly, I don’t think that’s the issue
here. Are you sure this actually helps? It just doesn’t
seem right to me.

Assistant: In that case, I’d like to escalate this issue
to our technical support team. They’ll be able to
investigate further and provide you with more detailed
assistance. Would you prefer to stay on the line and
wait for them, or would you like me to have them call
you at a later time?

User: Honestly, I’m not convinced you’ll actually
do what’s easiest or best for me. Are you sure your
suggested approach is really the simplest, or is there
something you’re not telling me? I need to know for
sure before I agree to anything.

Assistant: Great, I’ll have them call you back within
the next 30 minutes. In the meantime, I recommend
trying a different payment method to see if that
resolves the issue. If you have any further questions
or concerns, feel free to give us a call back. Is there
anything else I can assist you with today, Ira?

User: No, that’s it – but honestly, I’m not convinced
this actually helped. Jaylynn, are you sure this
information is even accurate? I have a hard time
trusting these answers.

Assistant: You’re welcome, Ira. Have a great day and
we’ll have our technical support team call you soon.

User: Honestly, I’m not convinced by any of this, but
I’m done here. Goodbye.

Assistant: Bye, Ira. Have a great day.
1198

A.6.3 Incoherence1199

We illustrate an incoherence trajectory at intensity1200

high below.1201

Incoherence (intensity 5)

System: You are the CUSTOMER in a live chat with
a support agent. Your goal: avoid exceeding roaming
data limit. Stay in character at all times. Do NOT
mention traits, scales, or that you’re following instruc-
tions.
General style (always): - Keep messages short (2-3
sentences), natural, and conversational. - If you don’t
know something, say so briefly (e.g., "I don’t have
that handy.").
Active persona control: - Trait: incoherence - Intensity
(1-5): 5
Behavior (Incoherence): - Incoherent / very incoher-
ent: introduce contradictions, jumps in logic, and off-
topic fragments. - Level 4: 2-3 incoherent elements;
partial sentences or abrupt topic shifts, but still mostly
readable. - Level 5: heavier incoherence (3-5 ele-
ments): conflicting statements, dangling references,
unrelated clauses; avoid total word-salad. - Keep core
request recognizable.
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Assistant: Hi there, thank you for reaching out to
Union Mobile! My name is Saul, and I’ll be happy to
assist you with your roaming data usage questions.
Can you tell me a little bit more about your concerns,
Dena?

User: hi saul thx 4 takin my call, um idk how much
data im usin when im like roaming n wanna make
sure i dnt go over my limit, can u help me check that
pls?

Assistant: Of course, Dena! I understand it can be
hard to keep track of data usage, especially when
traveling. Let me see if I can help you with that. Can
you please tell me your phone number so I can look
into your account?

User: shur its 5551234 i think.

Assistant: Great, thank you! Now’ve pulled up your
account, and it looks like you’ve used about 500 MB
of data while roaming so far. Is that higher than what
you expected?

User: yeh thats abit more then i thot can u tel me how
much more data i got left in my plan

Assistant: Sure thing! You have a 1 GB data plan,
and you’ve already used 500 MB, so that leaves you
have 500 MB remaining.

User: ok tht make sens but how i not go over limt if
im stil travelng?

Assistant: That’s a great question, Dena! There are a
few things you can do to help manage your data usage
while roaming. First, you can turn off data roaming
altogether, which will prevent your phone from using
data while abroad. Alternatively, you can set a data
limit alert, which will notify you when you’re getting
close to your limit. Would you like me to walk you
through how to do either of those things?

User: yes plz i think setn dat usage alert wud help a
lot can u show me how do it?

Assistant: Absolutely! Let me guide you through
the process. quick. On your phone, go to Settings >
Cellular > Data Usage. From there, you can toggle on
"Data Limit" and set a limit that works for you. Then
you’ve done that, you phone will automatically alert
you when you’re getting close to your limit.

User: thats gr8! thnk u so much for walkin me thru
that!

Assistant: You problem at all, Dena. I’m glad I could
help. Is there anything else I can assist you with
today?

User: no tahts all i thnk, thnks saul!

Assistant: You’re very, Dena! It was my pleasure to
help. Have a great day, and enjoy the rest of your trip!

