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Abstract001

Product design success in consumer-facing mar-002
kets depends on understanding user needs, yet003
traditional market research faces high costs and004
captures only explicit, surface-level require-005
ments. Large Language Models (LLMs) of-006
fer scalable market simulation, but existing ap-007
proaches lack statistical rigor and suffer from008
mode collapse. We introduce PRISM (Parti-009
tioned Role-play in Intelligent Simulated Mar-010
kets), a framework that bridges unstructured011
LLM outputs and rigorous economic modeling012
by decomposing consumer profiles into orthog-013
onal vectors aligned with microeconomic the-014
ory. PRISM establishes a theory-grounded di-015
agnostic protocol evaluating dimensional inde-016
pendence and pricing rationality without large-017
scale ground truth data. We demonstrate that018
simulated feedback exhibits sufficient struc-019
tural validity for iterative product optimiza-020
tion, showing clear improvements over baseline021
methods.022

1 Introduction023

In consumer-facing (2C) markets, product design024

success critically depends on accurately under-025

standing user needs (Kohli and Jaworski, 1990;026

Langerak et al., 2004). However, traditional market027

research faces significant limitations: high execu-028

tion costs create barriers to frequent iteration (Quan029

et al., 2023a, 2021), and methods primarily capture030

explicit, surface-level needs rather than underlying031

motivations (Price and Straker, 2017), providing032

only macro-level positioning guidance that fails to033

inform granular design decisions. As illustrated034

in Figure 1 (left), this creates a fundamental dis-035

connect between the dynamic, iterative nature of036

product design and the static, coarse-grained under-037

standing of market needs.038

The advent of Large Language Models (LLMs)039

has revolutionized computational social science,040

offering potential solutions to these challenges. As041

demonstrated by (Park et al., 2023) and (Horton, 042

2023), LLMs possess the latent capability to act 043

as simulated economic agents, offering a scalable 044

“in-silico” alternative to costly human subject exper- 045

iments. Recent work has explored LLMs for sales 046

dialogue agents (Jin et al., 2024; Chang and Chen, 047

2024; Cheng et al., 2025; Amarak et al., 2024) and 048

market research augmentation (Wang et al., 2025a; 049

Sarstedt et al., 2024), demonstrating their potential 050

for understanding consumer behavior. However, 051

bridging the gap between generative simulation and 052

rigorous economic modeling requires adherence to 053

foundational principles. According to Lancaster’s 054

characteristics theory (Lancaster, 1966) and Mc- 055

Fadden’s random utility models (McFadden, 1974), 056

consumer choice is driven by the specific value 057

assigned to orthogonal product attributes. There- 058

fore, for a simulation to be valid, it must accurately 059

model these structured preferences. 060

Currently, a critical gap exists in achieving this 061

statistical rigor. While (Argyle et al., 2023) sug- 062

gest LLMs can emulate diverse samples, standard 063

implementations often suffer from mode collapse, 064

regressing toward a generic “average” persona that 065

fails to capture the distinct preference structures 066

required by economic theory (Wang et al., 2025b). 067

Compounding this is the challenge of validation: 068

without accessible real-time ground truth data for 069

hypothetical products, it is difficult to distinguish 070

genuine economic reasoning from stochastic gen- 071

eration noise. This validation bottleneck prevents 072

simulated feedback from serving as a reliable sig- 073

nal for decision-making. 074

To address these limitations, we introduce 075

PRISM (Partitioned Role-play in Intelligent Sim- 076

ulated Markets). As shown in Figure 1 (right), 077

PRISM aligns with microeconomic theory by math- 078

ematically decomposing consumer profiles into or- 079

thogonal vectors, ensuring agents maintain distinct, 080

non-overlapping preference structures. Further- 081

more, we establish a diagnostic protocol that eval- 082
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Figure 1: Paradigm Shift in Market Simulation. Left: Traditional market research relies on manual surveys that
are costly and often result in an “average user fallacy.” Right: Our proposed PRISM framework leverages LLMs to
structure market heterogeneity.

uates internal consistency—such as dimensional083

independence—providing a proxy for fidelity even084

in the absence of external ground truth.085

The main contributions of this work are summa-086

rized as follows:087

• PRISM Framework: We propose a novel088

framework that structures market heterogene-089

ity by decomposing consumer profiles into090

orthogonal vectors, bridging the gap between091

unstructured LLM outputs and rigorous eco-092

nomic modeling.093

• Diagnostic Evaluation: We establish094

a theory-grounded proxy evaluation095

protocol to assess agent internal consis-096

tency—specifically dimensional indepen-097

dence and pricing rationality—enabling098

validation without expensive ground-truth099

data.100

• Application and Benchmark: We demon-101

strate the utility of simulated feedback in a102

closed-loop product optimization task and re-103

lease a comprehensive benchmark rooted in104

real-world e-commerce data to facilitate fu-105

ture research.106

2 Related Work107

2.1 Traditional Product Design Methodologies108

Product design methodologies have evolved from109

technology-driven to user-centric approaches, with110

market research playing an increasingly central role111

(Li et al., 2014; Bangle et al., 2022). Quality Func-112

tion Deployment (QFD) (Li et al., 2014), design113

thinking (Rodríguez-Salvador et al., 2016), and in- 114

tegrated customer-driven methodologies (Naik and 115

Srinivasan, 2024; Choi et al., 2019) all emphasize 116

early integration of customer insights. However, 117

two persistent challenges remain unresolved: the 118

high execution costs of traditional market research 119

(Xu et al., 2020; Chadha et al., 2018) and the dif- 120

ficulty in capturing latent needs beyond explicit, 121

surface-level requirements (Wang et al., 2022; Price 122

and Straker, 2017). While big data and AI-driven 123

methods have attempted to address these limita- 124

tions (Quan et al., 2023b; Feng et al., 2020), they 125

primarily enhance data collection efficiency rather 126

than fundamentally solving the disconnect between 127

static market understanding and dynamic design 128

iteration. 129

2.2 Market Simulation and Prediction 130

Methods 131

Machine learning approaches have explored mar- 132

ket prediction through historical data analysis (Gad- 133

dam et al., 2024; Wei et al., 2024; Zhao et al., 2025), 134

but these methods suffer from limited interpretabil- 135

ity and discrete action spaces, constraining their ap- 136

plication to recommendation and advertising rather 137

than complex product design decisions (Tissera 138

et al., 2024). Recent work has demonstrated LLMs’ 139

potential for market research augmentation (Wang 140

et al., 2025a; Sarstedt et al., 2024) and sales di- 141

alogue agents (Jin et al., 2024; Chang and Chen, 142

2024; Cheng et al., 2025; Amarak et al., 2024), 143

yet research on using LLMs to simulate market 144

feedback for upstream product design optimization 145

remains largely unexplored. 146
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2.3 Theoretical Foundations for Market147

