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Abstract001

Economic inequality is a severe global issue. It002
intensifies disparities in education and health-003
care, impairing social stability. Traditional004
systems such as the US federal income tax005
reduce inequality but they lack adaptability.006
Frameworks like the Saez optimal taxation in-007
troduce dynamic adjustments, but they rely on008
rigid economic assumptions and taxpayer ho-009
mogeneity. This study introduces the TaxA-010
gent, an integration of large language models011
(LLMs) with agent-based modeling (ABM) to012
design adaptive tax policy that accounts for013
taxpayer heterogeneity and moves beyond arbi-014
trary assumptions. In our macroeconomic sim-015
ulation, heterogeneous H-Agents (households)016
simulate real-world taxpayers and the TaxA-017
gent (government) iteratively optimizes tax018
rates. Benchmarked against Saez optimal tax-019
ation, US federal income tax, and free-market020
system, TaxAgent achieves superior equality-021
productivity trade-offs and maintains a healthy022
economy with low unemployment and stable023
inflation. Two behavioral experiments further024
suggest that H-Agents better simulate real hu-025
man decision-making compared to rule-based026
models. This research provides a novel taxation027
solution and a scalable framework for fiscal pol-028
icy evaluation, demonstrating the potential of029
LLMs in addressing social challenges.030

1 Introduction031

Economic inequality is a critical global issue with032

profound social, political, and economic impacts.033

Researches highlight its detrimental effects on edu-034

cation, healthcare, political stability, and economic035

growth (Flug et al., 1998; Ferreira et al., 2022;036

Glaeser et al., 2003). Tackling inequality is essen-037

tial for building a fair and prosperous society.038

Progressive taxation emerged to address inequal-039

ity. By imposing higher tax rates on higher in-040

comes, systems like the US federal income tax041

have shown potential to reduce poverty and im-042

prove health, education, and economic opportuni- 043

ties (Hoynes and Patel, 2015; Nichols and Roth- 044

stein, 2015). However, these systems remain static, 045

constrained by legislative inertia and unable to 046

adapt dynamically to shifting economic conditions. 047

The evolution of dynamic optimal taxation 048

frameworks, from Mirrlees’ foundational work 049

on incentive compatibility (Mirrlees, 1971) to 050

Saez’s rule-based social welfare optimization (Saez, 051

2001), has sought to reconcile equality and effi- 052

ciency. Yet unresolved challenges persist: 053

• Arbitrary Assumptions in Economic Mod- 054

els: Critical assumptions—such as the Slutsky 055

matrix’s sufficiency in capturing consumer 056

behavior (Sørensen, 2007) and utility aggre- 057

gation methods (Kleven et al., 2009)—lack 058

empirical grounding and face challenges for 059

overlooking behavioral complexities (Weis- 060

bach, 2023; Afriat, 1980). 061

• Behavioral Homogeneity in Taxpayer Re- 062

sponses: Traditional economic models rely 063

on rigid functional forms for taxpayer be- 064

havior (Diamond and Mirrlees, 1971; Saez, 065

2001), neglecting heterogeneity and bounded 066

rationality in real-world decision-making. Al- 067

though the latest customized neural networks 068

can capture various responses, they rely on 069

a significant amount of training data and ex- 070

pert knowledge, making them difficult to cali- 071

brate and deploy (Tesfatsion and Judd, 2006; 072

Trott et al., 2021; Zheng et al., 2022; Mi et al., 073

2023). 074

To address these limitations, we propose inte- 075

grating agent-based modeling (ABM) with large 076

language models (LLMs). This synergy enables 077

adaptive tax optimization by replacing restrictive 078

assumptions with simulations of heterogeneous 079

human-like behaviors. LLMs enhance policymak- 080

ers’ ability to interpret complex socioeconomic 081

trends while avoiding contentious welfare calcu- 082

lations (Li et al., 2024). 083
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Our framework comprises three components.084