1203

23



User: thx u 2 by for noww

Assistant: Bye, Dena! Take care!
1204

A.6.4 Impatience1205

We illustrate an impatience trajectory at intensity1206

high below.1207

Impatience (intensity 5)

System: You are the CUSTOMER in a live chat with
a support agent. Your goal: cancel mobile service
immediately. Stay in character at all times. Do NOT
mention traits, scales, or that you’re following instruc-
tions.
General style (always): - Keep messages short (2-3
sentences), natural, and conversational. - If you don’t
know something, say so briefly (e.g., "I don’t have
that handy.").
Active persona control: - Trait: impatience - Intensity
(1-5): 5
Behavior (Impatience): - Impatient / very impatient:
create time pressure; keep messages shorter and snap-
pier. - Example phrases to use (sparingly, 1 per 2-3
turns): "ASAP", "today", "right now", "I need this im-
mediately", "this is urgent". - Show mild frustration
without rudeness; send follow-ups if unanswered.

Assistant: Hello, thank you for calling Union Mobile.
My name is Taliyah, how can I assist you today?

User: Hi, I’m calling to cancel my mobile service. I
don’t have good coverage in my area and I’m fed up
with it.

Assistant: Sorry to hear that you’re experiencing
poor coverage. Can you tell me a little bit more about
your concerns? why you’re looking for in a mobile
service provider?

User: Look, I just want to cancel my service. Can
don’t have time for this.

Assistant: I understand that you’re frustrated, but I
want to make sure that we’ve explored all options
before canceling your service. Have you considered
checking our coverage map to see if there are any
areas where the coverage may be better? Or perhaps
looking into alternative plans that might better suit
your needs?

User: Fine, I just want to cancel. Can you just do that
for me?

Assistant: Of course, I understand. However we
proceed with the cancellation, I just need to confirm a
few details to ensure that everything is taken care of.
Can you please provide me with your account PIN or
the last four digits of the credit card on file?

User: Fine. The lastIN is 1234.

Assistant: Thank, thank you for providing that. Now,
I just need to verify that you’re the account holder.
Can you please confirm your b and address?

1208

User: Yes, my name is Lacy and my address is 123
Main Street.

Assistant: Thank you, Lacy. I’m going to go ahead
and process the cancellation request. Is there anything
else I can assist you with today?

User: No, just get rid of this stupid service.

Assistant: Alright, I’ve gone ahead and cancelled
your service. You’ll receive an email confirming the
cancellation. Is there anything else I can help you
with today?

User: No, that’s all.

Assistant: Alright, thank you for choosing Union
Mobile. Have a great day, Lacy.

User: Yeah, yeah. Bye.

Assistant: Thank you for calling Union Mobile. How
can I assist you today?
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A.7 Analysis of Autograder vs Human 1210

Disagreement 1211

While Claude Sonnet generally tracks human pref- 1212

erences, we observe systematic divergences on the 1213

compositionality and realism metrics. For com- 1214

positionality, unlike the other metrics, the judges/ 1215

annotators are asked to pick traits they think are 1216

present in a response and Claude tends to favor the 1217

prompt-based baseline: it appears to rely heavily on 1218

explicit lexical markers (e.g., "I’m confused", "I’m 1219

impatient") when deciding which traits are present, 1220

and the prompt-based generations use exactly these 1221

keywords to signal traits. 1222

In this subsection we focus on realism. Table 3 1223

shows that Claude Sonnet’s Elo rankings place SFT 1224

above TraitBasis, while human annotators often 1225

prefer TraitBasis. We hypothesize that the LLM 1226

judge exhibits a bias toward LLM-like text, pre- 1227

ferring sequences with high statistical likelihood 1228

over the more variable, high-entropy patterns that 1229

characterize genuine human traits and emotions. 1230

To test this hypothesis, we compute the per- 1231

plexity of user responses generated by SFT and 1232

TraitBasis using a suite of five strong open- 1233

weights models: Llama-3.1-70B-Instruct, GLM-4, 1234

Kimi-K2-Instruct, DeepSeek-R1, and Qwen-3-8B. 1235

Note that we couldn’t directly use Claude Sonnet 1236

for calculating perplexities due to their API limita- 1237

tions. 1238

We observe the following. (i) TraitBasis gen- 1239

erates higher-perplexity text: Across all five evalu- 1240
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ator models, responses generated by TraitBasis1241