Simulation148

Role-Playing Capabilities. Extensive research149

has demonstrated LLMs’ ability to simulate diverse150

human groups, including dialogue, actions, and151

emotional states (Park et al., 2023; Argyle et al.,152

2023; Wang et al., 2025b; Marincioni et al., 2024;153

Shea et al., 2024). This capability reflects LLMs’154

deep understanding of human behavior acquired155

through large-scale text pretraining, revealing their156

potential for analyzing consumer psychology and157

predicting market responses.158

Market Structure and Quantitative Analysis.159

Established theories provide the foundation for160

structured market decomposition and quantitative161

analysis. Reference price theory (Monroe, 1973)162

explains how consumers form internal price stan-163

dards for purchase decisions, serving as the basis164

for modeling individual consumer group decision-165

making. Lancaster’s characteristics theory (Lan-166

caster, 1966) and hedonic price indexes (Court,167

1939; Kotler, 2012) establish that consumer value168

perception is driven by orthogonal product at-169

tributes, enabling the structured decomposition of170

markets into finite consumer groups based on di-171

mensional value preferences. McFadden’s random172

utility models (McFadden, 1974) further provide173

the mathematical framework for quantitative anal-174

ysis of consumer feedback in simulated markets.175

These theoretical foundations enable the decompo-176

sition of markets into structured consumer groups177

and the quantitative analysis of simulated market178

feedback, bridging the gap between unstructured179

LLM outputs and rigorous economic modeling.180

3 The PRISM Framework181

We propose PRISM (Partitioned Role-play in182

Intelligent Simulated Markets), a closed-loop183

framework designed to decompose market hetero-184

geneity into structured orthogonal vectors for tar-185

geted simulation and optimization. As illustrated186

in Figure 2, the framework consists of four main187

stages: initial product and market structuring, intel-188

ligent simulated market with consumer role-play,189

feedback analysis and evaluation, and product opti-190

mization through an iterative loop.191

3.1 Problem Formulation192

We consider the design of a product defined by a set193

of distinct attributes, indexed by j ∈ {1, . . . , N}.194

These attributes represent the concrete specifica- 195

tions of the product (e.g., screen size, battery ca- 196

pacity, device weight). 197

However, consumer purchase decisions are typ- 198

ically driven by underlying dimensions of value 199

rather than raw specifications alone. For instance, 200

attributes like ‘weight’ and ‘thickness’ collectively 201

contribute to the abstract dimension of ‘Portabil- 202

ity’. Therefore, we map the N attributes to a 203

smaller set of M latent dimensions, indexed by 204

m ∈ {1, . . . ,M}. These dimensions represent the 205

independent axes of user perception. Since dimen- 206

sions serve as abstract generalizations of attributes, 207

we naturally assume M ≤ N . 208

We formally define a mapping function d : 209

{1, . . . , N} → {1, . . . ,M}, where d(j) = m in- 210

dicates that the j-th attribute logically maps to the 211

m-th dimension. 212

The market is composed of K distinct consumer 213

groups, indexed by i ∈ {1, . . . ,K}. Each group 214

represents a unique combination of value prefer- 215

ences across the M dimensions. Our goal is to 216

simulate the market response and find the optimal 217

selling price p∗ that maximizes the total profit π(p): 218

π(p) = (p− c) ·
K∑
i=1

(Ni · I{RPi ≥ p}) (1) 219

where c denotes the production cost, Ni is the popu- 220

lation size of group i, I{·} is the indicator function, 221

and RPi is the group’s psychological reference 222

price. 223

3.2 Decomposing the Crowd: Structural 224

Market Modeling 225

Based on the formulation above, we perform a 226

structural decomposition of the market using the 227

M dimensions. Drawing on Conjoint Measure- 228

ment theory, we discretize consumer preference on 229

each dimension m into three distinct value stances: 230

negative (-1), neutral (0), and positive (1). 231

Consequently, each consumer group i is 232

uniquely identified by an orthogonal profile vector 233

x⃗i = (xi,1, . . . , xi,M ) ∈ {−1, 0, 1}M . The popula- 234

tion size Ni is mathematically reconstructed from 235

the statistical distribution of these dimensions: 236

Ni = N(x⃗i) = Ntotal ·
M∏

m=1

ϕm(xi,m) (2) 237

where Ntotal is the total market size, and ϕm(v) 238

represents the proportion of the population holding 239

value stance v ∈ {−1, 0, 1} on dimension m. 240
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Figure 2: The PRISM framework: A closed-loop system for product design optimization through partitioned
role-play in intelligent simulated markets. The framework consists of four main stages and the iterative optimization
loop enables continuous improvement.

3.3 Targeted Role-Play and Simulation241

With the market decomposed into structured vec-242

tors, we employ a Large Language Model (LLM),243

denoted as L, to simulate consumer behavior244

through targeted role-play. To isolate the impact245

of preferences from varying financial capabilities,246

we normalize the consumption budget B for all247

groups.248

The LLM is prompted with the specific profile249

vector x⃗i and budget B to predict the reference250

price:251

RPi = RP (x⃗i) ∼ pL(· | Prompt(x⃗i, B)) (3)252

The construction of prompts is detailed in Ap-253

pendix B.254

3.4 Theory-Grounded Diagnostic Evaluation255

Ideally, the fidelity of a simulated market should be256

assessed by aligning it with large-scale empirical257

survey data (the gold standard). However, this ap-258

proach is often hindered by prohibitively high data259

acquisition costs and privacy barriers. To address260

this, we propose a structure-based proxy evaluation261

framework to assess the quality of the simulated262

market indirectly but effectively.263

Specifically, we decompose simulation fidelity264

into three critical capabilities of the LLM agent,265

forming the pillars of our evaluation:266

Dimensional Orthogonality and Completeness:267

Whether the LLM can identify M consumer seg-268

mentation dimensions that are statistically indepen-269

dent (orthogonal) and collectively exhaustive, en-270

suring no significant market heterogeneity is over-271

looked.272

Semantic Fidelity of Attribute Mapping: 273

Whether the definition of the three-level prefer- 274

ence features (negative, neutral, positive) on each 275

dimension accurately maps to the latent psycholog- 276

ical values of real consumers. 277

Rationality of Price Estimation: Whether the 278

predicted reference price (RP ) for a specific con- 279

sumer group exhibits economic rationality and dis- 280

tributional alignment with ground-truth consumer 281

behaviors. 282

To quantify these capabilities, we introduce a 283

theoretical reference price model, RPthe(x⃗). 284

The Theoretical Model. Based on the linear ad- 285

ditive assumption of Hedonic Pricing, we define 286

the theoretical reference price for a group defined 287

by vector x⃗ as: 288

RPthe(x⃗) = β0 +
M∑

m=1

[
I(xm = 1)β+

m

− I(xm = −1)β−
m

] (4) 289

Here, β0 is the base reference price. We introduce 290

asymmetric coefficients for the m-th dimension: 291

β+
m represents the premium for positive perception, 292

and β−
m represents the penalty for negative percep- 293

tion. 294

Two-Stage Calibration. We estimate the param- 295

eter set Θ = {β0, {β+
m, β−

m}Mm=1} via a two-stage 296

process: 297

1. Initial Fitting: We first obtain the initial pa- 298

rameters Θ(0) by solving a constrained least 299

4



squares optimization problem to fit the model300

to the simulated data {(x⃗i, RPi)}Ki=1:301

min
Θ(0)

K∑
i=1

(
RP

(0)
the (x⃗i)−RPi

)2
(5)302

2. Intercept Calibration: We then calibrate the303

intercept β0 such that the theoretical optimal304

price p∗ aligns with the actual market price305

pactual (see Algorithm 1 in Appendix A).306

Diagnostic Metrics. Based on the calibrated pa-307

rameters, we define four metrics to assess the three308

capabilities defined above.309

1. Goodness-of-Fit (GF). Measures dimen-310

sional independence (1st Pillar) via the R2 score:311

GF = 1−
∑K

i=1(RPi −RP
(0)
the (x⃗i))