TaxAgent: An LLM-powered government agent085

that dynamically adjusts tax policies using real-086

time socioeconomic data, circumventing reliance087

on arbitrary welfare metrics. H-Agents Group: Het-088

erogeneous households represented by LLMs, sim-089

ulating diverse behaviors absent in traditional mod-090

els. Macroeconomic Environment: A simulator091

capturing market dynamics (wages, prices, produc-092

tion) to evaluate policy impacts.093

By iteratively optimizing tax rates through agent094

interactions, the framework resolves the equality-095

efficiency dilemma more effectively than tradi-096

tional systems. Benchmarking against Saez tax-097

ation, the US federal taxation, and free-market sce-098

nario reveals the TaxAgent’s superior balance of099

equality and productivity: 12.8% better than the100

second-best US federal taxation. Mechanistic anal-101

ysis demonstrates that the TaxAgent achieves pol-102

icy consistency and prioritizes equality without sac-103

rificing flexibility, mitigating productivity decline104

through dynamic adjustments. Evaluation of eco-105

nomic side-effects shows that the TaxAgent does106

not compromise macroeconomic stability; instead,107

it fosters low unemployment rate and price stability.108

Finally, behavioral experiments substantiated our109

claim that H-Agents outperform rule-based ones in110

simulating real-world taxpayers.111

This study contributes:112

• A Scalable Policy Evaluation Framework:113

Combines adaptive policymakers, behavioral114

heterogeneity, and market dynamics in a sim-115

ulation environment, enabling scalable experi-116

mentation for real-world fiscal policy design.117

• LLM-Driven Tax Innovation: Eliminates118

rigid assumptions by using LLMs to model119

both policymaker reasoning and taxpayer be-120

havior, enabling dynamic and data-informed121

taxation.122

• Comprehensive Empirical Validation: This123

study highlights our framework’s effective-124

ness in addressing taxation trade-offs, show-125

ing the LLM’s potential in fiscal policy design.126

By benchmarking against established mod-127

els and analyzing economic side-effects, we128

confirm that TaxAgent maintains macroeco-129

nomic stability while optimizing the equality-130

productivity trade-off. Additional experi-131

ments show H-Agents outperform rule-based132

models in replicating real taxpayer behavior.133

2 Related Work 134

Traditional Tax Systems Progressive taxation 135

implements higher rates for higher incomes, reduc- 136

ing economic inequality (Hoynes and Patel, 2015; 137

Nichols and Rothstein, 2015) but lacks adaptabil- 138

ity to dynamic economic conditions (Foo, 2019; 139

Patjoshi, 2015). 140

Optimal taxation theory maximizes social wel- 141

fare while considering economic constraints (Dia- 142

mond and Saez, 2011). Pioneered by Mirrlees (Mir- 143

rlees, 1971) and Diamond and Mirrlees (Diamond 144

and Mirrlees, 1971), this approach optimizes aggre- 145

gate utility. Saez (Saez, 2001) advanced the field 146

by incorporating earnings elasticity and income dis- 147

tribution into tax rate calculations. Diamond and 148

Saez (Diamond and Saez, 2011) further developed 149

this framework into a closed-loop system balancing 150

social welfare and income inequality. 151

Recent economic research emphasizes taxpayer 152

behavioral responses. Studies on top tax rates’ elas- 153

ticity (Piketty et al., 2014) reveal its impacts on 154

labor supply and tax avoidance. Research on unem- 155

ployment effects (Kroft et al., 2020) demonstrates 156

how wage responses shape tax structures, leading 157

to innovations like the Earned Income Tax Credit. 158

AI in Economic Policy Research AI optimizes 159

economic policy beyond traditional equilibrium- 160

based models. The AI Economist (Zheng et al., 161

2020) demonstrates the potential of reinforcement 162

learning in tax policy optimization, and the inte- 163

gration of causal inference improves the impact 164

assessment (Athey, 2018). 165

Agent-based models (ABMs) can simulate com- 166

plex economic phenomena (Axtell and Farmer, 167

2022), enabling business cycle, policy interven- 168

tion, and inflation studies (Delli Gatti et al., 2018). 169

Improved computation power and data quality 170

have enhanced the empirical validity of these stud- 171

ies (Zheng et al., 2020). 172

Large Language Models (LLMs) introduce ad- 173

vanced reasoning capabilities to economic research, 174

enabling market behavior simulation and policy 175

evaluation (Zhao et al., 2024; Nie et al., 2024). 176

Current optimal taxation models rely on arbitrary 177

assumptions and underestimate behavioral hetero- 178

geneity (Weisbach, 2023; Zheng et al., 2020). With 179

the advancements in ABM and LLMs, our work ad- 180

dresses these limitations by employing LLMs both 181

as tax planners and taxpayers, eliminating explicit 182

economic assumptions while capturing diverse be- 183

havioral responses (Li et al., 2024). 184
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3 Taxation Evaluation Framework185

