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Abstract001

Prior work has explored multi-turn interaction002
and feedback for LLM writing, but evaluations003
still largely center on prompts and localized004
feedback, leaving persistent public reception in005
online communities underexamined. We inves-006
tigate whether broadcast community discussion007
improves stand-up comedy writing in a con-008
trolled multi-agent sandbox: in the discussion009
condition, critic/audience threads are recorded,010
filtered, stored as social memory, and later re-011
trieved to condition subsequent generations,012
whereas the baseline omits discussion. Across013
50 rounds (250 paired monologues) judged by014
five expert annotators using A/B preference and015
a 15-item rubric, discussion wins 75.6% of in-016
stances and improves Craft/Clarity (∆=0.440)017
and Social Response (∆=0.422), with occa-018
sional increases in aggressive humor.019

1 Introduction020

Large Language Models (LLMs) are increasingly021

deployed as writing assistants that personalize out-022

puts using authors’ historical documents and gener-023

ate actionable feedback for revision (Mysore et al.,024

2024; Chamoun et al., 2024). Given that LLM-025

generated texts are now prevalent on social media026

and significantly impact human readers (Radivoje-027

vic et al., 2024), a natural hypothesis arises: net-028

worked discussions may, in turn, influence LLMs.029

This explicitly mirrors core dynamics in online030

communities, where creative writing is inherently031

linked to public reception (e.g., comments and cri-032

tiques) that authors use to refine their work (Guo033

et al., 2023; Cheng and Frens, 2022).034

Motivated by this perspective, we ask a con-035

crete question: can broadcast community discus-036

sion be operationalized as a usable conditioning037

signal that improves an LLM’s subsequent creative038

writing? To answer this, we build a controlled039

multi-agent sandbox that instantiates a small stand-040

up comedy community and allows us to manipu-041

late whether public reception is generated, logged, 042

and fed back into later rounds (Figure 1). Hu- 043

mor provides a demanding testbed for reception- 044

grounded generation since stand-up comedy is ex- 045

plicitly audience-oriented, and success is defined 046

by audience reaction (Mirowski et al., 2025). 047

Meanwhile, agentic improvement paradigms 048

wrap an LLM in iterative generate–evaluate–revise 049

loops and typically rely on private, self-generated 050

feedback (e.g., Reflexion) (Shinn et al., 2023). In 051

contrast, we study a controlled setting in which 052

reception is (i) public and broadcast, (ii) logged as 053

an interaction trace, and (iii) reused across rounds 054

through a bounded interface (e.g., a fixed-size re- 055

trieved memory window). By holding within-round 056

generation constant and varying only the cross- 057

round reception stream, we can attribute improve- 058

ments to accumulated public feedback rather than 059

to within-round editing or private self-critique com- 060

mon in agentic loops. 061

We build such a setting inspired by the “Small- 062

ville” sandbox, where LLM agents sustaining rou- 063

tines, social interaction, and memory in a small 064

community (Park et al., 2023). We instantiate a 065

stand-up comedy community: a host releases a 066

fixed sequence of prompts, five performer agents 067

produce stand-up monologues, and a community 068

of critics and audience agents responds through 069

threaded discussion. Our intervention is a bi- 070

nary switch that either enables or skips the post- 071

performance discussion phase. Performers write 072

exactly once per round and do not revise within 073

the round, so any effect of reception can only man- 074

ifest across rounds via logged discussion and a 075

bounded social-memory interface that retrieves rel- 076

evant reception into later contexts. This bounded 077

interface is also motivated by known limitations in 078

how LLMs use long contexts (Liu et al., 2024). 079

To evaluate community discussion effects on the 080

outcome, we conduct a dedicated human evalu- 081

ation of paired outputs from the two conditions, 082
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Figure 1: Overview of Multi-Agent Comedy Club. In each round, a host prompts five performer agents to write
stand-up comedy monologues. When enabled, a broadcast discussion produces threaded reception (critique, scores,
and reactions) that is stored in social memory and retrieved to condition later rounds. We extract paired outputs
from the simulation and a baseline model without discussion simulation, and evaluate them with dedicated human
annotators via forced A/B preference and multi-dimensional rubric ratings.

using forced-choice A/B preference and multi-083

dimensional rubric ratings spanning (i) outcomes084

(preference and immediate amusement), (ii) mech-085

anism & craft, and (iii) social reception. Across 50086

rounds (250 paired monologues), the discussion-087

enabled condition wins 75.6% of instances and088

yields consistent gains in Craft/Clarity (∆=0.440)089

and Social Response (∆=0.422), indicating that090

reception-grounded conditioning can improve long-091

form creative writing even without within-round092

revision. At the same time, improvements can093

come with stylistic tradeoffs (e.g., shifts toward094

edgier humor), motivating a multi-objective view095

of quality versus social risk. We will release our096

sandbox configuration, paired outputs from both097

conditions, and reconstructed discussion threads to098

support replication and future work.099

Contributions. This paper makes three contri-100

butions: (1) Sandbox Mechanism, a controlled101

paradigm for reception-grounded creative genera-102

tion; (2) a paired resource of long-form stand-up103

monologues under matched conditions and com-104

munity discussion threads; and (3) a diagnostic105

human evaluation protocol for long-form humor.106

2 Related Work107

We review prior work on (i) computational humor108

evaluation and generation, (ii) multi-agent inter-109

action and feedback for creative writing, and (iii)110

agent-based social simulation. Together, these stud- 111

ies motivate our focus on public reception as an ex- 112

plicit interaction signal that can cumulatively shape 113

long-form humor writing across rounds. 114

2.1 Computational Humor 115

Humor serves as a critical metric for evaluating 116

creativity and contextual processing in artificial 117

intelligence. Classical semantic theories define hu- 118

mor as the simultaneous presence of conflicting 119

scripts within a single text, where the humorous ef- 120

fect arises from a cognitive shift or reinterpretation 121

between these frameworks (Raskin, 1979). Con- 122

sequently, humor comprehension and generation 123

tasks have become effective benchmarks for assess- 124

ing LLM capabilities (Loakman et al., 2025). Since 125

humor relies on implicit cultural knowledge and 126

nuanced associations, recent studies utilize humor 127

comprehension to evaluate reasoning abilities that 128

extend beyond conventional STEM benchmarks 129

(Narad et al., 2025; Cocchieri et al., 2025). 130

Empirical evidence indicates that LLMs can 131

achieve competitive performance in generat- 132

ing short-form jokes under constrained prompts 133

(Gorenz and Schwarz, 2024; Cao et al., 2025). 134

However, isolated prompting struggles to steer 135

or evaluate the voice, pacing, and narrative pay- 136

offs required for long-form comedy. Accordingly, 137

we complement humor judgments with creative- 138
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writing and social rubrics to diagnose both craft139

and social impact in the current research.140

2.2 Multi-agent Interaction and Feedback for141

Creative Writing142

A growing body of literature conceptualizes cre-143

ative writing as a collaborative process involv-144

ing multiple agents, exemplified by frameworks145

simulating writers’ rooms (Huot et al., 2025),146

director-actor dynamics (Han et al., 2024), and147

character-driven storytelling (Yu et al., 2025; Ran148

et al., 2025). Role-playing benchmarks further em-149

phasize the importance of controllable personas150

and distinct speaking styles in stabilizing role-151

consistent behavior and fostering diverse perspec-152

tives (Wang et al., 2024a). In the specific domain of153

humor, feedback serves as a supervision signal be-154

yond mere imitation; Ravi et al. (2024) demonstrate155

that assigning dual roles of teacher and critic helps156

narrow the distillation gap in humor generation.157

Despite these advancements, multi-agent inter-158

action does not yield uniform benefits. In certain159

reasoning contexts, a well-prompted single agent160

can match or even exceed multi-agent performance161

(Wang et al., 2024b). These mixed findings suggest162

that “multi-agent” is not a mechanism by itself; the163

mechanism is the feedback channel that becomes164

available and reusable. Consequently, we isolate165

reception as the primary intervention in our study.166

2.3 Agent-based Social Simulation167

LLM agents are increasingly studied in simulated168

environments that produce multi-turn interaction169

traces for analyzing behavior and collective dy-170

namics. Foundational work such as Park et al.171

(2023) demonstrates how memory and reflection172

can yield emergent routines, while newer simu-173

lators adopt platform-mimetic structures to study174

social influence and recommender-mediated phe-175

nomena (Puelma Touzel et al., 2025; Wang et al.,176

2025) and to explore population-level interventions177

(Piao et al., 2025; Mi et al., 2025). Recent sur-178

veys and benchmarks further emphasize fidelity,179

reasoning structure, consistency, safety, and coor-180

dination effects as core evaluation concerns (Gao181

et al., 2024; Li et al., 2025; Zhu et al., 2025).182

However, prior social simulators seldom use con-183

trolled, paired designs to test how a manipulable184

interaction channel causally shapes creative out-185

puts. We address this gap by directly manipulating186

whether reception within community is generated187

and fed back into later contexts and making pub-188

Figure 2: Workflow overview of our multi-agent sand-
box. Left: baseline (g=0) skips discussion and logs
performances only. Right: community discussion (g=1)
adds an iterative discussion loop that produces recep-
tion, which is written to social memory at the end of
round t and retrieved to condition performers at the start
of round t+1.