2∑K
i=1(RPi − R̄P )2

(6)312

2. Dimension Value (DV). Reflects the eco-313

nomic significance of dimensions (3rd Pillar):314

DV =
1

2M

M∑
m=1

|β+
m|+ |β−

m|
pactual

(7)315

3. Definition Correctness (DC). Measures se-316

mantic fidelity (2nd Pillar) by checking coefficient317

consistency:318

DC =
1

2M

M∑
m=1

[
I(β+

m > 0) + I(β−
m > 0)

]
(8)319

4. Overall Bias (OB). Quantifies the rationality320

of base price estimation (3rd Pillar):321

OB =
|β0 − β

(0)
0 |

pactual
(9)322

While these proxy metrics do not directly mea-323

sure the end-to-end gap between simulated and324

real markets, they offer a distinct advantage: inter-325

pretability. By rigorously evaluating the LLM’s326

performance across the three pillars, this frame-327

work provides a granular diagnostic view of the328

simulation’s reliability and robustness, effectively329

validating the constructed market structure.330

3.5 Closed-Loop Product Optimization331

The final phase optimizes product design based on332

simulation feedback. The raw feedback consists of333

suggestions for the N attributes. Let Sugi,j denote334

a suggestion from group i regarding attribute j.335

Feedback Filtering. We aggregate suggestions 336

into optimization directions. An optimization di- 337

rection Oj,v collects suggestions for a specific at- 338

tribute j from groups holding value stance v on the 339

corresponding dimension d(j): 340

Oj,v = {Sugi,j | i ∈ {1, . . . ,K}, xi,d(j) = v }
(10) 341

We retain the top-S suggestions for each direction. 342

Importance Ranking. To prioritize these direc- 343

tions, we assess the potential profit lift using a 344

greedy strategy. We define the importance score Ii 345

for a suggestion from group i based on two factors. 346

First, the Impact Probability: 347

Pi =
p∗2

(|RPi − p∗|+ ϵ)2
(11) 348

Second, the Magnitude, defined by the group’s total 349

population proportion across all M dimensions: 350

Mi =
Ni

Ntotal
=

M∏
m=1

ϕm(xi,m) (12) 351

Consequently, the importance of a specific opti- 352

mization direction Oj,v is the cumulative impor- 353

tance of all groups constituting that direction: 354

Ij,v =
∑

i:xi,d(j)=v

(Pi · Mi)

= p∗2
∑

i:xi,d(j)=v

∏M
m=1 ϕm(xi,m)

(|RPi − p∗|+ ϵ)2

(13) 355

We first rank optimization directions based on Ij,v, 356

and then rank individual suggestions within each 357

direction based on Ii. 358

4 Experiments 359

This section empirically evaluates the PRISM 360

framework. We first validate the structural fidelity 361

of the simulated markets using the diagnostic met- 362

rics defined in Section 3.4. Subsequently, we assess 363

the practical efficacy of the closed-loop optimiza- 364

tion by comparing profit outcomes against a zero- 365

shot baseline. Finally, ablation studies verify the 366

contribution of individual framework components. 367

4.1 Experimental Setup 368

Datasets and Configuration. Experiments are 369

conducted on a real-world e-commerce dataset 370

sourced from Flipkart (2015-2016). We filter the 371
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dataset to retain 140 consumer-facing (2C) prod-372

ucts characterized by rich attribute descriptions. To373

anchor the simulation in economic reality, the con-374

sumption budget B is aligned with semi-annual375

average expenditure data derived from the 2025376

Household Income and Expenditure Survey (Na-377

tional Bureau of Statistics), categorizing products378

into eight major sectors.379

Implementation Details. We employ DeepSeek-380

R1-0528 as the core agent for market decomposi-381

tion and simulation, utilizing DeepSeek-V3.1 for382

auxiliary classification tasks. Regarding the opti-383

mization hyperparameters defined in Section 3.5,384

we set the suggestion retention limit S = 5 and385

the smoothing constant ϵ = 0.01 · p∗. The profit386

maximization objective incorporates two simplify-387

ing assumptions to facilitate large-scale automated388

evaluation: (1) production cost c is normalized to389

zero, equating profit maximization with revenue390

maximization; and (2) optimization suggestions391

are constrained to maintain technical feasibility392

without degrading material quality.393

Baselines. We benchmark PRISM against a Zero-394

Shot baseline. In this setting, the LLM optimizes395

product designs directly based on raw descriptions396

and general market knowledge, without access to397

the structured, granular feedback provided by the398

PRISM simulation.399

4.2 Diagnostic Evaluation of Market400

Simulation401

We first assess whether the LLM-generated markets402

possess sufficient structural integrity to serve as a403

proxy for optimization. Table 1 summarizes the404

diagnostic metrics across the test set.405

Table 1: Diagnostic metrics for simulated markets (Avg.
over 140 products). The high Definition Correctness
(DC) relative to Goodness-of-Fit (GF) indicates that
the simulation captures the directionality of preferences
more accurately than precise numerical price points.

Metric Average Value

Goodness-of-Fit (GF) (R2) 0.4156
Dimension Value (DV) 0.2222
Definition Correctness (DC) 0.7851
Overall Bias (OB) 0.8976

Analysis of Fidelity. As indicated in Table 1, the406

simulation achieves a Definition Correctness (DC)407

of 0.7851, significantly exceeding random chance.408

Figure 3: Distribution of diagnostic metrics (GF, DV,
DC, OB) across all 140 products. Top-left: Goodness-
of-Fit (GF) shows a multi-modal pattern with peaks
around 0.2–0.25 and 0.45–0.5. Top-right: Dimension
Value (DV) is heavily right-skewed, with most prod-
ucts concentrated in the 0.05–0.20 range. Bottom-left:
Definition Correctness (DC) exhibits a strong peak at
1.0, with approximately 28 products achieving perfect
definition correctness. Bottom-right: Overall Bias (OB)
shows most products with low bias values (0–0.5).

Deeper analysis reveals that β+ coefficients are 409

positive in 81.09% of cases (489/603), while β− co- 410

efficients are positive in 75.21% of cases (270/359). 411

Overall, the combined positive rate for both β+ and 412

β− is 78.90% (759/962), indicating strong seman- 413

tic fidelity in capturing value directionality. This 414

discrepancy between high semantic fidelity (DC) 415

and moderate numerical fit (GF ≈ 0.42) suggests 416

that while the agent may struggle with precise pric- 417

ing variance, it successfully captures the fundamen- 418

tal structure of consumer preferences. 419

Furthermore, role-play consistency varies by 420

value stance: positive value groups (β+) exhibit 421

higher robustness (81.09% positive rate) compared 422

to negative value groups (β−, 75.21% positive rate), 423

indicating that the agent demonstrates greater sta- 424

bility when modeling positive value impacts than 425

negative ones. 426

Figure 3 illustrates the distribution of diagnostic 427

metrics across all 140 products. The GF distribu- 428

tion (top-left) shows a multi-modal pattern with 429

peaks around 0.2–0.25 and 0.45–0.5, indicating 430

varying levels of dimensional independence across 431

products. The DV distribution (top-right) is heavily 432

right-skewed, with most products concentrated in 433

the 0.05–0.20 range, suggesting that while dimen- 434

sions contribute to value perception, their economic 435

significance varies substantially. The DC distri- 436

bution (bottom-left) exhibits a strong peak at 1.0, 437
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with approximately 28 products achieving perfect438

definition correctness, while the OB distribution439

(bottom-right) shows most products with low bias440

values (0–0.5), indicating generally rational base441

price estimation.442

4.3 Closed-Loop Optimization Performance443

The ultimate validation of PRISM lies in its abil-444

ity to guide product improvement. We compare445

the market performance of products optimized via446

the PRISM feedback loop against the Zero-Shot447

baseline.448

Table 2: Comparative performance of closed-loop prod-
uct optimization. PRISM demonstrates superior profit
lift and success rates, validating the utility of structured,
heterogeneous feedback over generic optimization.