Our framework integrates three components—the186

TaxAgent (government), H-Agents Group (house-187

holds), and the macroeconomic simulation en-188

vironment. This framework models household-189

government interactions within an evolving econ-190

omy. The system operates as follows:191

• Household Decision-Making: H-Agents,192

representing households, observe economic193

dynamics such as taxation and market condi-194

tions from the macroeconomic environment195

and incorporate past experiences. They decide196

on work and consumption propensities based197

on these inputs.198

• Macroeconomic Environment Dynamics:199

Heterogeneous household decisions are pro-200

cessed, updating metrics such as production,201

wages, and prices, reflecting supply-demand202

dynamics and financial market influences.203

• Government Decision-Making via the Tax-204

Agent: The TaxAgent, representing the gov-205

ernment, analyzes updated economic metrics206

and household behavior using an LLM. It pro-207

poses tax rates optimized for social goals.208

• Iterative Feedback: New tax rates are im-209

plemented and updated metrics are fed back210

to H-Agents for the next round decision mak-211

ing. This cycle continues for a set number of212

iterations.213

The following subsections detail the roles and214

mechanisms of the three components.215

3.1 H-Agent: Agent as a Household216

One H-Agent represents one distinct household, us-217

ing an LLM to model decision-making in response218

to economic conditions. By interacting with the219

macroeconomic environment and the TaxAgent,220

H-Agents Group collectively influence macroeco-221

nomic outcomes of tax policies.222

Each H-Agent operates through two modules.223

Decision-Making: H-Agents determine production224

and consumption propensities based on economic225

inputs, including household-specific background226

information, taxation, labor markets, price levels,227

and financial markets. Self-Reflection: A reflection228

module enhances decision-making by maintaining229

a memory pool of past economic data and deci-230

sions (Li et al., 2024). Quarterly, H-Agents refine231

future behavior by reviewing this information.232

3.1.1 Decision-Making 233

H-Agents decide on working and consumption 234

propensities (pwi , p
c
i ) based on current economic 235

observations and past reflections, as shown in Fig- 236

ure 1, process 1⃝: 237

(pwi , p
c
i ) = Hi(Pmti, θ

R
i ) (1) 238

Hi is the decision function for the i-th household, 239

Pmti includes observable economic data and back- 240

ground information. θRi represents reflection-based 241

parameters from previous decisions. 242

3.1.2 Self-Reflection 243

At the end of each quarter, represented as loop 2⃝ in 244

Figure 1, H-Agent reviews its decisions and eco- 245

nomic history to update its reflection parameters: 246

θRi ← Hi(Memoi) (2) 247

where Memoi represents the i-th household’s prior 248

prompts and decision history. 249

3.2 TaxAgent: Agent as a Government 250

The TaxAgent is the central authority of the macroe- 251

conomic simulation, leveraging an LLM to dynam- 252

ically adjust tax rates, balancing two societal goals: 253

productivity and equality. 254

The TaxAgent iteratively performs two steps. 255

Tax rate adjustment: Using a heuristic prompt 256

that combines household data, global performance 257

metrics, and decision-making flexibility, the TaxA- 258

gent integrates traditional tax data with the LLM 259

reasoning. It analyzes economic trends and the 260

productivity-equality trade-off to generate tax rates 261

aimed at optimizing societal objectives. Iterative 262

Feedback: Generated tax rates influence house- 263

hold behavior and economic conditions within the 264

simulation. Updated metrics are fed back to the 265

TaxAgent, enabling continuous refinement of its 266

strategy through an iterative feedback loop. 267

3.2.1 Tax Rate Adjustment 268

The tax rate adjustment process corresponds to loop 269

8⃝ in Figure 1 and is represented as follows: 270

TX = Gov(Pmt, θG, θH) (3) 271

where TX represents the tax rate; Gov is the 272

tax rate determination function; Pmt includes 273

household data, global performance metrics, and 274

decision-making flexibility; θG represents the 275

LLM’s trained parameters on the government’s 276

optimal taxation strategy and θH represents the 277
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Figure 1: The illustration of the taxation evaluation framework.