lic discussion an explicit experimental factor for 189

multi-round writing improvement. 190

3 Sandbox Simulation: Multi-Agent 191

Comedy Club 192

We design a closed comedy community sandbox 193

to study reception-grounded writing under experi- 194

mental control over the topic list, model, and agent 195

identities constant, so that observed differences 196

are plausibly attributable to community discussion. 197

This section details the experimental manipulation 198

and provides a workflow overview (Figure 2). 199

3.1 Settings and Variables 200

The system runs in discrete rounds indexed by t. In 201

each round, a host releases a topic prompt xt and 202

five performer agents each produce one monologue 203

of stand-up comedy. 204

Our manipulated factor is whether performances 205

are followed by a broadcast community discussion 206

(g = 1) or not (g = 0). In the community dis- 207

cussion condition (g = 1), performances are fol- 208

lowed by a discussion phase that produces critic re- 209

views, audience posts, and free dialogue organized 210

as threaded discussions. In the baseline condition 211

(g = 0), we instantiate the same agent roster and 212

roles, but we skip all non-performer stages. Af- 213

ter logging the five performances for topic xt, the 214

system directly advances to topic xt+1. 215

Performers do not revise within a round, so 216

any effect of community reception can only oc- 217

cur across rounds via logging reception, writing 218

it into social memory, and retrieving it into later 219

performer contexts. 220
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3.2 Agents, Personas, and Model221

The sandbox contains N=35 agents with fixed per-222

sona text: five performers, three critics, twenty-six223

audience members, and one host. All agents are224

instantiated using the same GPT-4o-mini model.225

Across conditions, we keep the decoding configu-226

ration fixed and use the same role-specific output227

length caps. Input contexts differ by design because228

the community discussion condition provides addi-229

tional observable discussion content.230

Personas. Persona text specifies role and voice.231

We use personas to (i) stabilize role-consistent be-232

havior across rounds, making reception signals eas-233

ier to interpret, and (ii) encourage diverse view-234

points in discussion without adding extra control235

rules. Full persona text is provided in Appendix C.236

3.3 Round Protocol and Discussion Dynamics237

Topic control. We pre-generate a fixed topic list238

{x1, . . . , x50} once and reuse the same list in both239

conditions. In round t, the host releases the same240

topic xt to the performers in both conditions.241

Phase 1: Topic release. The host publishes xt.242

Phase 2: Performances. The five performers243

generate monologues in a fixed order from 1 to 5.244

Each performer generates exactly one monologue245

and there is no within-round revision.246

Phase 3: Community discussion (g=1 only).247

Critics produce official reviews and audience248

agents produce posts. Agents may continue free di-249

alogue in the same threaded space until a stopping250

rule ends the round. A thread is the unit of commu-251

nity reception. Figure 3 illustrates what constitutes252

a thread in our setting. Event logging and thread253

reconstruction are specified in Appendix A.254

Step definition and willingness. The free dia-255

logue phase is agent-driven. At each dialogue256

step s, every agent except the host receives its per-257

sona text, the round topic, and bounded context258

C(a, t, s) in Sec. 3.4 and outputs JSON including259

a willingness score w(a, t, s) ∈ [0, 1] and an op-260

tional replyTo (agent name). If w is low, the agent261

may output empty content.262

Adaptive throttling. To keep discussion read-263

able, we enforce adaptive throttling with Kmax=5.264

After collecting willingness scores, we admit265

Kt,s = min
(
Kmax,

∣∣{a : w(a, t, s) ≥ 0.7}
∣∣)266

Figure 3: Visualization of a discussion thread in our
setting. A thread groups reception events that are top-
ically and referentially linked, including an initiating
post (e.g., a critic review) and subsequent audience posts
or free-dialogue replies.

agents: the top Kt,s by willingness among those 267

with w(a, t, s) ≥ 0.7 (ties broken deterministi- 268

cally). Selected agents post messages; remaining 269

agents stay silent for that step. 270

Stopping rule. Free dialogue terminates when ei- 271

ther (i) the round reaches 150 free-dialogue events, 272

or (ii) there are 15 consecutive silent steps (i.e., 273

Kt,s = 0). 274

3.4 Bounded Context and Social Memory 275

Bounded context builder. For any agent a at 276

round t (and dialogue step s when applicable), we 277

build a bounded context C(a, t, s) by concatenat- 278

ing: (i) role anchors (the current topic xt, and when 279

relevant the target performance or target thread be- 280

ing reacted to), (ii) a short-term buffer (the last 281

L=10 utterances in the relevant thread, or the 282

last L global utterances if no thread is specified), 283

and (iii) an optional retrieved community memory 284

block. We truncate to a fixed total budget, allocat- 285

ing Bmem=1600 tokens to the retrieved memory 286

block and truncating at sentence boundaries. The 287

builder structure and token budgets are identical 288

across conditions. 289

Memory write-back. We implement community 290

memory as a vector database to support cross-round 291

conditioning. After each broadcast round (g=1), 292

the system curates and writes high-signal recep- 293

tion items into the vector store. Concretely, we 294

iterate over reception events in the raw trace (critic 295

reviews, audience posts, and free-dialogue turns), 296

select high-signal items (e.g., explicit critique/ad- 297

vice, recurring praise or complaints, and concise 298

thread summaries used for storage), and store each 299

item as text m with an embedding vector v, meta- 300
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data (type, round index, and target performer when301