Metric PRISM Zero-Shot

Improved Products Ratio (%) 66.43 52.14
Avg. Relative Improvement (%) 21.79 20.11

Figure 4: Optimization effect comparison: Experimen-
tal vs Baseline. The chart compares both the improved
products ratio and average relative improvement be-
tween PRISM and Zero-Shot baseline.

Optimization Effectiveness. As shown in Ta-449

ble 2 and Figure 4, PRISM significantly outper-450

forms the baseline, improving 66.43% of the prod-451

ucts (93/140) compared to 52.14% (73/140) for the452

Zero-Shot baseline, representing a 14.29 percent-453

age point improvement. The average relative im-454

provement is 21.79% for PRISM versus 20.11% for455

the baseline, a difference of 1.68 percentage points.456

This underscores that aggregating feedback from457

diverse, structured personas yields more actionable458

and high-value signals than generic, unstructured459

optimization.460

Complexity Analysis. We observe an inverted-U461

relationship between the number of adopted sugges-462

tions and performance gain: adopting 1–4 sugges- 463

tions yields stable gains, whereas exceeding 5 leads 464

to a performance drop (-4.37%) due to emerging 465

feature conflicts. Additionally, products decom- 466

posed into 10–100 consumer groups exhibit the 467

highest optimization potential, suggesting a "sweet 468

spot" for market granularity where heterogeneity is 469

captured without diluting the optimization signal. 470

4.4 Ablation Studies 471

To validate the design rationale of PRISM, we in- 472

vestigate the relationship between different num- 473

bers of dimensions and group counts with product 474

optimization performance. 475

Figure 5 presents the relationship between the 476

number of dimensions, group counts, and optimiza- 477

tion performance. A key observation is that group 478

count has minimal impact on the baseline perfor- 479

mance across all dimension configurations. How- 480

ever, for the experimental group (PRISM), products 481

with a larger number of dimensions (5) exhibit im- 482

proved and more stable performance compared to 483

those with fewer dimensions (3 or 4). Specifically, 484

dimension 5 products consistently show higher 485

positive improvement ratios across different group 486

count ranges, with values ranging from 66.7% to 487

80.0%, while maintaining relatively stable perfor- 488

mance. This suggests that a richer dimensional 489

decomposition enables more effective optimization 490

by capturing finer-grained market heterogeneity. 491

5 Discussion 492

The experimental results validate PRISM not 493

merely as a simulation tool, but as a robust frame- 494

work capable of imposing statistical rigor on un- 495

structured LLM outputs. In this section, we in- 496

terpret how the core components of our proposed 497

framework contribute to the observed performance, 498

linking back to the theoretical foundations estab- 499

lished in our contributions. 500

5.1 Validity of the Theory-Grounded Proxy 501

A pivotal finding from our diagnostic evaluation 502

is the alignment between the agents’ behavior and 503

standard economic theory, specifically regarding 504

dimensional independence and pricing rationality. 505

This suggests that while absolute numerical pre- 506

cision remains a challenge for LLMs, the frame- 507

work successfully captures the directionality of con- 508

sumer preferences. For closed-loop optimization, 509

this structural validity is the governing factor. By 510
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Figure 5: Positive improvement ratio by group count, grouped by dimensions. The chart displays the positive
improvement ratio for products with 3, 4, and 5 dimensions across different group count ranges. Dimension 3
products are on the left, dimension 4 in the middle, and dimension 5 on the right. Each dimension is divided into 4
group count bins on a logarithmic scale.

verifying that agents exhibit internal consistency,511

we establish that the simulation can generate valid512

optimization gradients—distinguishing value cre-513

ators from value detractors—even in the absence514

of large-scale ground truth data.515

5.2 Efficacy of Orthogonal Decomposition516

The significant performance gap between PRISM517

and the generic Zero-Shot baseline (14.29 percent-518

age points in improved products ratio) vindicates519

our strategy of structuring market heterogeneity.520

By mathematically decomposing consumer profiles521

into orthogonal vectors, PRISM mitigates the mode522

collapse often observed in unstructured simulations,523

where agents default to an "average user" persona.524

This structural decomposition forces the system to525

acknowledge distinct, non-overlapping preferences.526

The ablation study (Figure 5) further validates this527

approach: products with richer dimensional decom-528

position (5 dimensions) exhibit more stable and529

improved optimization performance, while group530

count variations have minimal impact on baseline531

performance. This confirms that profit gains are532

achieved not by uniformly raising prices, but by533

sharpening the product’s fit for specific high-value534

segments through structured market decomposition,535

essentially automating the logic of strategic market536

segmentation.537

5.3 Future Work538

To further enhance this framework, we envision539

three key expansions. First, integrating cost estima-540

tion models will allow the iterative simulation to541

optimize for net profit rather than revenue, provid-542

ing a more holistic economic view. Second, intro-543

ducing competitive agents will enable the simula-544

tion of dynamic market responses, such as pricing 545

wars. Finally, enabling continuous learning from 546

real-time feedback will allow the agent to refine 547

its profiling accuracy over time, effectively closing 548

the loop between simulation and reality. 549

6 Conclusion 550

In this paper, we introduced PRISM (Partitioned 551

Role-play in Intelligent Simulated Markets), a 552

framework designed to bridge the gap between un- 553

structured LLM capabilities and rigorous economic 554

modeling. 555

Our contributions are summarized as follows. 556

First, we proposed a method to structure market 557

heterogeneity by decomposing consumer profiles 558

into orthogonal vectors, thereby introducing sta- 559

tistical stability into agent simulations. Second, 560

we established a theory-grounded diagnostic eval- 561

uation framework. This approach allows for the 562

rigorous assessment of an agent’s internal consis- 563

tency—specifically dimensional independence and 564

pricing rationality—serving as a reliable proxy for 565

fidelity without relying on expensive ground truth 566

data. Third, we demonstrated the utility of this sys- 567

tem in a validated closed-loop application, showing 568

that simulated feedback provides sufficient struc- 569

tural validity to drive significant iterative product 570

optimization. 571

PRISM represents a foundational step towards 572

automated, data-driven market research. By provid- 573

ing a scalable environment for hypothesis testing 574

and releasing a comprehensive benchmark rooted 575

in real-world data, we aim to facilitate future re- 576

search in economically aligned agent simulations. 577
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Limitations578

While PRISM establishes a novel paradigm for579

automated market simulation, our experimental580

design entails strategic trade-offs. First, to over-581

come the barriers of acquiring real-time transac-582

tion data, we relied on theory-grounded proxy met-583

rics for validation; thus, while internally consis-584

tent, the optimized designs should be interpreted585

as high-confidence hypotheses pending empirical586

A/B testing. Second, we adopted simplified eco-587

nomic assumptions, such as static category-level588

budgets, to facilitate large-scale automated evalua-589

tion. These simplifications allow us to isolate the590

impact of consumer value perception—our primary591

focus—though future iterations would benefit from592

incorporating complex cost-revenue dynamics. Fi-593

nally, our findings reflect the capabilities of current594

LLM architectures; as model reasoning evolves, the595

framework’s parameters may require recalibration596

to maintain its high structural fidelity.597
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A Intercept Calibration Algorithm and Proof 754