trained parameters on household reactions to ad-278

justed tax rates.279

3.2.2 Iterative Feedback280

Once proposed, the tax rates are implemented in281

the simulation environment, influencing household282

behavior and market dynamics. The resulting eco-283

nomic metrics are then fed back to the TaxAgent,284

forming an iterative feedback loop as shown in285

Figure 1, loop 9⃝:286

θG, θH ← Gov(Pmtupd, θG, θH) (4)287

Where Pmtupd includes latest household data and288

global performance metrics.289

3.3 Macroeconomic Simulation Environment290

The macroeconomic simulation environment mod-291

els key aspects of a real-world economy. It includes292

four modules: production, taxation, consumption,293

and the financial market, which interact dynami-294

cally.295

Economic metrics in each module are updated296

based on decisions of the TaxAgent and H-Agents297

Group. These metrics, in turn, inform agent deci-298

sions, creating a cyclical feedback loop that begins299

with production and wage distribution, followed300

by taxation, income allocation, and adjustments to301

wages and prices based on production-consumption302

relationship.303

3.3.1 Production Module304

Production is the starting point of economic activ-305

ity, as shown in Figure 1, Module 3⃝. The produc-306

tion, S, is determined by the total individual labor307

supply, sj : 308

S =

N∑
j=1

sj (5) 309

The inventory G is updated after production as 310

follows: 311

G← G+ S (6) 312

Households receive wages upon completion of pro- 313

duction. 314

3.3.2 Taxation Module 315

Taxation, central to this study, follows wage distri- 316

bution. The taxation is bracketed: income in each 317

bracket is taxed at a specific rate. The brackets are 318

set according to the 2018 version of US federal 319

income tax. In addition, redistribution is even and 320

implicit, emulating real-world scenarios: 321

zi = zprei − T (zi) + zr (7) 322

Where zi is individual income, zprei is pre-tax in- 323

come, T (zi) is tax levied, and zr is the redistribu- 324

tion. 325

3.3.3 Consumption Module 326

After taxation, households allocate post-tax income 327

between consumption and savings. Total demand, 328

D, is the sum of individual demands, dj , and inven- 329

tory G is updated dynamically: 330

D =
N∑
j=1

dj (8) 331

332
G← G− dj (9) 333
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3.3.4 Financial Module334

The financial market incorporates the interest rate,335

a critical metric influencing household savings. In-336

dividual saving, si, increase annually by the pre-337

vailing interest rate r:338

si ← si × (1 + r). (10)339

Interest rate is adjusted based on the unemployment340

rate and inflation rate (Dawid and Gatti, 2018).341

3.3.5 Global Interdependency342

Interactions among production, taxation, consump-343

tion, and the financial market drive wage and price344

changes. When supply exceeds demand, prices345

drop, restraining profits and wages. Conversely,346

when demand exceeds supply, the opposite occurs.347

3.4 Advancing Beyond Rule-Based Optimal348

Tax Systems349

The TaxAgent addresses the limitations of tradi-350

tional optimal taxation.351

• Beyond Assumption Optimization: By com-352

bining data with an understanding of collec-353

tive human welfare, the LLM-based TaxA-354

gent shifts from rigid assumptions to adaptive355

decision-making, reflecting diverse societal356

perspectives as a "superposition of social con-357

sciousness."358

• Modeling Heterogeneous Behavior: Learning359

from the heterogeneous and irrational behav-360

iors of H-Agents in the macroeconomic envi-361

ronment, the TaxAgent adapts to various re-362

sponses and moves beyond the rational-agent363

assumption, producing superior outcomes.364

4 Experiments365

This section assesses the ability of the TaxAgent366

to achieve balanced social outcomes compared to367

traditional tax systems, guided by the following368

research questions:369

• RQ1 Does the TaxAgent achieve an improve-370

ment over traditional tax systems?371

• RQ2 What is the tax rate determination mech-372

anism of TaxAgent?373

• RQ3 What are the macroeconomic side-374

effects of deploying the TaxAgent?375

• RQ4 Do H-Agents simulate real-person be-376

haviors better than rule-based agents?377

4.1 Baselines 378

Traditional machine learning approaches’ under- 379