applicable), and an importance scalar π. In the302

baseline condition (g=0), discussion is skipped, so303

no reception artifacts are produced and the memory304

store remains empty.305

Memory retrieval and ranking. When con-306

structing C(a, t, s), we retrieve community mem-307

ory via embedding-based similarity search. We308

form a query string by concatenating the current309

topic, the agent persona text, and role anchors, and310

compute a query embedding q and rank memory311

items by312

Score(m) = λ cos(q,v) + (1− λ)π + γ Recency313

following the general design of importance and314

recency based retrieval (Park et al., 2023). We re-315

trieve the k=30 highest-scoring items, then pack re-316

trieved items into the memory block under the fixed317

budget Bmem and inject this block into C(a, t, s).318

Across-round conditioning for performers. Be-319

fore performer Pi generates a monologue for topic320

xt, we build C(Pi, t, ·) with the current topic321

and retrieved community memory. This yields322

the intended causal chain: broadcast reception323

leads to the curated memory, which is retrieved324

and conditions performer agents’ next-round writ-325

ing. We omit self-reflection/revision stages to326

keep reception-grounded retrieval as the only cross-327

round mechanism. Adding explicit reflection328

would introduce an additional intervention and ex-329

tra model calls, confounding whether gains come330

from community feedback versus self-critique.331

3.5 Data Collection332

We first run the sandbox with community discus-333

sion for 50 rounds and extract all performer mono-334

logues from the trace, yielding 250 monologues in335

total (5 performances per round). Across these runs,336

the event log contains 5,384 interaction events (in-337

cluding topic releases, performances, critic reviews,338

and free dialogue). We then run the baseline condi-339

tion on the same 50 topics with the same performer340

roster and fixed decoding configuration, yielding341

a paired set of 250 baseline monologues. Each342

monologue is long-form, averaging ∼1,200 words.343

4 Evaluation344

Human evaluation is the gold standard due for hu-345

mor generation due to its subjectivity (Amin and346

Burghardt, 2020). We evaluate whether multi-agent347

community discussion improves stand-up comedy348

writing over rounds with dedicated human raters. 349

As the texts are LLM-generated, we avoid LLM- 350

based judges to reduce correlated errors and self- 351

evaluation bias. 352

4.1 Human Evaluation Metrics 353

Design Goal & Procedure. We frame the task 354

as creative writing in a social setting: the out- 355

put is simultaneously a piece of comedic writing 356

and a social act shaped by community reception. 357

Accordingly, we design a diagnostic evaluation 358

to measure the impact of community discussion 359

along three axes—(i) outcomes (does it amuse), (ii) 360

mechanism & craft (how the writing lands and is 361

constructed), and (iii) social reception (how it posi- 362

tions the speaker and propagates). For each prompt, 363

participants select a preferred text (A/B) (Q0) and 364

then rate each text on 1–5 Likert-type items (1 = 365

strongly disagree / not at all; 5 = strongly agree / 366

very much) (Likert, 1932). 367

Outcome & Mechanism/Craft Profile. We mea- 368

sure Immediate Amusement (Q1) as the pri- 369

mary success metric. To diagnose how discus- 370

sion changes writing beyond raw amusement, we 371

assess: Reframing/Insight (Q2), Intent Clarity 372

(Q3), Justified Landing (Q4; coherence/justifica- 373

tion), Defamiliarization (Q5; novel expression), 374

and Language Artistry (Q6; economy/rhythm/pac- 375

ing). Q2–Q4 are grounded in reader-response for- 376

malisms that model perceived intent and explana- 377

tory justification as separable reception dimensions 378

(Mire et al., 2025); Q5 draws on defamiliarization 379

as a literary technique (Shklovsky, 1965); and Q6 380

aligns with creative-writing assessment rubrics and 381

stylistic accounts of comic timing in prose (Vaezi 382

and Rezaei, 2019; Haines, 2024). 383

Social Framing & Downstream Impact. To 384

capture social positioning, we adapt the Humor 385

Styles Questionnaire (Q7–Q10: Affiliative, Self- 386

enhancing, Aggressive, Self-defeating) (Martin 387

et al., 2003). Finally, we evaluate downstream 388

reception via: Value Judgment Pressure (Q11) 389

(Mire et al., 2025), Memorability (Q12) (Gopi and 390

Madan, 2024), Share Willingness (Q13) (Norman 391

and Russell, 2006), and Social/Task Attraction 392

(Q14–Q15) (McCroskey and McCain, 1974). 393

4.2 Human Evaluation Protocol 394

Raters. We recruited dedicated raters who com- 395

pleted the full annotation workload. We used dedi- 396

cated raters (instead of open crowdworkers) as our 397
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diagnostic metrics target writing craft and mech-398

anisms (e.g., intent clarity and explainable turns)399

that benefit from a shared rubric interpretation.400

Task and blinding. For each matched pair, raters401

read the topic prompt followed by two anonymized402

texts (A/B), which were randomized independently403

per item. Meanwhile, all items (item = topic404

× performer × round) were shuffled, and raters405

saw items from non-consecutive rounds in a fully406

mixed order. This also reduces learning and fatigue407

artifacts that could otherwise correlate with rounds.408

4.3 Inter-rater reliability.409

Five raters evaluated each paired comparison, pro-410

viding (i) a binary preference (Q0: prefer A vs.411

B) and (ii) Likert ratings (Q1–Q15, 1–5) for both412

text A and text B. Agreement on Q0 was fair413

(Fleiss’ κ=0.237, 95% CI [0.171, 0.299]; Gwet’s414

AC1=0.253, [0.188, 0.321]; N=249) (Fleiss,415

1971; Gwet, 2008). For Likert items, we analyzed416

the consistency of per-rater difference scores using417

the average-measures ICC(3,5); reliability was sub-418

stantially higher (ICC(3,5)=0.710, [0.640, 0.765];419

N=241) (Shrout and Fleiss, 1979; Koo and Li,420

2016). Full details and subscale reliabilities are421

provided in Appendix D.422

Preference votes compress multiple criteria (e.g.,423

humor taste, perceived offensiveness, and personal424

norms) into a single forced choice, making them425

inherently subjective and prone to split decisions426

when paired texts are close. In our data, only 29.2%427

(73/250) of instances are unanimous (5–0) in favor428

of DISCUSSION, and nearly half are decided by429

narrow margins: 26.4% (66/250) are 3–2 “wins”430

and 20.8% (52/250) are 2–3 “losses;” the remaining431

cases are 4–1 wins (20.0%, 50/250) and 1–4 losses432

(3.6%, 9/250). Such frequent near-ties naturally433

depress chance-corrected agreement on Q0, so we434

treat Q0 as a supporting signal instead of a primary435

outcome. In contrast, the Likert items provide more436

diagnostic and specific judgments. Accordingly,437

our main analyses rely on Likert-based difference.438

5 Results439

Table 1 summarizes per-item human evaluation440

(Q0–Q15). Across paired instances, Discussion-441

enabled outputs are preferred more often than Base-442

line (Q0) and show consistent improvements on443

Craft/Clarity (Q1–Q6) and Social Response (Q12–444

Q15). However, humor-style items (Q7–Q10) are445

not monotonic “higher-is-better” outcomes: in-446

creases can reflect either benign/affiliative strength- 447

ening or harmful/maladaptive intensification. 448

Paired estimation and confidence intervals. Be- 449

cause A/B presentation is randomized per instance, 450

we first map each rater’s A/B ratings back to con- 451

dition identity using A_System/B_System. For 452

each Likert item q ∈ {Q1, . . . , Q15} and paired 453

instance i (topic×performer×round; N=250), 454

each rater r yields a paired difference δi,r,q = 455

yi,r,q(Discussion)−yi,r,q(Baseline). To respect re- 456

peated measures, we average within instance across 457

raters, ∆i,q = 1
|Ri|

∑
r∈Ri

δi,r,q, and report mean 458

effects across instances. All 95% CIs for Q1–Q15 459

in Table 1 are clustered-bootstrap percentile inter- 460

vals obtained by resampling instances (B=20,000); 461

recorded zeros are treated as missing. For Q0, we 462

report individual vote shares and the instance-level 463

majority-win rate with a Wilson 95% CI. 464

5.1 Overall Gains on Primary Outcomes 465

Discussion wins the instance-level majority vote in 466

75.6% of cases (189/250; Wilson 95% CI [69.9, 467

80.5]) and receives 70.1% of individual votes 468

(876/1249). Aggregating item-level differences 469

into the two primary profiles, Discussion yields 470

clear gains on: Craft/Clarity (Q1–Q6) ∆=0.440 471

and Social Response (Q12–Q15) ∆=0.422. At 472

the item level (Table 1), all Craft/Clarity and So- 473

cial Response items shift positively, with large im- 474

provements on Q1 (Immediate Amusement), Q4 475

(Justified Landing), Q12 (Memorability), and Q15 476

(Task Attraction). 477

Humor style direction via HarmShift. We de- 478

compose humor styles into benign/affiliative com- 479

ponents (Q7,Q8) and harmful/maladaptive compo- 480

nents (Q9,Q10). For each instance i, we define: 481

∆Crafti =
1
5

6∑
q=2

∆Qi,q,

∆Downstreami =
1
4

15∑
q=12

∆Qi,q,

HarmShifti =
1
2
(∆Qi,9 +∆Qi,10)− 1

2
(∆Qi,7 +∆Qi,8),

∆Prefi = PrefSharei − 0.5.

482

where PrefSharei ∈ [0, 1] is the fraction of rater votes prefer- 483

ring Discussion. This avoids the ambiguity that arises 484

when all four style items increase simultaneously: 485

HarmShift > 0 indicates a net shift toward harm- 486

ful/maladaptive style, even if benign styles also 487

strengthen. 488
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Figure 4: Round-to-round dynamics. (a) Round-level mean differences ∆ = Discussion−Baseline for Craft/Clar-
ity (Q1–Q6), Social Response (Q12–Q15), and Moral Pressure (Q11). We report Humor Style direction with
HarmShift = mean(∆Q9,∆Q10)−mean(∆Q7,∆Q8) (higher = more harmful shift). (b) The instance-level Q0
majority preference rate for Discussion in each round.