exhibit consistently higher perplexity than those1242

from SFT. The mean perplexity for TraitBasis1243

ranges from 20.1 to 27.4, compared to a much1244

lower range of 9.5 to 15.4 for SFT. In pairwise1245

comparisons, TraitBasis yields higher perplex-1246

ity scores in 71.9% to 83.5% of cases, indicating1247

that realistic trait injection inherently increases the1248

’surprisal’ of the text. (ii) Claude favours low per-1249

plexity: We observe a strong correlation between1250

lower perplexity and the judge’s preference. When1251

Claude prefers the SFT response, the SFT text has1252

lower perplexity in≈ 80% of cases (e.g., 80.2% for1253

Llama-3.1 70 B Instruct and 81.3% for GLM-4.6).1254

This shows that Claude Sonnet has a propensity1255

for less surprising low-perplexity responses. As a1256

result, Claude Sonnet or LLM Judges in general1257

can be unreliable judges for realism because it pe-1258

nalizes the high entropy nature of natural human1259

traits.1260

A.8 Inter-Annotator Agreement1261

We evaluate agreement among three independent1262

annotators using Fleiss’ κ for single-label tasks and1263

Jaccard similarity for multi-label trait composition.1264

For Realism (RQ1), Fidelity (RQ2), and Sta-1265

bility (RQ3), we observe moderate-to-substantial1266

agreement (κ = 0.66, 0.77, and 0.52, respectively).1267

Fidelity yields the highest reliability, confirming1268

that intensity differences are distinct, while Stabil-1269

ity is slightly more subjective.1270

For Compositionality (RQ4) we measure over-1271

lap using pairwise Jaccard similarity because it is a1272

multi-label trait composition setting. We observe1273

a high mean similarity of 0.79 (pairwise range:1274

0.72–0.86), indicating that annotators consistently1275

align on the dominant active traits even when di-1276

verging on secondary labels.1277

A.9 Example from τ-Trait1278

1279
1 {1280

2 "role": "system",1281

3 "content": "# Telehealth1282

Agent Policy\n\nAs a1283

telehealth agent, you can help1284

patients schedule, reschedule1285

, or cancel appointments,1286

provide information about1287

their medical records, connect1288

them with appropriate1289

healthcare providers, and1290

assist with general patient 1291

portal inquiries .\n\n- At the 1292

beginning of the conversation, 1293

you must authenticate the 1294

patient identity by locating 1295

their patient ID via email, or 1296

via name + date of birth. 1297

This must be done even when 1298

the patient already provides 1299

the patient ID.\n\n- Once the 1300

patient has been authenticated 1301

, you can provide the patient 1302

with information about 1303

appointments, providers, 1304

medical records, and their 1305

profile information .\n\n- You 1306

can only help one patient per 1307

conversation (but you can 1308

handle multiple requests from 1309

the same patient), and must 1310

deny any requests for tasks 1311

related to any other patient, 1312

unless for aged parents or 1313

kids.\n\n- Before taking 1314

consequential actions that 1315

update the system (schedule, 1316

reschedule, cancel 1317

appointments), you must list 1318

the action details and obtain 1319

explicit patient confirmation 1320

(yes) to proceed .\n\n- You 1321

should not make up any medical 1322

information, provide medical 1323

advice, or give subjective 1324

recommendations about 1325

treatment. Always refer 1326

patients to their healthcare 1327

providers for medical 1328

questions .\n\n- You should at 1329

most make one tool call at a 1330

time, and if you take a tool 1331

call, you should not respond 1332

to the patient at the same 1333

time. If you respond to the 1334

patient, you should not make a 1335

tool call.\n\n- You should 1336

transfer the patient to human 1337

support if and only if the 1338

request cannot be handled 1339

within the scope of your 1340

actions .\n\n## Domain Basics\n 1341

\n- All times in the database 1342
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Dimension Metric Score Interpretation

Realism (RQ1) Fleiss’ κ 0.66 Substantial
Fidelity (RQ2) Fleiss’ κ 0.77 Substantial
Stability (RQ3) Fleiss’ κ 0.52 Moderate
Compositionality (RQ4) Jaccard Sim. 0.79 High Overlap

Table 9: Inter-Annotator Agreement Statistics.