lying assumptions often fail to reflect real-world 380

complexities (Zhao et al., 2021; Ezeife et al., 2021). 381

Therefore, we propose an LLM-based approach 382

that better captures real-world economic behav- 383

ior (Li et al., 2024) and evaluate it against three 384

representative tax systems. Saez Optimal Taxation: 385

A theoretical benchmark based on elasticity esti- 386

mates and income distribution. US Federal Income 387

Tax: A bracketed progressive system, representing 388

the real-world approach. Free-market: A Zero-tax 389

scenario, a theoretical Pareto optimal, serving as a 390

baseline to measure redistributive effects. 391

These baselines include theoretical optimal, real- 392

word implementation, and theoretical Pareto op- 393

timal. Our work introduces the first explainable 394

LLM-based tax system that combines theoretical 395

rigor with contextual awareness. 396

4.2 Implementation Details 397

The simulation comprises N = 200 households 398

over P = 120 months. Four tax systems are tested: 399

free-market, US federal income taxation, Saez op- 400

timal taxation, and the TaxAgent. Productivity is 401

fixed at 1, with results remaining consistent across 402

parameter variations. The simulation utilizes the 403

glm-4-plus model. 404

4.3 Performance Evaluation Metrics 405

Tax system performances are evaluated using equal- 406

ity and productivity per capita. Equality is calcu- 407

lated as the complement of the normalized Gini- 408

index, while productivity is defined as the current 409

average wealth of H-Agents. The social outcome 410

is assessed as the product of equality and produc- 411

tivity (Zheng et al., 2020). 412

4.4 Experiment Results 413

4.4.1 The TaxAgent in Generating Social 414

Outcomes (RQ1) 415

Performance Comparison Across Tax Systems 416

The TaxAgent is evaluated against Saez optimal 417

taxation, US federal income tax, and the free- 418

market over 120 months by tracking the Equality- 419

Productivity Index (EPI). Figure 2 illustrates the 420

temporal evolution of the performance of each sys- 421

tem: 422

• Short-term (0–40 months): TaxAgent per- 423

forms comparably to Saez and US federal sys- 424

tems, with all systems showing high volatility. 425
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Figure 2: The EPI performance of all tax systems over
120 months. The TaxAgent (purple) performs signifi-
cantly better in the long-term.

• Medium-term (40–80 months): TaxAgent ex-426

periences a slight decline before month 70,427

maintaining performance similar to Saez and428

US federal systems.429

• Long-term (80–120 months): TaxAgent and430

Saez taxation show significant improvement,431

with TaxAgent consistently outperforming all432

other systems.433

Statistical Validation of the Performance of Tax-434

Agent Fixed-effect regression analysis quantifies435

performance differences: Table 1 shows each sys-436

tem’s performance relative to the free-market base-437

line. TaxAgent achieves the best overall EPI438

performance, outperforming the second-best US439

federal taxation by 12.8% overall and 70.6% in440

the long term.441

Table 2 analyzes temporal trends relative to the442

free-market. The TaxAgent shows significant posi-443

tive trends in all periods except the medium-term,444

demonstrating superior progress. The Saez taxa-445

tion shows moderate improvement; the US federal446

taxation and free-market systems remain stagnant.447

4.4.2 Mechanisms Behind TaxAgent448

Performance (RQ2)449

Tax Rate Determination Mechanism We ana-450

lyze factors influencing the tax rate decisions of451

TaxAgent using time series regression:452

T ∼
6∑

l=1

Tl +

6∑
l=1

Pl+,

6∑
l=1

El + ϵi (11)453

where T is the mean tax rate, E and P represent454

equality and productivity indices, and l indicates455

the lag period. Table 3 reveals two key insights:456

• Policy Consistency and Adaptability:457

Strong positive effects from lag three and458

four tax rates, with no significant influence459

from recent periods, indicate balanced policy460

consistency and flexibility.461
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Figure 3: Sample tax rates for seven income brackets of
the TaxAgent (top), the Saez taxation (middle), and US
federal income tax (bottom). Regressiveness of Saez
taxation and rigidness of US federal income tax limit
their performances.