This appendix details the calibration process for the intercept β0 of the theoretical model, as discussed in 755

Section 3.4. The objective is to align the model’s optimal market price with the observed real-world price 756

pactual. 757

A.1 Calibration Objective 758

We treat the theoretical reference price RPthe (defined in Eq. 4) and the total profit function π(p) (defined 759

in Eq. 1) as functions of the base intercept β0. The optimal price under a specific intercept is given by: 760

p∗(β0) = argmax
p≥0

π(p;β0) (14) 761

The Intercept Calibration Problem is to find a value β∗
0 such that p∗(β∗

0) = pactual. 762

A.2 Calibration Algorithm 763

Since p∗(β0) is an implicit, step-wise function, we employ Algorithm 1. This method exploits the property 764

that in a discrete demand model, the optimal price must align with the reference price of a specific 765

consumer group. 766

Algorithm 1 Iterative Calibration for Intercept β0

Require: Initial intercept β(0)
0 , observed price pactual, dimension coefficients {β+

m, β−
m}Mm=1, group pro-

files {x⃗i}Ki=1, group sizes {Ni}Ki=1.
Ensure: Calibrated intercept β0.

1: β0 ← β
(0)
0

2: repeat
3: {Update RPs based on Eq. 4}
4: RPi ← RPthe(x⃗i;β0) for all i ∈ {1, . . . ,K}.
5: {Solve for optimal price based on Eq. 1}
6: Enumerate candidate prices p ∈ {RPi}Ki=1.
7: p∗ ← argmaxp π(p).
8: {Identify purchasing set (groups willing to buy)}
9: B ← {i ∈ {1, . . . ,K} | RPi ≥ p∗}.

10: Calculate total quantity Q←
∑

i∈B Ni.
11: Adjustment ∆← pactual − p∗.
12: {Update Intercept}
13: β0 ← β0 +∆.
14: until p∗ = pactual
15: return β0

A.3 Proof of Convergence 767

Proposition 1. The iterative process in Algorithm 1 monotonically adjusts β0 and converges to a solution 768

satisfying p∗ = pactual in finite steps. 769

Proof. Notation. Let subscripts (t) denote the state at iteration t. Let RP
(t)
i be the reference price 770

for group i. Let p(t) be the optimal price. We define the purchasing set at iteration t as B(t) = {i | 771

RP
(t)
i ≥ p(t)}, representing the indices of all consumer groups willing to purchase at price p(t). Let 772

Q(t) =
∑

i∈B(t) Ni be the total quantity demanded. The update rule is β
(t+1)
0 = β

(t)
0 + ∆(t), where 773

∆(t) = pactual − p(t). This implies a uniform shift: RP
(t+1)
i = RP

(t)
i +∆(t). 774

Monotonicity. We assume ∆(t) > 0 without loss of generality. Let p(t) = RP
(t)
a for some group a. 775

Let the new optimal price be p(t+1) = RP
(t+1)
b = RP

(t)
b +∆(t) for some group b. 776
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From the optimality of p(t) at step t:777

(RP (t)
a − c) ·Q(t) ≥ (RP

(t)
b − c) ·Qb (15)778

where Qb is the quantity demanded at price RP
(t)
b .779

From the optimality of p(t+1) at step t+ 1:780

(RP
(t+1)
b − c) ·Qb ≥ (RP (t+1)

a − c) ·Q(t) (16)781

Substituting RP (t+1) = RP (t) +∆(t) into Eq. (16) and subtracting Eq. (15) yields:782

∆(t) ·Qb ≥ ∆(t) ·Q(t) (17)783

Since ∆(t) > 0, we have Qb ≥ Q(t). In standard demand theory, a non-decreasing quantity implies a784

non-increasing price point, thus RP
(t)
b ≤ RP

(t)
a = p(t). Examining the new adjustment:785

∆(t+1) = pactual − p(t+1) = p(t) −RP
(t)
b ≥ 0 (18)786

The sign of ∆ preserves monotonicity.787

Convergence. Since {β(t)
0 } is monotonic and p(t) is selected from a finite discrete set, the algorithm788

must reach the target in finite steps.789

B Prompt Templates790

Note: In the actual experiments, all prompts, product documents, and product category classifications791

were in Chinese. The following are English translations for reference.792

B.1 Phase 1: Market Segmentation793

This phase decomposes the market into orthogonal dimensions and defines consumer groups.794

Table 3: Prompt template used in Phase 1 (Market Segmentation).

Phase 1: Market Segmentation
System: You are a market analysis expert specializing in product market segmentation analysis based on Hedonic Price
Index theory. You need to deeply understand the product’s value attributes and segment user groups accordingly.
User:
<task>

Based on Hedonic Price Index theory, perform market segmentation analysis for this product.
</task>

<analysis_steps>

1. Extract N independent orthogonal neutral objective attributes from the product document. Attributes should be neutral
objective properties without value judgments, and most attributes should have two-sided nature. Also consider attributes
inherent to the product category itself.
2. Define all potential user groups who have demand for this product based on the product’s value proposition.
3. Find M user dimensions corresponding to one or more attributes, where M ≤ N. Prioritize attributes that most
significantly affect user value judgments. Ensure all user dimensions are strictly orthogonal and independent. All attributes
must be assigned to a user dimension.
4. For each user dimension, provide three-part division criteria based on the value perception direction of positive
attributes.
</analysis_steps>

<principles>

<value_attribute_principles>

According to Hedonic Price Index theory, a user’s value perception of a product is the sum of their value perceptions of
each feature attribute, meaning product value can be decomposed into attribute values. Based on this theory, multiple
attributes can be defined for each product, with the following constraints:

Continued on next page
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Table 3 – continued from previous page
Phase 1: Market Segmentation

1. Attribute definitions must extract neutral objective properties from product documents (including hard design, core
features, value proposition, etc., which may contain promotional descriptions), without value judgments, ensuring most
attributes have two-sided nature (positive for some users, negative for others).
2. Attribute descriptions should only objectively describe the factual manifestation of the attribute on the product, without
discussing usage experience or purpose, and without value evaluation.
3. Do not only focus on properties introduced in product documents; also consider attributes inherent to the product
category itself (e.g., height-increasing attribute of high heels, cushioning attribute of sports shoes).
4. User perceptions of different attributes should be as independent as possible, i.e., there should be no situation where
users perceiving attribute A as more valuable necessarily perceive attribute B as more or less valuable.
5. Should not miss any attribute that independently affects the overall product value.
6. Should not include attributes that almost do not affect users’ value perception of the product.
</value_attribute_principles>

<user_group_principles>

All users in the market who have demand for the product are called the potential user group (as long as a user might
purchase the product, they should be considered part of the user population). An accurate criterion for determining whether
any user belongs to the potential user group must be provided. The criterion should satisfy the following constraints:
1. Based solely on the written criterion, it should be possible to accurately determine for each user in the overall market
whether they belong to the potential user group.
2. The potential user group criterion should be based on users’ own hard objective conditions. The criterion should not be
too complex, a rough division is sufficient. The population range defined by the criterion may be slightly larger than the
actual potential group with real purchase demand, but must not miss any user who might purchase.
3. You need to think about various groups of people in the world, carefully analyze and deeply consider whether they have
demand for this product.
4. Finally, check that it does not conflict with any group divided by user dimensions.
</user_group_principles>