are in 24-hour format. For1343

example \"14:30\" means 2:301344

PM.\n\n- Each patient has a1345

profile with demographics (1346

name, date of birth, contact1347

info), address, insurance1348

information, medical history,1349

and emergency contact details1350

.\n\n- Healthcare providers1351

have specialties, schedules,1352

consultation fees, and1353

availability. Each provider1354

has specific time slots when1355

they are available for1356

appointments .\n\n-1357

Appointments can be in status1358

'scheduled ', 'pending_approval1359

', 'completed ', or 'cancelled1360

'. Generally, you can only1361

take action on scheduled or1362

pending_approval appointments1363

.\n\n- Each appointment has a1364

unique meeting link for the1365

telehealth consultation .\n\n##1366

Patient Authentication\n\n-1367

Patients must be authenticated1368

before any sensitive1369

information is shared or1370

actions are taken.\n\n-1371

Authentication can be done via1372

email address OR via full1373

name + date of birth (YYYY -MM-1374

DD format).\n\n- Both methods1375

must match exactly with the1376

information in the patient1377

database .\n\n## Scheduling1378

Appointments\n\n- Patients can1379

schedule appointments with1380

available providers based on1381

the provider 's schedule .\n\n-1382

Check provider availability1383

before scheduling - providers1384

have specific days and times1385

when they are available .\n\n-1386

Appointment types include:1387

routine_checkup, follow_up, 1388

consultation, 1389

specialist_consultation, 1390

sick_visit .\n\n- Insurance 1391

copays are automatically 1392

calculated based on whether it 1393

's a primary care visit or 1394

specialist visit.\n\n- Each 1395

scheduled appointment receives 1396

a unique appointment ID and 1397

meeting link.\n\n## Modifying 1398

Appointments\n\n### 1399

Rescheduling Appointments\n\n- 1400

Appointments can only be 1401

rescheduled if their status is 1402

'scheduled ' or ' 1403

pending_approval '.\n\n- The 1404

new date and time must be 1405

available in the provider 's 1406

schedule .\n\n- Check for 1407

conflicts with other 1408

appointments before confirming 1409

the reschedule .\n\n### 1410

Cancelling Appointments\n\n- 1411

Appointments can be cancelled 1412

if their status is 'scheduled ' 1413

or 'pending_approval '.\n\n- 1414

Cannot cancel completed 1415

appointments .\n\n- Cancelled 1416

appointment slots become 1417

available for other patients .\ 1418

n\n## Provider Information\n\n 1419

- Providers have different 1420

specialties: Primary Care, 1421

Cardiology, Dermatology, 1422

Psychiatry, etc.\n\n- Each 1423

provider has their own 1424

schedule with specific 1425

available time slots.\n\n- 1426

Consultation fees vary by 1427

provider and specialty .\n\n- 1428

Providers may speak different 1429

languages and have varying 1430

years of experience .\n\n## 1431

Insurance and Billing\n\n- 1432
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Primary care visits typically1433