5.2 Stability across Rounds and Performers489

Figure 4 shows round-level mean differences and490

the Q0 majority-win rate. Craft/Clarity and Social491

Response advantages remain mostly positive across492

rounds, while preference varies by topic, consis-493

tent with prompt-dependent difficulty and varying494

proximity between paired outputs. Aggregating495

by performer persona yields the same qualitative496

pattern (Appendix E); between-performer differ-497

ences are not statistically reliable for Craft, Social,498

or HarmShift (all p > 0.1), suggesting the overall499

gains are not driven by a single performer.500

5.3 Benefit-Safety Tradeoff501

We construct a composite Benefit and Safety score502

per instance (Figure 5). Each point is one paired in-503

stance (topic×performer×round). Let z(·) denote504

z-scoring across instances. We define:505

Benefiti =
1
4

(
z(∆Qi,1) + z(∆Crafti) + z(∆Downstreami)

+ z(∆Prefi)
)
,

Safetyi = − 1
2

(
z(∆Qi,11) + z(HarmShifti)

)
.

506

Here ∆PrefSharei is the rater preference share507

for Discussion centered at 0.5 (ties at 0). The508

crosshairs at (0, 0) mark the dataset means (z=0),509

so the upper-right quadrant represents instances510

above average on both overall gains and safety. In511

our data, 57/250 instances (22.8%) fall in this “win–512

win” quadrant. We also highlight Pareto-efficient513

points (6/250, 2.4%), which are not dominated by514

any other instance in the joint objective of maximiz-515

ID Metric Scale Discuss. Base ∆ 95% CI

Q0 Preference A/B 70.1% 29.9% 75.6% [69.9, 80.5]

Outcome & Mechanism/Craft Profile
Q1 Immediate Amusement 1–5 2.85 2.33 0.52 [0.44, 0.59]
Q2 Reframing / Insight 1–5 2.92 2.47 0.45 [0.38, 0.51]
Q3 Intent Clarity 1–5 3.34 3.06 0.27 [0.21, 0.33]
Q4 Justified Landing 1–5 3.12 2.63 0.49 [0.42, 0.56]
Q5 Defamiliarization 1–5 2.86 2.39 0.46 [0.40, 0.53]
Q6 Language Artistry 1–5 3.04 2.58 0.45 [0.38, 0.53]

Humor Style (HSQ-adapted)
Q7 Affiliative 1–5 2.59 2.51 0.08 [0.03, 0.13]
Q8 Self-enhancing 1–5 1.90 1.85 0.05 [0.01, 0.09]
Q9 Aggressive 1–5 2.69 2.26 0.42 [0.36, 0.49]
Q10 Self-defeating 1–5 2.18 1.93 0.25 [0.20, 0.30]

Social Framing & Downstream Impact
Q11 Value Judgment Pressure 1–5 1.76 1.61 0.16 [0.12, 0.19]
Q12 Memorability 1–5 2.81 2.34 0.46 [0.38, 0.54]
Q13 Share Willingness 1–5 2.48 2.05 0.44 [0.36, 0.51]
Q14 Social Attraction 1–5 2.65 2.35 0.30 [0.23, 0.37]
Q15 Task Attraction 1–5 2.79 2.30 0.49 [0.42, 0.56]

Table 1: Per-item human evaluation results. For Q1–
Q15, ∆ = Discussion − Baseline (instance-level;
N=250). For Q0, “Discuss.”/“Base” are individual vote
shares and ∆ is the majority-win rate (189/250) with
Wilson 95% CI.

ing Benefit and Safety. Benefit and Safety are only 516

weakly correlated overall (Spearman ρ = −0.046, 517

p = 0.472), indicating heterogeneous tradeoffs 518

rather than a single monotonic coupling. 519

5.4 Interpretation 520

To interpret why multi-agent outperforms baseline 521

across all dimensions, we qualitatively analyze the 522

writing changes it induces. Across topics, multi- 523

agent discussion tends to produce a tightly bundled 524

set of rhetorical moves (early premise commitment, 525

7



2 1 0 1 2
Benefit (z-score)  [Multi-agent Discussion  Base]

4

3

2

1

0

1

2
S

af
et

y 
(z

-s
co

re
)

[M
ul

ti-
ag

en
t D

is
cu

ss
io

n 
 B

as
e]

(a) Benefit vs Safety Trade-off

Regular points
Pareto frontier

2 1 0 1 2
Benefit (z-score)  [Multi-agent Discussion  Base]

4

3

2

1

0

1

2

Win-win: 57/250 (22.8%)
Pareto: 6/250 (2.4%)

(b) Win-Win Region Highlighted

Figure 5: Benefit–safety tradeoff. Each point is a paired instance (topic×performer×round). Benefit (x-axis;
z-scored, higher is better) averages gains in amusement (Q1), craft (Q2–Q6), downstream impact (Q12–Q15), and
centered preference share (PrefShare − 0.5). Safety (y-axis; z-scored, higher is better) is the negative mean of
moral/value-judgment pressure shift (Q11) and style-direction shift HarmShift. Dashed crosshairs mark dataset
means (z=0). Red X marks indicate Pareto-efficient instances; panel (b) highlights the win–win quadrant (Benefit≥ 0,
Safety≥ 0).