<user_dimension_principles>

For the overall potential user group with demand for the product, the overall can be divided according to individual
situations of a certain feature or attribute, and the feature or attribute used is called a dimension. If the overall is divided
into k parts on each dimension, then setting M dimensions can divide the overall into kM parts, called user groups.
To comprehensively and efficiently analyze all user groups with different perceptions of a product in the market, user
dimensions should correspond to product attributes, i.e., user differences on each dimension affect and only affect users’
perception of corresponding attributes. Since dimensions must be orthogonal and independent, two attributes with
negatively correlated perceptions must correspond to the same dimension and must be specially marked.
For each dimension, positive attributes and negative attributes need to be distinguished:
- Positive attributes: Negative value groups perceive reduced product value due to this attribute, positive value groups
perceive increased value, neutral value groups have no perception of this attribute.
- Negative attributes: Negative value groups perceive positive value from this attribute, positive value groups perceive
negative value, neutral value groups have no perception of this attribute (i.e., opposite to positive attributes’ value
perception direction).
Based on N attributes, corresponding M user dimensions should be found, satisfying the following constraints:
1. M ≤ N , i.e., the number of user dimensions does not exceed the number of attributes.
2. Each user dimension must have at least one positive attribute corresponding to it; negative attributes can be empty (i.e.,
there can be no negative attributes). Each attribute must correspond to exactly one user dimension.
3. Each user dimension affects and only affects its corresponding attributes (including positive and negative attributes),
with almost no effect on other attributes.
4. User dimensions are strictly independent and orthogonal, i.e., there should be no situation where when a user has value
a on dimension A, the probability of having value b on dimension B greatly increases or decreases.
5. The naming of each user dimension should be from the user’s perspective, not from the product’s perspective.
</user_dimension_principles>

<dimension_division_principles>

On each user dimension, divide the overall potential user group into three parts, corresponding to perceptions of the current
product’s performance on the dimension’s corresponding positive attributes as:
- Negative value: Users resist the product’s performance on this attribute; the product’s performance on this attribute
significantly reduces users’ purchase intention and psychological price.
- Neutral value: Users do not need this attribute; the product’s performance on this attribute has almost no effect on users’
purchase intention and psychological price.

Continued on next page
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Table 3 – continued from previous page
Phase 1: Market Segmentation

- Positive value: Users identify with this attribute; the product’s performance on this attribute significantly increases users’
purchase intention and psychological price.
Note: For the dimension’s negative attributes, the value perception direction is opposite to positive attributes, i.e.:
- Negative value groups perceive positive value from negative attributes.
- Neutral value groups still perceive neutral value from negative attributes.
- Positive value groups perceive negative value from negative attributes.
Provide division criteria for the three parts. These three division criteria should satisfy the following constraints:
1. Based solely on the written criterion for a single part, it should be possible to accurately determine for each user in the
overall whether they belong to this part.
2. After classifying each part according to the first constraint, the union of the three parts should equal the overall
without omission, and the three parts should have no intersection.
3. Groups divided by each part must not conflict with the potential user group’s overall criterion.
4. You need to put yourself in the shoes of real users, think about what value and burden this product can bring to such
users, and because of the product’s performance on each attribute related to the current dimension, what kind of users
would like this product more, and what kind of users would dislike it more.
5. You need to ensure that all users in each part will 100% form value perceptions consistent with the part’s expectations,
i.e., if actual research is conducted on users in the three parts, all users’ changes in purchase intention (decrease, unchanged,
increase) due to the product’s performance on all related attributes should match expectations. This means the criterion
must strictly determine the part’s user value perception, with no exceptions, not just that there might be people with
expected perceptions.
6. Pay special attention that negative value groups must significantly reduce purchase intention and psychological
price due to the product’s performance on all positive-related attributes, and the reduction should be significantly greater
than neutral value groups. If such a population does not exist, honestly set it as an empty set.
7. Each criterion can only write objective factors about users themselves such as lifestyle, personality traits, physical state,
etc. Do not directly state how users view the product’s performance on related attributes, but the objective factors you
write must be detailed and comprehensive enough that these objective factors necessarily lead to value perceptions of the
product’s performance on all related attributes consistent with expectations.
8. When almost no group in the overall potential user group holds a certain perception of a set of related attributes, you
can set that part as an empty set, writing the corresponding criterion as an empty string "" without forcing a creation of an
unreasonable criterion with many exceptions, which especially may occur in the negative value part. Each user dimension
can have at most one part as an empty set.
9. In writing each part’s criterion, you must directly describe the people in that part, e.g., "people who meet... conditions"
or "users who satisfy... conditions". It is forbidden to directly indicate in the criterion which category (negative value,
neutral value, positive value) the part belongs to, including directly using these three names, or using words like "neutral"
or "low intention" that describe the part’s classification.
10. For each part’s criterion, you need to provide a rationale, explaining why all users defined by this criterion necessarily
perceive each attribute in the related attribute set as negative value, neutral value, or positive value, i.e., why they resist,
do not need, or identify with an attribute. The rationale must completely cover all positive-related and negative-related
attributes. The rationale should be based on the correctness of consumer division itself, be concise and clear, with obvious
reasonableness, and contain no logical fallacies. The conclusion must be a proof of necessity; if the conclusion can only
reach "may produce... perception", it indicates exceptions in the criterion, requiring narrowing and clarifying the criterion
scope to ensure exclusion of exceptions. If a criterion is an empty set, the corresponding rationale should also be an empty
string.
You need to be alert and avoid the following pitfalls:
1. Do not directly assume that an attribute’s impact on user value perception is positive just because the current product
has made some optimizations on that attribute; start from actual user usage experience. For example, even if a pair of
sandals has been treated for durability and stability, for people who exercise frequently, comfort may still correspond to
negative value.
2. Do not define people without demand for an attribute as negative value groups; negative value must correspond to the
attribute’s existence causing user resistance, unwillingness to purchase, or willingness to purchase only at a lower price.
People without corresponding demand generally correspond to neutral value rather than negative value.
3. Do not consider factors other than usage experience that affect purchase intention; for example, an attribute’s existence
causing the product to be expensive should not be a reason for user resistance. In such cases, if users have no demand for
the attribute, regardless of how much the attribute increases price, such users should be classified as neutral value rather
than negative value.
4. For attributes like convenience and ease of use, do not mistakenly think that people with corresponding professional
skills will resist such attributes. Such attributes generally mean neutral value for professionals rather than negative value.
5. When product documents say "can...", it does not mean this is the only usage method. For example, when clothing
products say "machine washable", it obviously does not mean they cannot be hand-washed; preferring hand-washing
cannot be a reason to resist this attribute.

Continued on next page
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Table 3 – continued from previous page
Phase 1: Market Segmentation

6. If two attributes cannot perfectly determine users’ value perception of them simultaneously using the division on the
same user dimension, i.e., cannot be completely correlated, they should be considered uncorrelated, divided into two
dimensions respectively, or one of them should be abandoned.
</dimension_division_principles>

</principles>

<product_info>

[Product document including hard_design, core_features, value_proposition]

</product_info>

<output_format>

Output must be in JSON format with the following structure: {...}
</output_format

B.2 Phase 2: Proportion Estimation 795

This phase estimates the proportion of each value stance (negative, neutral, positive) within each dimension. 796

Table 4: Prompt template used in Phase 2 (Proportion Estimation).