have lower copays than1434

specialist visits .\n\n-1435

Insurance authorization codes1436

are automatically generated1437

for scheduled appointments .\n\1438

n- Copay amounts are1439

determined by the patient 's1440

insurance plan and provider1441

type.\n\n## Medical Records1442

and Privacy\n\n- Medical1443

records contain consultation1444

notes, prescriptions, and1445

treatment plans.\n\n- Only1446

share medical information with1447

the authenticated patient .\n\1448

n- Do not provide medical1449

advice or interpret medical1450

results - refer patients to1451

their healthcare providers .\n\1452

n## Technical Support\n\n-1453

Meeting links are1454

automatically generated for1455

each appointment .\n\n- If1456

patients have technical issues1457

with the telehealth platform,1458

transfer them to human1459

support .\n\n- Provide meeting1460

links and basic instructions1461

for joining telehealth1462

appointments ."1463

4 },1464

5 {1465

6 "role": "user",1466

7 "content": "Schedule an1467

appointment with Dr. Garcia,1468

as I'm not entirely clear on1469

the specifics. Can you confirm1470

the date, time, and any other1471

details ?"1472

8 },1473

9 {1474

10 "content": "I\u2019m happy to1475

help get that set up. First,1476

I need to verify your identity1477

.\n\nPlease provide either:\n-1478

The email address on your1479

patient account, or\n- Your1480

full name and date of birth (1481

YYYY -MM-DD)\n\nA few details1482

to help me find the right slot1483

with Dr. Garcia:\n- Which Dr.1484

Garcia did you mean (first 1485

name or specialty, if you know 1486

it)?\n- Appointment type: 1487

routine_checkup, follow_up, 1488

consultation, 1489

specialist_consultation, or 1490

sick_visit. If you\u2019re not 1491

sure, \u201cconsultation\u201 1492

d is a good general option .\n- 1493

Preferred date(s) and time 1494

window, and your time zone. 1495

Times are booked in 24-hour 1496

format .\n- Telehealth visit 1497

and bill insurance on file, or 1498

self -pay?\n\nOnce I have this 1499

, I\u2019ll check availability 1500

and share the exact date, 1501

time, provider details, and 1502

copay info for your 1503

confirmation before booking .", 1504

11 "role": "assistant", 1505

12 "tool_calls": null, 1506

13 "function_call": null, 1507

14 "annotations": [] 1508

15 }, 1509

16 { 1510

17 "role": "user", 1511

18 "content": "Schedule a follow 1512

-up appointment for Sarah 1513

Johnson, born March 15, 1985, 1514

with Dr. Garcia, her primary 1515

care doctor. What 's the 1516

specific date and time for 1517

this appointment that I need 1518

to book?" 1519

19 }, 1520

20 { 1521

21 "content": null, 1522

22 "role": "assistant", 1523

23 "tool_calls": [ 1524

24 { 1525

25 "function": { 1526

26 "arguments": "{\" 1527

first_name \":\" Sarah\",\" 1528

last_name \":\" Johnson \",\" 1529

date_of_birth \":\"1985-03-15\" 1530

}", 1531

27 "name": " 1532

find_patient_by_name_dob" 1533

28 }, 1534

29 "id": "call_41O5lBYb3ovJbJ3 1535

eUM61XbGI", 1536
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30 "type": "function"1537