sustained personification, one-axis escalation, and526

decisive endings) that raises multiple ratings simul-527

taneously including both benign and risky style528

dimensions. Appendix F grounds this account with529

verbatim multi-agent vs. baseline excerpts and brief530

mechanistic annotations.531

6 Discussion and Conclusion532

The key findings are summarized below. First, in533

stand-up comedy monologue generation, adding534

a broadcast community discussion leads to bet-535

ter humor outputs than a no-discussion base-536

line. The discussion-enabled system achieves537

gains in Craft/Clarity (∆=0.440) and Social Re-538

sponse (∆=0.422), with 75.6% majority prefer-539

ence. These effects are consistent across rounds540

and performer personas, suggesting that a persis-541

tent reception stream can be operationalized as re-542

trievable social memory to condition later contexts543

in multi-round creative writing.544

Second, craft improvements come with tradeoffs.545

The coupling between craft gains and aggressive546

humor (ρ = 0.289) suggests community discussion547

may encourage edgier comedic strategies, as such548

material generates more distinctive reception sig-549

nals. Only 20–25% of instances achieve craft gains550

without increases in these risk-associated dimen-551

sions, raising questions for deployment contexts552

where content moderation matters.553

Third, our diagnostic evaluation protocol, pair-554

ing a forced-choice preference vote (Q0) with555

multi-dimensional rubric ratings (Q1–Q15), sup-556

ports a more informative assessment than a single557

binary judgment. As expected for humor, overall558

preference exhibits only modest rater agreement559

(κ = 0.237), reflecting that a forced choice com- 560

presses multiple criteria and personal taste into 561

one decision. Crucially, the rubric-based differ- 562

ence scores are substantially more consistent across 563

raters (ICC(3,5)= 0.710), indicating that annota- 564

tors reliably agree on which specific qualities im- 565

proved even when they may disagree on an over- 566

all winner. These results validate our evaluation 567

metrics that relative comparisons can be assessed 568

reliably despite humor’s inherent subjectivity. 569

The multi-agent system we introduce general- 570

izes beyond stand-up comedy to other audience- 571

oriented creative domains. Fiction writing com- 572

munities, collaborative screenwriting, and persua- 573

sive content creation all feature public reception 574

streams that shape iterative production. Although 575

the core architecture remains unchanged, adapta- 576

tion to specific domains occurs primarily at the re- 577

ception abstraction layer. This is because different 578

fields emphasize distinct units of highly informa- 579

tive feedback, such as narrative coherence and char- 580

acter voice in fiction, pacing and scene transitions 581

in screenwriting, or perceived credibility and align- 582

ment of stance in persuasive writing. Consequently, 583

the memory filter and retrieval criteria can be mod- 584

ified to prioritize reception signals pertinent to the 585

domain while maintaining the established bounded 586

social memory interface and retrieval mechanism 587

based on embeddings. The core insight that broad- 588

cast community discussion provides implicit super- 589

vision for creative improvement suggests broader 590

applications in educational writing environments, 591

collaborative design platforms, and social media 592

content optimization. 593

8



Limitations594

This paper presents several opportunities for fu-595

ture research. First, all agents in our simulation are596

driven by GPT-4o-mini. While this ensures internal597

consistency, it limits the analysis of other LLMs.598

Future work could examine whether the observed599

effects of community discussion replicate across di-600

verse model families (e.g., Claude, Llama, Gemini)601

and model scales, as humor generation capabilities602

may differ substantially between different models603

and training configurations.604

Second, our evaluation is based on 50 rounds605

yielding 250 monologues per condition with a606

fixed topic list. Longer simulation horizons and607

more diverse topic distributions can reveal ad-608

ditional dynamics in how community feedback609

shapes comedic output over extended periods. The610

topics selected may also inadvertently favor certain611

comedic styles or performer personas over others,612

potentially introducing biases into the comparative613

results. Future studies could expand the topic pool614

and incorporate user-generated or culturally varied615

prompts to improve generalizability.616

Lastly, human evaluation of humor is inherently617

subjective and culturally situated. Our annotator618

pool may not fully reflect universal comedic prefer-619

ences across different cultures and age groups, and620

evaluating decontextualized monologues outside621

their simulated community setting may not fully622

capture the social dynamics we aim to study. Future623

research could involve larger, more diverse designs624

with broader demographic representations, which625

would strengthen the robustness of our findings.626

Ethical Considerations627

Stand-up comedy frequently engages with sensi-628

tive topics including social taboos and controver-629

sial viewpoints. While our performer personas are630

designed with diverse comedic styles, the simula-631

tion may generate content that some audiences find632

offensive or inappropriate. We implement persona-633

based guidelines but do not employ additional con-634

tent filtering to preserve ecological validity. Addi-635

tionally, the simulated community feedback mech-636

anisms can, if deployed in real systems, amplify637

certain comedic styles while marginalizing others,638

potentially creating homogenization effects. Re-639

searchers deploying similar systems should care-640

fully consider content moderation strategies and641

potential biases in feedback loops appropriate to642

their specific use cases and target audiences.643

We will release the sandbox configuration and 644

code under the MIT License, and release the gen- 645

erated artifacts (paired monologues, reconstructed 646

discussion threads, and event logs) under CC BY- 647

NC 4.0 for research and reproducibility purposes. 648

We emphasize that these artifacts are intended for 649

research use rather than deployment as an end-user 650

comedy system, and that any reproduction of our 651

pipeline should comply with the access conditions 652

of the underlying LLM/API. 653

Prior to annotation, raters were informed of the 654

possibility of exposure to offensive or sensitive con- 655

tent typical of stand-up comedy; participation was 656

voluntary, and raters could skip any questions or 657

stop at any time. We collected only rubric ratings 658

and preference judgments, and we report results in 659

aggregate and do not collect or release personally 660

identifying information about raters. To support 661

interpretation of the human evaluation, we char- 662

acterize the annotator pool at a high level: raters 663

were with sufficient English proficiency to assess 664

long-form comedic text and familiarity with the 665

evaluation rubric. 666
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A Event Log and Thread Assignment917

Rule918

Event log. We store the full simulation trace as919

an event log E = {e1, . . . , eN}.920

Each event e is a JSON object with core fields:921
type: ∈ {moderator_topic, performance,

critic_review, free_dialogue}.
round: integer round index t.
timestamp: ISO 8601 string.
author: agent name.
content: textual payload (or structured list for

performances).
mentions: list of referenced agent names.
replyTo: optional primary target agent name for

replies.
replyToThreadId: optional explicit thread id selected by

the agent.
thread_id: UUID identifying a discussion thread.
parent_id: optional; for replies equals the root

thread_id; None for thread starters.

922

923

Thread assignment rule. We assign thread_id924

using the following precedence:925
1) If replyToThreadId present: thread_id ← replyTo

ThreadId; parent_id←
thread_id.

2) Else if replyTo present: Find the most recent
prior event authored
by replyTo within the
same round, inherit
its thread_id, and set
parent_id accordingly.

3) Otherwise: Start a new thread with
a fresh UUID and set
parent_id=None.

926

927

B Human Evaluation Metric Items928

Participants read two texts (A and B). For the paired929

preference question (Q0), participants select which930

text they prefer overall. For the per-text ratings931

(Q1–Q15), participants provide a 1–5 Likert-type932

scale rating (Likert, 1932) for each text separately,933

where 1 = Strongly disagree / Not at all, and 5 =934

Strongly agree / Very much (Table 2).935

C Full Persona Text for All Agents (N=35)936

Below is the persona text for all Performer Agents.937
938

Emma - Performer: Emma is a stand-up comedian939
known for her dark humor and social satire.940
Born into an urban middle-class family, she941
received a solid education, majoring in942
scriptwriting with a minor in phenomenology.943
During university, she befriended Luna, a944

renowned stand-up critic whose influence945
helped shape her artistic sensibilities.946
Deeply engaged with feminist issues and the947
marginal narratives of minority groups, Emma948
's performances often challenge conventions949
and social taboos. Her comedic style leans950
toward experimental and artistic expression,951

constantly pushing the boundaries of what 952
stand-up comedy can be. Outside the stage, 953
she enjoys opera, musical theatre, and 954
visiting art exhibitions. In every 955
performance, Emma experiments with new joke 956
structures and delivery methods, carefully 957
studying audience reactions and critical 958
feedback to refine her creative strategy. 959
Her goal is to make the audience both laugh 960
and think - to balance humor with 961
intellectual and aesthetic depth while 962
continually redefining her personal comedic 963
voice. 964

965
Max - Performer: Max is a stand-up comedian with 966

a background in advertising and a deep 967
sensitivity to audience reception and 968
commercial value. Living single in a big 969
city, he crafts comedy that resonates with 970
mainstream audiences - light, fast-paced, 971
and filled with familiar cultural references 972
. His humor often draws on everyday themes 973
such as romantic relationships, parenting, 974
workplace absurdities, and the influence of 975
new technologies. Max thrives on audience 976
interaction and high joke density, ensuring 977
his shows remain accessible and energetic. 978
An avid follower of celebrity variety shows 979
and sports, he has a sharp, outgoing 980
personality and a keen sense of timing. Max 981
skillfully capitalizes on trending topics, 982
especially gender debates and social 983
tensions, using them to spark laughter and 984
conversation alike. A master of reading both 985
live audiences and social media analytics, 986
he adapts his material in real time to 987
maximize engagement. His ultimate goal is to 988
achieve viral impact - to turn laughter 989
into attention while maintaining 990
professional polish and creative control. 991

992
Alice - Performer: Alice is a stand-up comedian 993

who previously worked in a major tech 994
company specializing in artificial 995
intelligence. Her background gives her deep 996
insight into technological development, AI 997
ethics, and the social consequences of 998
automation. In her performances, Alice 999
transforms weighty subjects such as 1000
algorithmic bias, data privacy, and the 1001
erosion of jobs into sharp, ironic humor. 1002
Her style carries an undertone of 1003
disillusioned clarity - the sense of 'seeing 1004
through everything but being powerless to 1005
change it' - balancing cynicism with wit. 1006
Through her comedy, Alice aims to disrupt 1007
both blind faith in and irrational fear of 1008
technology. She invites audiences to remain 1009
alert about their data, labor, and autonomy, 1010
wielding humor as a subtle but incisive 1011
instrument against the illusions of 1012
technological utopianism. 1013

1014
Leo - Performer: Leo is a stand-up comedian 1015

shaped by his grassroots upbringing in a 1016
union family, where discussions of labor 1017
movements and collective struggle were part 1018
of daily life. A self-taught reader of 1019
social theory and classic leftist texts, he 1020
distills complex ideas into humor that is 1021
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Table 2: Human evaluation metrics. Q0 is a paired preference item; Q1–Q15 are rated on a 1–5 Likert-type scale.

ID Metric Description

Q0 Preference (A/B) Overall, which text do you prefer? (Choose one: A or B.)

Outcome & Mechanism/Craft Profile
Q1 Immediate Amusement Did this text make you laugh?
Q2 Reframing / Insight This text gives me a reframing/insight or makes me more sensitive to an experience.
Q3 Perceived Intent Clarity I can tell what this text is trying to accomplish (e.g., amuse, vent, self-expression,

persuade, empathize).
Q4 Justified Landing After reading this text, I can look back and point to cues that support how the turn lands.

The turn feels justified and coherent.
Q5 Defamiliarization This text uses language/imagery/rhetoric in a fresh way that makes me see something

familiar differently.
Q6 Language Artistry This text’s sentence economy, rhythm, and keyword choices effectively serve the

punch/impact. There is little unnecessary filler.