Phase 2: Proportion Estimation
System: You are a market research expert specializing in estimating population proportions based on user characteristics.
You need to deeply analyze the feature distribution across user dimensions and provide accurate population proportion
estimates.
User:
<task>

Based on the provided potential user group and the three-part division criteria for each user dimension, estimate the
proportions of negative value, neutral value, and positive value groups within each dimension in the overall potential user
group.
</task>

<principles>

<proportion_estimation_principles>

1. Deeply analyze the universality of dimension features. Consider the real feature distribution of various groups in society,
avoiding stereotypes or biases.
2. Carefully analyze the user characteristics described in each dimension’s division criteria, and consider the actual
population size and relative proportions that meet these criteria.
3. Consider correlations between different features. Some features may co-occur more frequently, while others may be
mutually exclusive.
4. Refer to statistical knowledge and life experience, considering that feature distributions often follow long-tail, normal,
or power-law patterns.
5. For each dimension, deeply consider the real proportional relationships among negative value, neutral value, and
positive value groups, considering feature scarcity and universality.
6. Proportion numbers should be based on logical reasoning and reasonable assumptions, not random guesses.
</proportion_estimation_principles>

<constraints>

1. The sum of three proportions for each dimension must equal 1.000.
2. Each proportion should be a pure decimal, rounded to three decimal places.
3. Each proportion represents the proportion of the current part in the current dimension within the overall potential user
group.
4. Proportions should be as close as possible to real-world feature distributions.
</constraints>

</principles>

<user_group>

[Potential user group definition]

</user_group>

<dimensions>

Continued on next page
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Table 4 – continued from previous page
Phase 2: Proportion Estimation

[Dimension information with three-part division criteria]

</dimensions>

<output_format>

Output must be an array format, directly outputting an array of M objects, each containing:
- dimension_name: dimension name;
- proportions: array of three floats representing negative value, neutral value, and positive value proportions.
</output_format

B.3 Phase 3: Consumer Feedback797

This phase simulates consumer role-play to obtain reference prices and optimization suggestions.798

Table 5: Prompt template used in Phase 3 (Consumer Feedback).

Phase 3: Consumer Feedback
System: You are now the specified consumer yourself. You will always use first-person “I” to express yourself, not from
an observer’s perspective or third-person analysis. You have rigorous self-reflection capabilities and can derive credible
profiles, value assessments, psychological prices, and optimization suggestions based on given materials, real situations,
and logical reasoning.
User:
<task>

You need to construct “my” user profile based on consumer_group_definition and complete subsequent analysis. con-
sumer_group_definition contains:
1. potential_user_group: defines the potential user group that “I” must belong to.
2. Each Dimension: the content is “conditions for belonging to this part”, representing the conditions that “I” must satisfy
on this dimension.

You must ensure that “my” profile completely satisfies all conditions in potential_user_group and all Dimensions, then
complete the following steps, all using first-person “I”:
1) Construct a unique and representative [user profile], confirming I satisfy all group criteria.
2) Output a [user profile rationale], itemizing full proof that the current user profile satisfies the definition requirements of
potential_user_group and the specific criteria of each Dimension.
3) For each attribute in product_attributes, analyze what effects this attribute’s performance in the current product will
have in my actual use.
4) Score each attribute (-2 to 2).
5) Provide targeted optimization suggestions for each attribute.
6) Give a [psychological price] (the maximum price at which I am willing to purchase).
</task>

<constraints>

[Understanding and Mapping of consumer_group_definition]

1. consumer_group_definition contains two parts:
a) potential_user_group: defines the overall potential user group that "I" must belong to.
b) Each Dimension: the content of each Dimension is "conditions for belonging to this part", i.e., conditions that "I" must
satisfy.
2. You must parse all conditions in consumer_group_definition item by item, mapping each definition point to specific,
verifiable facts about "me", achieving one-to-one correspondence with no omissions.

[User Profile Evaluation Standards]

1. You should cover key information affecting purchase demand and usage experience: identity background, life
structure and rhythm, common environments and tools, abilities and mental characteristics, social relationships and roles,
information sources and trust preferences, typical scenarios and limitations related to the product, frequency and duration
of related behaviors, disposable resources and key constraints, etc.
2. Each piece of profile information you state must be unique and specific, prohibiting range/selective/probabilistic
expressions (no expressions like "between... and...", "is... or...", "possibly/probably/one of/between.../depending on the
situation", etc.).
3. Profile information should be self-consistent without conflicts, and ensure "I" indisputably satisfy all criteria in
consumer_group_definition, while being reasonable and credible in real life.

Continued on next page
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Table 5 – continued from previous page
Phase 3: Consumer Feedback

[User Profile Rationale Evaluation Standards]

1. In the user profile rationale, you must itemize and fully prove that the current user profile satisfies the following
requirements:
a) Prove that "I" satisfy all conditions defined in potential_user_group.
b) For each Dimension, prove that "I" satisfy the "conditions for belonging to this part" in that Dimension.
2. The rationale must be clear and organized, with obvious reasonableness, which must be based on the user profile itself
actually meeting these conditions.

[Attribute Analysis Evaluation Standards]

1. For each attribute in product_attributes, based on my real usage scenarios, analyze what effects (including positive and
negative effects) the attribute’s performance on the current product will have on me.
2. You must clearly explain through what mechanism each attribute’s effects are produced, in what scenarios they occur,
and how they relate to my profile elements (identity background, life scenarios, ability characteristics, etc.).
3. Based on the effect analysis, give accurate value scores (-2 to 2) for each attribute, where -2 represents strong negative
value (the attribute’s existence severely reduces my psychological price for the current product), -1 represents negative
value (the attribute’s existence slightly reduces my psychological price), 0 represents no effect, 1 represents positive value
(the attribute’s existence slightly increases my psychological price), 2 represents strong positive value (the attribute’s
existence significantly increases my psychological price). Scores must be logically consistent with effect analysis.
4. You should provide targeted optimization suggestions for each attribute, explaining how to improve the attribute to
increase my psychological price. Suggestions should be specific and actionable. Note: Do not suggest reducing product
cost or lowering selling price.
5. If you think an attribute already needs no optimization, you can omit the suggestion, writing it as an empty string "".

[Psychological Price Evaluation Standards]

1. You can only make psychological price judgments based on all attributes’ value scores, budget constraints and other
constraints given in consumption_budget, prohibiting reference to any external selling prices, costs, discounts, competitors,
or market conditions.
2. If the product belongs to household consumption expenditure categories, you must consider the annual budget for such
expenditure and all necessary consumer goods and services included in such expenditure, and conservatively evaluate the
reasonable proportion of the current product in that budget.
3. Psychological price must be expressed as a RMB amount number (without any units or symbols), as a pure floating-point
number with two decimal places. This value should be derivable and explainable from all attributes’ value scores and
constraints, and be verifiable.
4. All your expressions (including list items) must use first-person "I".
</constraints>

<consumption_budget>

[Consumption budget information or indication that product is not in consumption expenditure
category]

</consumption_budget>

<product_info>

<modified_name>[Product name]</modified_name>
<hard_design>[Hard design]</hard_design>
<core_features>[Core features]</core_features>
<value_proposition>[Value proposition]</value_proposition>
</product_info>

<product_attributes>

[List of product attributes with descriptions]

</product_attributes>

[Consumer group definition with potential_user_group and all Dimensions]

<output_format>

Output must be JSON with fields: user_profile, user_profile_rationale, attribute_analysis (array), psychological_price.
</output_format

B.4 Phase 4: Product Optimization 799

This phase optimizes product design based on aggregated market feedback. 800
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Table 6: Prompt template used in Phase 4 (Product Optimization).