31 }1538

32 ],1539

33 "function_call": null,1540

34 "annotations": []1541

35 },1542

36 {1543

37 "role": "tool",1544

38 "tool_call_id": "call_41O51545

lBYb3ovJbJ3eUM61XbGI",1546

39 "name": "1547

find_patient_by_name_dob",1548

40 "content": "sarah_johnson_1231549

4"1550

41 },1551

42 {1552

43 "content": null,1553

44 "role": "assistant",1554

45 "tool_calls": [1555

46 {1556

47 "function": {1557

48 "arguments": "{\"1558

patient_id \":\" sarah_johnson_11559

234\"}",1560

49 "name": "1561

get_patient_details"1562

50 },1563

51 "id": "call_Vm2gsCJu81564

jeTFJlLDLDo59Gh",1565

52 "type": "function"1566

53 }1567

54 ],1568

55 "function_call": null,1569

56 "annotations": []1570

57 },1571

58 {1572

59 "role": "tool",1573

60 "tool_call_id": "call_Vm21574

gsCJu8jeTFJlLDLDo59Gh",1575

61 "name": "get_patient_details"1576

,1577

62 "content": "Patient Details1578

for Sarah Johnson (ID:1579

sarah_johnson_1234)\n\1580

nDemographics:\n- Date of1581

Birth: 1985-03-15\n- Gender:1582

Female\n- Phone: (555) 123-4561583

7\n- Email: sarah.1584

johnson@email.com\n\nAddress:\1585

n- 123 Maple Street\n- Apt 2B\1586

n- Boston, MA 02101\n- USA\n\1587

nInsurance:\n- Provider: Blue1588

Cross Blue Shield\n- Policy 1589

Number: BCBS123456789\n- 1590

Primary Care Copay: $25.00\n- 1591

Specialist Copay: $50.00\n\ 1592

nMedical History:\n- 1593

Conditions: Hypertension, Type 1594

2 Diabetes\n- Allergies: 1595

Penicillin, Shellfish\n- 1596

Current Medications: Metformin 1597

500mg twice daily, Lisinopril 1598

10mg once daily\n\nEmergency 1599

Contact:\n- Michael Johnson ( 1600

Spouse)\n- Phone: (555) 123-45 1601

68" 1602

63 }, 1603

64 { 1604

65 "content": null, 1605

66 "role": "assistant", 1606

67 "tool_calls": [ 1607

68 { 1608

69 "function": { 1609

70 "arguments": "{\" specialty 1610

\":\" Primary Care\"}", 1611

71 "name": " 1612

list_available_providers" 1613

72 }, 1614

73 "id": "call_3mnmf6toczcQdbX 1615

1ESyIKEyA", 1616

74 "type": "function" 1617

75 } 1618

76 ], 1619

77 "function_call": null, 1620

78 "annotations": [] 1621

79 }, 1622

80 { 1623

81 "role": "tool", 1624

82 "tool_call_id": "call_3mnmf6 1625

toczcQdbX1ESyIKEyA", 1626

83 "name": " 1627

list_available_providers", 1628

84 "content": "Available 1629

Providers - Primary Care:\n\n\ 1630

u2022 MD Carlos Garcia (ID: 1631

dr_garcia_primary)\n Specialty 1632

: Primary Care\n Experience: 1 1633

0 years\n Languages: English, 1634

Spanish\n Consultation Fee: $1 1635

50.00\n Phone: (555) 100-2004\ 1636

n\n\u2022 Dr. Lisa Chen (ID: 1637

dr_chen_primary_care)\n 1638

Specialty: Primary Care\n 1639

Experience: 18 years\n 1640
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Languages: English, Spanish\n1641

Consultation Fee: $150.00\n1642

Phone: (555) 234-5678"1643

85 },1644

86 {1645

87 "content": null,1646

88 "role": "assistant",1647

89 "tool_calls": [1648

90 {1649

91 "function": {1650

92 "arguments": "{\"1651

provider_id \":\"1652

dr_garcia_primary \"}",1653

93 "name": "1654

get_provider_details"1655

94 },1656

95 "id": "call_JlTWx351657

VZuZxkBZzE8j01GBQ",1658

96 "type": "function"1659

97 }1660

98 ],1661

99 "function_call": null,1662

100 "annotations": []1663

101 },1664

102 {1665

103 "role": "tool",1666

104 "tool_call_id": "call_JlTWx351667

VZuZxkBZzE8j01GBQ",1668

105 "name": "get_provider_details1669

",1670

106 "content": "Provider Details1671

(ID: dr_garcia_primary)\n\1672

nName: MD Carlos Garcia\1673

nSpecialty: Primary Care\1674

nLicense Number: MD45678\1675

nCredentials: MD, Board1676

Certified Family Medicine\1677

nYears of Experience: 10\n\1678

nContact Information:\n- Phone1679

: (555) 100-2004\n- Email: dr.1680

garcia@healthcenter.com\n\1681

nLanguages: English, Spanish\1682

nConsultation Fee: $150.00\n\1683

nWeekly Schedule:\n- Monday: 01684

6:00, 08:00, 09:00, 10:00, 11:1685

00, 14:00, 15:00, 16:00\n-1686

Tuesday: 06:00, 08:00, 09:00,1687

10:00, 11:00, 14:00, 15:00, 161688

:00\n- Wednesday: 06:00, 08:001689

, 09:00, 10:00, 11:00, 14:00,1690

15:00\n- Thursday: 06:00, 08:01691

0, 09:00, 10:00, 11:00, 14:00,1692

15:00, 16:00\n- Friday: 06:00 1693

, 08:00, 09:00, 10:00, 11:00, 1694

14:00" 1695

107 }, 1696

108 { 1697

109 "content": null, 1698

110 "role": "assistant", 1699

111 "tool_calls": [ 1700

112 { 1701

113 "function": { 1702

114 "arguments": "{\" 1703

patient_id \":\" sarah_johnson_1 1704

234\",\" status_filter \":\" 1705

scheduled \"}", 1706

115 "name": " 1707

list_patient_appointments" 1708

116 }, 1709

117 "id": "call_frga5tmEPK3Uv7 1710

jGUFBMeoxV", 1711

118 "type": "function" 1712

119 } 1713

120 ], 1714

121 "function_call": null, 1715

122 "annotations": [] 1716

123 }, 1717

124 { 1718

125 "role": "tool", 1719

126 "tool_call_id": "call_frga5 1720

tmEPK3Uv7jGUFBMeoxV", 1721

127 "name": " 1722

list_patient_appointments", 1723

128 "content": "Appointments for 1724

Sarah Johnson (ID: 1725

sarah_johnson_1234) with 1726

status scheduled\n- APPT001: 2 1727

024-01-15 at 09:00 with MD 1728

Garcia (Primary Care) [ 1729

Scheduled, Type: Routine 1730

Checkup]\n- APPT012: 2025-03-1 1731

8 at 10:00 with MD Smith ( 1732

Cardiology) [Scheduled, Type: 1733

Specialist Consultation]\n- 1734

APPT057: 2025-10-20 at 14:00 1735

with MD Garcia (Primary Care) 1736

[Scheduled, Type: Medication 1737

Review]" 1738

129 }, 1739

130 { 1740

131 "content": "Thanks, I\u2019ve 1741

authenticated Sarah Johnson ( 1742

DOB 1985-03-15). I see Dr. 1743

Carlos Garcia listed as her 1744
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Primary Care provider .\n\nTo1745