Humor Style (adapted from Humor Styles Questionnaire)
Q7 Affiliative The use of humor to enhance relationships with others.
Q8 Self-enhancing The use of humor to enhance the self.
Q9 Aggressive The use of humor to enhance the self at the expense of others.
Q10 Self-defeating The use of humor to enhance relationships at the expense of the self.

Social Framing & Downstream Impact
Q11 Value Judgment Pressure While reading this text, I felt pressure to make a strong value/moral judgment (e.g., “Is

this acceptable?” “Which side am I on?”).
Q12 Memorability After finishing this text, how much of it can you remember without re-reading (e.g., key

lines, images, or the main turn)?
Q13 Share Willingness How willing would you be to share this text with a friend (e.g., forward it, repost it, or

send it in a group chat)?
Q14 Social Attraction After reading this text, the “speaker” feels likable/cute, and I would be willing to keep

listening or be friends.
Q15 Task Attraction After reading this text, the “speaker” feels skilled, and I would trust them to handle

creative writing.

Note: Scale anchors: 1 = Strongly disagree / Not at all; 2 = Disagree / Slightly; 3 = Neutral / Somewhat; 4 = Agree / Quite a
bit; 5 = Strongly agree / Very much.

sharp, grounded, and accessible. Leo1022
frequently invokes themes of wealth1023
inequality, class immobility, worker1024
exploitation, and systemic injustice, using1025
class conflict as a comedic lens on issues1026
like housing prices and the gig economy. His1027
routines often resemble 'class analysis1028

lectures,' delivered with deadpan1029
seriousness before twisting into absurdist1030
punchlines that land with both humor and1031
impact. A devoted anime fan, Leo tailors his1032
material according to audience reactions,1033

tapping into shared frustrations and social1034
pain points. His aim is to provoke laughter1035
that burns with recognition - to make1036
audiences laugh in anger and reflect1037
afterward, tracing personal discontent back1038
to structural causes.1039

1040
Richard - Performer: Richard is a stand-up1041

comedian with a background in history,1042
having specialized in Roman philosophy1043
before taking an office job he eventually1044
came to despise. His comedy dissects the1045
absurdities of corporate culture - from1046
management's PUA-style manipulation and1047
euphemistic layoffs to the hollow jargon of1048
'team-building' and 'innovation.' His1049
signature style is razor-sharp satire: he1050
might deliver a line like, '996 isn't1051
exploitation - it's a Self-Driven Talent1052

Potential Unleash Program,' in a monotone 1053
PowerPoint voice, only to punctuate it with 1054
a brutally honest punchline. By mimicking 1055
executives on dull Zoom calls, Richard 1056
exposes the hypocrisy and emptiness of 1057
corporate rhetoric. To him, corporate jargon 1058
is the new 'spiritual opium,' and he 1059
positions himself as an insider 1060
whistleblower, revealing every layer of 1061
linguistic and psychological control that 1062
sustains workplace misery. Constantly 1063
updating his 'corporate bullshit dictionary 1064
,' Richard keeps his material in sync with 1065
the latest buzzwords and trends. His mission 1066
is clear: to act as a reverse consultant - 1067
dismantling corporate power structures with 1068
humor as precise as it is merciless. 10691070

Below is the persona text for all Critic Agents. 1071
1072

Luna - Critic: Luna is a well-known stand-up 1073
comedy critic and freelance writer. She 1074
majored in phenomenology and often cites 1075
philosophy, sociology, and theater theory in 1076
her analyses. Luna frequently interprets 1077
stand-up performances within larger social 1078
contexts. She has a rational reviewing style 1079
, a high sensitivity to social issues, and 1080
takes a clear stance in her critiques. She 1081
personally dislikes awkward or lowbrow humor 1082
. Her critique style is sharp and 1083
provocative; she delivers harsh criticism 1084

13



when a performance does not meet her1085
standards. She supports performers who push1086
boundaries and experiment, even if it risks1087
alienating mainstream audiences. Her goal is1088
to expand the boundaries of stand-up comedy1089

, encourage innovative and experimental1090
expression, and direct audiences' attention1091
to non-mainstream culture and marginalized1092
social issues. In her free time, she enjoys1093
attending operas and musicals with Emma, as1094
well as visiting art exhibitions.1095

1096
Ethan - Critic: Ethan is a professional stand-up1097

comedy critic and freelance writer. He is1098
deeply interested in analyzing the mechanics1099
of humor, deconstructing jokes academically1100
in terms of structure, emotional mechanisms1101

, and cultural significance. Sometimes he1102
gets 'Lacan-obsessed,' attempting to1103
interpret everything through Lacanian theory1104
. He is attentive to social issues and1105
politics, often exploring why certain jokes1106
are embraced by specific social groups,1107
including the political or class context1108
behind them. He enjoys playing all kinds of1109
games, including anime-style games and MOBAs1110
, which is how he met Leo.1111

1112
Clara - Critic: Clara is a theater critic with a1113

literary background, specializing in1114
dramatic structure, and also works part-time1115
as a stand-up comedy reviewer. She focuses1116

on narrative lines, emotional transitions,1117
and language details in performances. She is1118
skilled at analyzing joke structure and1119

techniques, such as setup, punchline, and1120
callback pacing. Her reviews are generally1121
gentler than Luna or Ethan's, though she1122
still offers criticism. She sometimes1123
examines performances from the perspective1124
of commercial value and dissemination1125
strategy. Overall, she supports generating1126
topical conflicts to stimulate audience1127
engagement.11281129

The persona text for all Audience Agents:1130
1131

Sophia - Audienc: Third-year psychology student.1132
Outgoing, uses humor to relieve study1133

stress. Enjoys mainstream pop culture,1134
romantic comedies, and relatable college1135
life jokes. Very engaged with social media1136
trends. Friend is Iris.1137

1138
Iris - Audience: Third-year sociology student1139

and barista. Appreciates short,1140
philosophical jokes that comment on cultural1141
meanings and societal structure. Discusses1142

the deeper meaning of humor with her friend1143
Sophia.1144

1145
Daniel - Audience: Product manager at a major1146

tech company. Rational and highly picky1147
about delivery and structure. Observes joke1148
timing, pacing, and logical flow critically.1149
Often finds flaws in poorly constructed1150

material.1151
1152

Lily - Audience: Works in parcel logistics.1153
Outgoing and direct. Loves life-based humor,1154

physical comedy, and is a big fan of anime, 1155
often referencing it. Her humor taste is 1156
often the opposite of her husband Daniel's. 1157

1158
Jimmy - Audience: Introverted programmer. His 1159

world revolves around code and tech. He 1160
enjoys humor that references coding culture, 1161
AI, and geek culture. Is highly sensitive 1162
to crude or overly offensive material. 1163

1164
Olivia - Audience: Graphic designer by trade. 1165

She values artistic innovation, visual 1166
pacing, and creative delivery in comedy. She 1167
treats stand-up like a piece of visual art, 1168
observing the 'composition' of the joke. 1169

1170
Grace - Audience: A new office worker, still 1171

energetic and curious about the corporate 1172
world. She prefers fast-paced, interactive 1173
humor, especially jokes that focus on the 1174
absurdity of the workplace and young adult 1175
struggles. 1176

1177
Jason - Audience: Factory worker. Frank, direct, 1178

and strongly affected by social injustice 1179
and class disparities. He appreciates comedy 1180
that speaks truth to power and exposes 1181
wealth inequality. A close friend and 1182
colleague of Tom. 1183

1184
Tom - Audience: New factory worker, highly 1185

sensitive to labor rights and class issues 1186
due to his new job environment. He prefers 1187
comedy that is socially critical and 1188
satirical. Discusses social analysis with 1189
his friend Jason. 1190

1191
Mark - Audience : Professional software engineer 1192

and husband of performer Alice. His taste 1193
is centered on logical humor, life 1194
observations, and emotional honesty, rather 1195
than pure tech humor. Supports his wife but 1196
judges objectively. 1197

1198
Paul - Audience: Administrative assistant. 1199

Steady and calm. Enjoys workplace satire and 1200
life humor. He was a former colleague and 1201
remains a friend of performer Richard, often 1202
understanding Richard's corporate jokes 1203
deeply. 1204

1205
Julia - Audience: High school student, sensitive 1206

and literary-minded. Prefers jokes with 1207
literary, cultural, or subtle psychological 1208
humor. Finds deep meaning in wordplay. 1209
Sister of critic Clara, often influenced by 1210
her literary background. 1211