Phase 4: Product Optimization
System: You are a product manager responsible for optimizing products based on market feedback results, aiming to
maximize market return (number of purchasers × product selling price).
User:
<task>

You are a product manager responsible for optimizing products based on market feedback results, aiming to maximize
market return.

Please complete the optimization task according to the following steps:
1. Carefully read the complete current product design document.
2. Understand the product’s user dimension divisions and attribute system.
3. Analyze the attribute optimization priority table, understanding the meaning and importance of each optimization
direction.
4. Reference optimization suggestions to think about how to improve product design.
5. Ensure technical feasibility: optimized product design must be producible and non-contradictory.
6. Generate optimized product design document.
7. Generate suggestion analysis for each optimization direction (whether adopted and reasons).
8. Actively argue for the feasibility of current optimization.
</task>

<current_product_document>

<hard_design>[Hard design]</hard_design>
<core_features>[Core features]</core_features>
<value_proposition>[Value proposition]</value_proposition>
</current_product_document>

<user_dimensions>

[User dimension information with division criteria and proportions]

</user_dimensions>

<product_attributes>

[Product attributes with corresponding dimensions]

</product_attributes>

<market_research_explanation>

Based on several product attributes, we identified a series of corresponding user dimensions. On each user dimension,
we divided users into three parts: those who perceive related attributes as resistance (negative value), indifference (no
value), and preference (positive value). We then selected representative consumers from various user dimension value
combinations for research, obtaining their valuations of the current product, satisfaction scores for each attribute, and
optimization suggestions for each attribute.
</market_research_explanation>

[Optimization priority table in XML format]

<optimization_table_explanation>

This table lists optimization directions for each product attribute, sorted by importance in descending order. Each
optimization direction (item) contains the following fields:
1. attr_name_and_direction: Description of the optimization direction, formatted as "Attribute name - Optimization
direction". There are three types of optimization directions:
- "Reduce negative impact on negative value groups": Targeting groups with negative value on the corresponding user
dimension for this attribute.
- "Enhance appeal to neutral value groups": Targeting groups with neutral value on the corresponding user dimension for
this attribute.
- "Increase satisfaction for positive value groups": Targeting groups with positive value on the corresponding user
dimension for this attribute.
2. current_performance: The product’s performance on this attribute before optimization, i.e., the specific description of
this attribute.
3. user_criteria: Definition of the optimization target group; all groups providing suggestions satisfy this definition. This
is the criterion for the corresponding user dimension of this attribute at this value (negative value or positive value).
4. consumer_proportion: The proportion of consumer groups corresponding to the current optimization direction, i.e.,
the sum of proportions of all groups satisfying user_criteria.

Continued on next page
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Table 6 – continued from previous page
Phase 4: Product Optimization

5. importance_score: Importance indicator for the current optimization direction, calculated as:
I = p2 ×

∑
(group proportion/(|group valuation − optimal price|+ ϵ)2)

where p is the optimal price and ϵ = p/100. Larger values indicate higher importance; this table is sorted by this indicator
in descending order.
6. reference_consumer_list: Several representative consumer objects from the optimization direction group, obtaining
their experience feedback. Contains at most 5 reference consumers, sorted by group importance indicator in descending
order. Each reference consumer (reference_consumer) contains:
- profile: The consumer’s user profile.
- proportion: The proportion of people similar to this consumer (i.e., the group’s proportion).
- effect: The consumer’s usage effect experience.
- score: The consumer’s score for usage experience, values -2, -1, 0, 1, 2, corresponding to strong resistance, resistance,
indifference, preference, strong preference respectively.
- suggestion: The consumer’s suggestion for optimizing this attribute.
- valuation: The consumer’s valuation of the entire product, indicating the price below which the consumer is willing to
purchase.
</optimization_table_explanation>

<optimization_rules>

1. The sole purpose of optimization is to increase each user group’s valuation of the product.
2. Think independently while appropriately referencing optimization suggestions.
3. Technical feasibility requirements: ensure optimized design is producible and non-contradictory.
4. Document formality requirements: optimized documents must be formal versions without any editing traces.
</optimization_rules>

<output_format>

Output must include: hard_design, core_features, value_proposition, feasibility_analysis, suggestion_analysis.
</output_format

B.5 Baseline: Zero-Shot Product Optimization 801

The baseline method optimizes products directly based on product documents and general market knowledge, without access to 802
structured, granular feedback from PRISM simulation. 803

Table 7: Prompt template used in the Zero-Shot baseline.

Baseline: Zero-Shot Product Optimization
System: You are a senior product manager responsible for product optimization and improvement, specializing in deeply
identifying user pain points and designing targeted solutions. You need to perform minor optimizations based on product
documents, ensuring that optimized designs are technically feasible, producible, and cost-effective. Most importantly, all
optimizations must directly address user pain points and solve actual problems users encounter when using the product.
User:
<task>

You are a senior product manager responsible for product optimization and improvement, aiming to enhance product
market competitiveness and user value.

Please complete the optimization task according to the following steps:
1. Deeply analyze user pain points: Carefully read the complete current product design document, identify core pain
points users may encounter when using this product from user usage scenarios, including but not limited to:

– User troubles caused by missing or incomplete functions;
– Design flaws affecting user experience;
– Material or process issues affecting product durability or comfort;
– Inconvenience in use or maintenance difficulties;
– Insufficient safety or reliability;
– Unreasonable cost-effectiveness.

Evaluation criteria: Only consider optimization when pain points reach medium or higher severity and can be solved
through mature, feasible technical solutions. If pain points are minor or already largely resolved, maintain the status quo.

2. Minor optimization design: Design minor, targeted optimization solutions for identified user pain points, ensuring:
Continued on next page
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Table 7 – continued from previous page
Baseline: Zero-Shot Product Optimization

– Each optimization point directly corresponds to a clear user pain point;
– Optimization solutions can effectively solve or alleviate the pain point;
– Optimized improvements are visible and perceivable to users;
– Prioritize solving key pain points affecting core user experience.

3. Ensure technical feasibility: Optimized product design must be producible and non-contradictory.
4. Ensure cost reasonableness: Optimization should not lead to significant cost increases; prioritize cost-effective
improvement solutions. If cost increases exceed 5%, evaluate whether optimization is worthwhile.
5. Generate optimized product design document.
6. Generate before-and-after comparison: Clearly show the before-and-after comparison of each optimization point.
7. Actively argue for the feasibility of current optimization.
</task>

<current_product_document>

<hard_design>[Hard design document]</hard_design>
<core_features>[Core features document]</core_features>
<value_proposition>[Value proposition document]</value_proposition>
</current_product_document>

<optimization_rules>

1. Pain point orientation principle: All optimizations must directly address user pain points. Each optimization point
should correspond to a clear user problem. Only optimize when pain points reach medium or higher severity.
2. Minor optimization principle: If optimization is performed, make minor improvements, avoiding major changes.
3. Visibility requirement: Optimized improvements should be visible and perceivable to users.
4. Technical feasibility requirement: Ensure optimized product design is producible and non-contradictory.
5. Cost reasonableness requirement: Optimization should not lead to significant cost increases. Prioritize cost-effective
solutions.
6. Targeted improvement: Optimizations should be targeted improvements, each change should have a clear reason and
corresponding user pain point.
7. Maintain product core positioning: Optimization should not change the product’s core positioning and main functional
direction.
8. Document formality requirement: Optimized documents must be formal versions without any editing traces.
</optimization_rules>

<output_format>

Output must include: hard_design, core_features, value_proposition, feasibility_analysis, optimization_comparison,
optimization_summary.
</output_format
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