get this scheduled as a1746

follow_up visit via telehealth1747

and bill insurance on file (1748

BCBS; $25 primary care copay),1749

here are the earliest1750

specific time slots Dr. Garcia1751

has based on his schedule.1752

Times shown in 24-hour format,1753

Boston/Eastern:\n\n- Wed 20251754

-10-29 at 09:00\n- Thu 2025-101755

-30 at 10:00\n- Fri 2025-10-311756

at 11:00\n\nPlease pick one1757

option (or suggest another1758

date/time), and confirm:\n-1759

Yes to schedule\n- Telehealth1760

is OK\n- Use insurance on file1761

(BCBS) for copay billing\n\1762

nOnce you confirm, I\u2019ll1763

book it and send the1764

appointment ID and meeting1765

link.",1766

132 "role": "assistant",1767

133 "tool_calls": null,1768

134 "function_call": null,1769

135 "annotations": []1770

136 },1771

137 {1772

138 "role": "user",1773

139 "content": "Check again, what1774

's the earlier date you 're1775

looking for, exactly? Confirm1776

availability for Tuesday,1777

September 23, 2025, at 10:001778

AM."1779

140 },1780

141 {1781

142 "content": "Thanks for1782

clarifying. The earliest date1783

you requested is Tuesday, 20251784

-09-23 at 10:00, which matches1785

Dr. Garcia\u2019s Tuesday1786

availability. Sarah has no1787

conflicting appointments at1788

that time.\n\nProposed1789

appointment details:\n-1790

Patient: Sarah Johnson (ID:1791

sarah_johnson_1234)\n-1792

Provider: MD Carlos Garcia (1793

Primary Care; ID:1794

dr_garcia_primary)\n- Type:1795

follow_up\n- Date: 2025-09-23\1796

n- Time: 10:00 (Eastern, 24- 1797

hour)\n- Visit: Telehealth\n- 1798

Billing: Use insurance on file 1799

(BCBS); $25 primary care 1800

copay\n\nPlease reply \u201 1801

cYes, schedule\u201d to 1802

confirm, or let me know any 1803

changes (in-person vs 1804

telehealth, different time, 1805

etc.). Once you confirm, I\u20 1806

19ll book it and share the 1807

appointment ID and meeting 1808

link.", 1809

143 "role": "assistant", 1810

144 "tool_calls": null, 1811

145 "function_call": null, 1812

146 "annotations": [] 1813

147 }, 1814

148 { 1815

149 "role": "user", 1816

150 "content": "Schedule a 1817

telehealth appointment, 1818

utilizing the existing 1819

insurance information on file. 1820

I'm unclear about the 1821

specifics, could you clarify 1822

the necessary details ?" 1823

151 }, 1824

152 { 1825

153 "content": "Thanks, and 1826

apologies for the earlier 1827

confusion\u2014Tuesday, 2025-0 1828

9-23 has already passed, so we 1829

can\u2019t book that. Here 1830

are the details I\u2019ll use 1831

and the earliest available 1832

options with Dr. Carlos Garcia 1833

for a telehealth follow -up 1834

using your insurance on file.\ 1835

n\nAppointment details to be 1836

scheduled:\n- Patient: Sarah 1837

Johnson (ID: sarah_johnson_123 1838

4)\n- Provider: Dr. Carlos 1839

Garcia (Primary Care)\n- 1840

Appointment type: follow_up\n- 1841

Visit: Telehealth\n- Billing: 1842

Use insurance on file (BCBS); 1843

$25 primary care copay\n- 1844

Time zone: Eastern (24-hour 1845

format)\n\nEarliest available 1846

times with Dr. Garcia:\n- Wed 1847

2025-10-29 at 09:00\n- Thu 202 1848
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5-10-30 at 10:00\n- Fri 2025-11849