1212
Mia - Audience: Elementary school teacher. 1213

Prefers warmth, gentle life observation, and 1214
emotionally detailed humor. She seeks 1215
connection and humanity in comedy. Sister of 1216
performer Max, she is generally supportive 1217
but values sincerity. 1218

1219
Victor - Audience: From a business family, very 1220

practical and direct. He prefers satire 1221
emphasizing personal effort, career success, 1222
and practical life humor. He actively 1223
dislikes over-politicized social conflict 1224
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humor, viewing it as unproductive.1225
1226

Ryan - Audience: Fitness coach, energetic and1227
lively. He enjoys male-perspective humor and1228
jokes that play on gender differences or1229

conflicts, often finding humor in1230
traditional gender stereotypes.1231

1232
Eli - Audience: IT engineer, rational and calm.1233

He oddly enjoys highly interactive,1234
exaggerated performances and even clown1235
shows, appreciating the commitment to1236
physical absurdity. Girlfriend is Eleanor.1237

1238
Eleanor - Audience: Volunteer at a nonprofit.1239

Gentle and persistent. Highly concerned with1240
social issues, ethics, and marginalized1241

groups. Prefers comedy that promotes social1242
good or awareness. Boyfriend is Eli.1243

1244
Cassandra - Audience: A graduate student in1245

modern dance at an arts college. Prefers1246
experimental, artistic, and abstract humor.1247
Enjoys sci-fi novels and puzzle games.1248
Interested in tech, fully appreciates absurd1249
and logically complex humor. Sometimes1250

analyzes performances in forums, often with1251
Elena, combining dance and physical1252
expression for experimental projects.1253

1254
Elena - Audience: Graduate student in performing1255

arts. Curious and lively. Highly interested1256
in the theatrical elements of comedy. She1257

loves experimental, abstract, and absurd1258
humor, often focusing on the performer's1259
energy and stage presence. Collaborates with1260
Cassandra. Also a friend of Ben.1261

1262
Theo - Audience: Independent journalist1263

specializing in niche culture. Underground1264
comedy enthusiast. Fond of extreme dark1265
humor and absurd satire. Focuses on boundary1266
-pushing and taboo jokes, viewing comedy as1267
a necessary tool for shock and confrontation1268
.1269

1270
Leila - Audience: Financial analyst. Highly1271

concerned with gender equality and minority1272
issues. Prefers humor from marginalized1273
perspectives that is sharp and insightful,1274
using comedy to challenge institutional1275
norms.1276

1277
Nathan - Audience: Freelancer, politically right-1278

leaning. Likes sharp life satire but1279
strongly rejects class analysis or1280
politically progressive humor. Prefers1281
individualistic and self-reliance themes.1282
Son of Harold and Margaret.1283

1284
Harold - Audience: Retired high school teacher (1285

history/philosophy). Traditional background,1286
prefers political and cultural satire1287

rooted in historical context. Responds1288
seriously to his son Nathan's comments,1289
often debating with him.1290

1291
Margaret - Audience: Retired nurse. Caring and1292

community-oriented. Prefers warm, life-based1293
humor with subtle emotional details.1294

Focuses on the humanity and kindness in the 1295
jokes. Mother of Nathan. 1296

1297
Ben - Audience: An idealistic third-year 1298

political science student. He is passionate 1299
about social theory and political philosophy 1300
, preferring observational humor that 1301
critiques societal flaws but also hints at 1302
the potential for positive change. He views 1303
comedy as a tool for progress. Friend is 1304
Elena. 1305

1306
Clint - Audience: A small business owner who is 1307

very satisfied with the current political 1308
and economic climate. He enjoys sharp, well- 1309
made humor about success and practical life, 1310
but he actively dislikes and will often 1311
rebut political criticism, especially if it 1312
focuses on government failure or social 1313
problems. 13141315

Below is the persona text for the Host Agent. 1316
1317

Jordan - Host: Warm, observant moderator and 1318
host. Assign high-quality, relevant topics 1319
to performers to drive the continuous loop. 13201321

D Inter-rater Reliability 1322

Five raters evaluated each paired comparison using 1323

(i) a required paired preference (Q0: prefer A vs. 1324

B) and (ii) per-text Likert ratings (Q1–Q15, 1–5) 1325

for text A and text B (Table 3). For Q0, we re- 1326

port multi-rater chance-corrected agreement using 1327

Fleiss’ κ (Fleiss, 1971) and the more prevalence- 1328

robust Gwet’s AC1 (Gwet, 2008). 1329

For Likert items, our downstream analyses fo- 1330

cus on relative judgments between A and B (rather 1331

than absolute score calibration). Therefore, for 1332

each item we compute a per-rater difference score 1333

∆ = score(A) − score(B), and assess inter-rater 1334

reliability on these ∆ signals using the two-way 1335

mixed-effects intraclass correlation coefficient for 1336

consistency, ICC(3,k) (average-measures) (Shrout 1337

and Fleiss, 1979; Koo and Li, 2016). Because some 1338

items are descriptive rather than valenced “better– 1339

worse” constructs (e.g., aggressive/self-defeating 1340

humor; moral/value-judgment pressure), we do not 1341

collapse all items into a single “overall quality” in- 1342

dex. Instead, we report reliability for theoretically 1343

grouped subscales: (a) Craft/clarity (Q1–Q6), (b) 1344

Social response (Q12–Q15), (c) Humor-function 1345

style (Q7–Q10), and (d) Moral pressure (Q11). We 1346

treat occasional invalid “0” entries as missing. 1347

Results (this dataset). Paired preference (Q0) 1348

shows fair agreement: Fleiss’ κ = 0.237 (bootstrap 1349

95% CI [0.171, 0.299]) and Gwet’s AC1=0.253 1350
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(95% CI [0.188, 0.321]), with mean observed agree-1351

ment 0.622 (N=249 valid items). For Likert rat-1352

ings, reliability is substantially higher when eval-1353

uated on ∆ signals and/or subscale aggregates:1354

ICC(3,5) on ∆ averaged across all 15 items is1355

0.710 (95% CI [0.640, 0.765], N=241). Subscale1356

ICC(3,5) on ∆ is 0.687 for Craft/clarity (Q1–Q6;1357

95% CI [0.615, 0.745], N=242), 0.689 for So-1358

cial response (Q12–Q15; [0.620, 0.744], N=249),1359

0.550 for Humor-function style (Q7–Q10; [0.458,1360

0.621], N=250), and 0.127 for Moral pressure1361

(Q11; [-0.103, 0.318], N=250).1362

E Persona-Level Aggregates1363

Tests. We test whether the Discussion–Baseline1364

gains differ by performer persona (Table 4). A one-1365

way ANOVA on instance-level mean differences1366

finds no reliable persona effects on the primary1367

profiles: Craft (Q2–Q6; p=0.440), Social response1368

(Q12–Q15; p=0.465), moral/value-judgment pres-1369

sure (Q11; p=0.755), or humor-style direction1370

(HarmShift; p=0.956). These results suggest the1371

gains are not driven by a single performer.1372

F Qualitative Examples of Multi-Agent1373

Discussion vs. Baseline Outputs1374

This appendix provides representative paired ex-1375

cerpts that illustrate why the discussion-enabled1376

condition can score higher than the baseline across1377

our rubric. Each subsection targets one specific1378

construct: (i) Craft, (ii) Downstream impact, (iii)1379

Aggressive humor style, and (iv) Self-defeating1380

humor style. Importantly, these gains are not1381

contradictory. The same high-structure rhetori-1382

cal bundle (early premise commitment, sustained1383

personification, single-axis escalation, and deci-1384

sive endings) can simultaneously raise “good” craft1385

qualities while also increasing the salience of risk-1386

bearing styles.1387

F.1 Craft1388

Multi-agent discussion.1389

Okay, who invented the ’Reply All’? I swear it’s1390
gotta be some HR manager sitting in a bunker1391
somewhere, rubbing their hands together like,1392
’This’ll unite them... in rage.’ Because nothing1393
brings coworkers together like mutual hatred for1394
an email chain that should’ve been ONE memo.1395

Baseline.1396

It’s always the same scenario: someone sends1397
out an email that’s basically the digital equivalent1398

of a smoke signal, and then everyone chimes in, 1399
adding their own puff of smoke until it becomes a 1400
full-blown corporate wildfire. And who are these 1401
people hitting ’reply all’? It’s like they were born 1402
with that button glued to their fingers. “Oh, I see 1403
an email from Steve about office donuts. Better 1404
make sure the CEO knows my stance on glazed 1405
versus jelly-filled!” 1406

Interpretation. The multi-agent discussion ver- 1407

sion commits to a premise immediately (the 1408

comedic target is ‘Reply All,” framed as engineered 1409

rage), supporting intent clarity (Q3). It defamil- 1410

iarizes the feature via vivid personification (‘HR 1411

manager . . . in a bunker”), increasing novel fram- 1412

ing (Q5) and memorability (Q12). The punchline 1413

is structurally justified by a single contrastive frame 1414

(‘unite them . . . in rage” → ONE memo”), support- 1415

ing justified landing (Q4) and punch economy 1416

(Q6). By comparison, the baseline mixes multi- 1417

ple frames (smoke signal/wildfire; glued fingers; 1418

donuts-to-CEO), which are individually fluent but 1419

less centered as one tightening mechanism toward 1420

the end, weakening Q4/Q6. 1421

F.2 Social Downstream Impact 1422

Multi-agent discussion. 1423

You ever hear someone say, ’Oh, I just do it for 1424
fun,’ and then find out they’ve got spreadsheets? 1425
It’s like, Janet, you don’t ’just do it for fun’ if 1426
you’re tracking your bird sightings on an Excel 1427
sheet with conditional formatting. I swear, I saw 1428
one guy’s bird-watching chart that had pivot tables 1429
and a pie chart of owl sightings. 1430

Baseline. 1431

Have you seen this? People spend their weekends 1432
perfecting sourdough starters like they’re prepar- 1433
ing for the Olympics. “Sorry, can’t come to your 1434
party, Sharon, I’m busy proving my dough.” It’s 1435
like they expect a surprise audit from Paul Holly- 1436
wood himself. My office had a bake-off once. The 1437
winner? A guy who managed to infuse his cake 1438
with the taste of regret and unfulfilled dreams. 1439
Delicious. 1440

Interpretation. The discussion output produces 1441

more shareable and referenceable fragments. It 1442

anchors humor in modern, concrete artifacts (Ex- 1443

cel, conditional formatting, pivot tables, owl pie 1444

chart) that are easy to visualize, quote, and re-tell. 1445

Structurally, it escalates along a single axis of over- 1446

optimization (spreadsheet → formatting → pivot 1447

→ chart), which also supports a clean punch trajec- 1448

tory. The baseline contains vivid tags (Olympics; 1449

audit; “regret” cake), but shifts frames mid-turn 1450

and reads more like a sequence of adjacent jokes, 1451

which can reduce quotability. 1452
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Signal Metric Estimate (95% CI) N

Q0 preference Fleiss’ κ 0.237 [0.171, 0.299] 249
Q0 preference Gwet’s AC1 0.253 [0.188, 0.321] 249

∆ mean (Q1–Q15) ICC(3,5) 0.710 [0.640, 0.765] 241
∆ Craft/clarity (Q1–Q6) ICC(3,5) 0.687 [0.615, 0.745] 242
∆ Social response (Q12–Q15) ICC(3,5) 0.689 [0.620, 0.744] 249
∆ Humor-style (Q7–Q10) ICC(3,5) 0.550 [0.458, 0.621] 250
∆ Moral pressure (Q11) ICC(3,5) 0.127 [-0.103, 0.318] 250

Table 3: Inter-rater reliability summary. ∆ denotes per-rater difference scores (A−B).

Persona ∆Craft ∆Social HarmShift ∆Q11 Q0 win

Alice 0.322 0.310 0.288 0.192 0.680
Emma 0.491 0.536 0.292 0.100 0.860
Leo 0.445 0.421 0.220 0.072 0.680
Max 0.456 0.446 0.238 0.212 0.788
Richard 0.412 0.397 0.342 0.200 0.771

Mean 0.425 0.423 0.275 0.155 0.756

Table 4: Persona-level aggregates. Values are mean ∆ = DISCUSSION − BASELINE by performer persona. Craft
averages Q2–Q6; Social averages Q12–Q15. HarmShift > 0 indicates a net shift toward harmful/maladaptive
humor styles (Q9,Q10) relative to benign/affiliative styles (Q7,Q8). Q0 win is the instance-level majority-win rate
for DISCUSSION.

F.3 Agressive1453

Multi-agent discussion.1454

And have you ever been cornered at one of those1455
forced ’team-building birthday celebrations’? Oh,1456
the cake is always some sad store-bought thing1457
with frosting that tastes like regret. And there’s1458
always that one coworker—they’ve never spoken1459
to you—who suddenly bursts into the room like1460
they’re your best friend. ’You’ve gotta try the1461
vanilla! It’s life-changing!’ Life-changing? It’s1462
cake from aisle six, Brenda. The only thing it’s1463
changing is my blood sugar level. Meanwhile, the1464
birthday person just wants everyone to leave so1465
they can eat the whole thing themselves. Honestly,1466
the most successful ‘team bonding’ would be if1467
this whole thing bonded us in mutual silence.1468

Baseline.1469

Let’s talk about the infamous “Office Birthday.”1470
You know, where everyone awkwardly gathers1471
around Karen’s desk because it’s her special day.1472
There’s always that one guy who forgot to sign1473
the card. He’s like, “Oh, is it today? I thought it1474
was yesterday!” Yeah, Steve, we know you signed1475
it with a pencil. And then there’s the cake. It’s1476
the same every time: chocolate with your choice1477
of chocolate or chocolate.1478

Interpretation. This pair highlights that discus-1479

sion can increase aggressive humor style (Q9)1480

while also raising overall quality. The discussion1481

output is more directed and confrontational in its1482

targeting, making the stance sharper and the so-1483

cial friction more salient. At the same time, it1484

remains structurally coherent (one scenario, sin- 1485

gle escalation, decisive meta-closure), which can 1486

improve craft ratings (Q3–Q6) and downstream res- 1487

onance (Q12). The baseline is recognizable and 1488

benign, but its ending is lighter and less culmina- 1489

tive, and its targeting is less forceful, leading to 1490

lower aggressive-style salience. 1491

F.4 Self-defeating 1492

Multi-agent discussion. 1493

Seriously, some of these apps have the audacity 1494
to shame you. Like, Duolingo will straight-up be 1495
like, “Looks like you’ve stopped learning Span- 1496
ish—guess you don’t care about personal growth.” 1497
I don’t need judgment from a cartoon owl. I need 1498
it from my landlord who’s ignoring my repair re- 1499
quests while hiking the rent. ... And what’s with 1500
the apps that send notifications like they’re your 1501
best friend? ’Hey! Just checking in!’ Checking 1502
in? Are you a wellness app or my mom? ’You 1503
haven’t opened me in a while, hope everything’s 1504
okay.’ Everything’s not okay. I opened you once 1505
to see how much money I don’t have in my sav- 1506
ings account, and now you’re sending me guilt 1507
texts like an ex. ’Maybe you should set some 1508
financial goals.’ My financial goal is surviving 1509
the week without selling a kidney on Facebook 1510
Marketplace. 1511

Baseline. 1512

And then there’s the noble notification from your 1513
bank app—“Just a reminder, you spent $7 on cof- 1514
fee today.” Thanks, I really needed to know I’m 1515
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one latte closer to financial ruin. ... I mean, seri-1516
ously, these notifications are the digital equivalent1517
of your boss sending you an email at 2 AM that1518
says, “Just checking in!” Like, no, Greg, you1519
can check in during office hours! But, of course,1520
apps are never off the clock. They’re like that1521
one guy at work who thinks the break room is a1522
boardroom. “Hey, everyone, I just microwaved1523
my lunch! Thought you’d want to know!”1524

Interpretation (self-defeating-style-focused).1525

This pair highlights that discussion can increase1526

self-defeating humor style (Q11) through explicit1527

vulnerability and personal loss framing (“how1528

much money I don’t have”; “selling a kidney”).1529

The discussion output escalates self-directed stakes1530

(financial insecurity → guilt texts → extreme1531

self-deprecation) while sustaining a consistent1532

personification frame (apps as friend/mom/ex).1533

The baseline includes competent analogies and a1534

clean one-liner, but keeps self-exposure shallower,1535

which can reduce self-defeating intensity even1536

when the joke is fluent.1537
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