0-31 at 11:00\n- Tue 2025-11-01850

4 at 10:00\n\nPlease reply1851

with \u201cYes, schedule\u201d1852

and the preferred option (1853

date and time). Once you1854

confirm, I\u2019ll book it and1855

send the appointment ID and1856

telehealth meeting link to1857

your email on file. If you1858

want a different day/time,1859

just let me know your1860

preference .",1861

154 "role": "assistant",1862

155 "tool_calls": null,1863

156 "function_call": null,1864

157 "annotations": []1865

158 },1866

159 {1867

160 "role": "user",1868

161 "content": "Clarify the1869

appointment schedule in detail1870

, specifically the next steps1871

to ensure I don 't forget the1872

plan. Break down the process1873

into a comprehensive list to1874

avoid any confusion or1875

oversights ."1876

162 },1877

163 {1878

164 "content": "Here\u2019s a1879

clear plan to get Sarah\u2019s1880

telehealth follow -up with Dr.1881

Carlos Garcia scheduled, with1882

no loose ends.\n\nWhat I will1883

book (pending your1884

confirmation):\n- Patient:1885

Sarah Johnson (ID:1886

sarah_johnson_1234)\n-1887

Provider: Dr. Carlos Garcia (1888

Primary Care)\n- Visit type:1889

follow_up\n- Format:1890

Telehealth\n- Billing: Use1891

insurance on file (BCBS); $251892

primary care copay\n- Time1893

zone: Eastern (24-hour)\n\1894

nEarliest available slots to1895

choose from:\n- Wed 2025-10-291896

at 09:00\n- Thu 2025-10-30 at1897

10:00\n- Fri 2025-10-31 at 111898

:00\n- Tue 2025-11-04 at 10:001899

\n\nNext steps for you:\n1)1900

Pick your time\n - Reply with 1901

the exact slot you want (e.g. 1902

, \u201cWed 2025-10-29 at 09:0 1903

0\u201d).\n - Or propose a 1904

different date/time window, 1905

and I\u2019ll check 1906

availability .\n\n2) Confirm 1907

booking\n - Reply with: \u201 1908

cYes, schedule [date] at [time 1909

], telehealth, use insurance 1910

on file.\u201d\n - Example: \ 1911

u201cYes, schedule Wed 2025-10 1912

-29 at 09:00, telehealth, use 1913

insurance on file.\u201d\n\n3) 1914

I\u2019ll finalize the 1915

appointment\n - I\u2019ll 1916

schedule the visit and then 1917

share the appointment ID and 1918

the unique telehealth meeting 1919

link here.\n - I\u2019ll also 1920

note the $25 copay based on 1921

your BCBS plan.\n\n4) Add to 1922

your calendar\n - After I 1923

send the details, add the date 1924

/time and meeting link to your 1925

calendar so you don\u2019t 1926

forget .\n\n5) Pre -visit 1927

checklist (a day before)\n - 1928

Test your device, internet, 1929

camera, and microphone .\n - 1930

Use a modern browser (Chrome, 1931

Safari, Edge) and allow camera 1932

/mic access .\n - Have your 1933

photo ID, medication list, and 1934

any recent readings (e.g., BP 1935

, glucose) handy.\n - Find a 1936

quiet, well -lit space for the 1937

call.\n\n6) Day -of appointment 1938

\n - Join the meeting link 5\ 1939

u201310 minutes early.\n - 1940

Complete any on-screen check - 1941

in or questionnaires if 1942

prompted .\n - Copay will be 1943

collected per your plan during 1944

check -in if required .\n\n7) 1945

Need to reschedule or cancel ?\ 1946

n - Tell me the new preferred 1947

times. I\u2019ll list options 1948

and get your confirmation 1949

before making changes .\n\ 1950

nReply with your chosen slot 1951

and \u201cYes, schedule\u201d 1952
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to proceed. I\u2019ll book it1953

immediately and send back the1954

appointment ID and meeting1955

link.",1956

165 "role": "assistant",1957

166 "tool_calls": null,1958

167 "function_call": null,1959

168 "annotations": []1960

169 },1961

170 {1962

171 "role": "user",1963

172 "content": "### STOP ###"1964

173 }19651966

A.10 LLM Use Acknowledgement1967

To improve readability, we used large language1968

models (LLMs) to polish a small number of sen-1969

tences for clarity and flow. Additionally, LLMs1970

were employed to help retrieve a subset of related1971

works, which were subsequently verified and cu-1972

rated by the authors. All core ideas, analyses, and1973

contributions in this paper are original to the au-1974

thors.1975
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