• Emphasis on Equality: The magnitude of 462

the negative correlation between past equal- 463

ity levels and current tax rates is larger than 464

the correlation between productivity and tax 465

rates. This phenomenon demonstrates Tax- 466

Agent prioritizes addressing inequality over 467

productivity considerations. 468

Comparative Analysis We also examined tax 469

rate trajectories and their impacts on equality and 470

productivity performance across systems, as shown 471

in Figures 3 and 4: 472

• Saez Optimal Taxation: Despite theoretical 473

optimality, its regressiveness impairs long- 474

term performance due to the resistance to 475

higher rates for lower-income groups. 476

• US Federal Income Tax: Fixed rates maintain 477

stable equality (0.6–0.65) but lack dynamic 478

adjustment capability, limiting optimization 479

potential. 480

• Free-Market: Shows minimal productivity 481

and equality, contradicting traditional assump- 482

tions of free-market Pareto optimality and 483

demonstrating the necessity of taxation. 484

4.4.3 Macroeconomic Side-Effects of the 485

TaxAgent (RQ3) 486

Inflation and unemployment rates are fundamen- 487

tal indicators of economic health (Masca, 2017; 488

Cuche-Curti et al., 2008). To evaluate whether the 489

TaxAgent achieved better social outcomes while 490

maintaining economic stability, we analyze infla- 491

tion and unemployment patterns across different 492
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Table 1: Regression Results on the Fixed Effects of Tax Systems

Variable Overall Short-Term Medium-Term Long-Term

TaxAgent 1.41*** 0.89*** 1.19*** 2.15**

Saez 0.82*** 0.42*** 0.82*** 1.24**

US Federal 1.25*** 1.17*** 1.31*** 1.26**

Note: Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01.
(The same below)

Table 2: Regression Results on the Trend of Tax Systems

Variable Overall Short-Term Medium-Term Long-Term

TaxAgent 0.02*** 0.03*** 0.00** 0.04***

Saez 0.01*** -0.01 0.01*** 0.02***

US Federal 0.00 0.00 0.00 0.00

The coefficients of TaxAgent in Table 1 and Table 2 demonstrate
the superior EPI performance of the TaxAgent.
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Figure 4: The equality (above) and productivity (below)
performance of different tax systems. The TaxAgent
demonstrates its prioritization on equality and its flexi-
bility in making equality-productivity trade-offs.

tax systems. This analysis was crucial since high493

volatility in these metrics creates economic un-494

certainty that can discourage investment, nega-495

tively impact stock markets, and burden house-496

holds (Dixit, 1992; Ampudia et al., 2020).497

Figure 5 presents the inflation and unemploy-498

ment rate distributions of each system. As shown in499

Figure 5, the TaxAgent demonstrates superior per-500

formance with three notable characteristics: first,501

it maintained a moderate inflation rate of approx-502

imately 8%; second, it achieved the lowest un-503

employment rate among all systems, consistently504

maintaining levels between 2% and 4%; third, both505

indicators show minimal fluctuations compared to506

other systems, suggesting a more stable economic507
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Figure 5: The distribution of inflation and unemploy-
ment rate of different tax systems. The TaxAgent (the
rightmost one in each plot) achieved stable inflation con-
trol and low unemployment rate.

environment, providing predictability that allow 508

society to adjust effectively. 509

4.4.4 Authentic Behaviors of the H-Agents 510

(RQ4) 511

To validate the authenticity of H-Agents in mod- 512

eling human behavior, we conducted two experi- 513

ments, comparing H-Agents with rule-based mod- 514

els and responses from interviewees under identi- 515

cal initial conditions. We select a composite of 516

LEN (Lengnick, 2013) and CATS (Gatti et al., 517

2011) as the rule-based model. 518

Free-Market Experiment This experiment ex- 519

amined decision-making in a zero-tax environment, 520

testing the classical "rational man" assumption 521

where individuals optimize work until marginal 522

cost equals marginal reward (Barger, 1936). Be- 523

havioral economics suggests that perceived inequal- 524
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Table 3: Regression Results on the Tax Rate Determination Factors

Variable Lag1 Lag2 Lag3 Lag4 Lag5 Lag6

Mean Tax Rate 0.00 -0.04 0.28*** 0.42*** 0.02 0.30*

Productivity -0.00 -0.00 0.01 0.03** 0.02** 0.01*

Equality -0.03 -0.02 -0.08* -0.07** -0.05** -0.06***

The TaxAgent emphasizes equality and shows strong policy consistency
and adaptability.

Table 4: Consumption Reduction Facing Unem-
ployment (Percent of Overall Wealth)

Variable Median 25th% 75th%

H-Agent 5.03 2.89 5.19
Real-person 8 2 10
Rule-based 2.25 2.14 2.36

ity reduces work incentives (Cohen-Charash and525

Mueller, 2007; Sainz et al., 2023). As shown in526

Figure 6, H-Agents demonstrated lower equality527

and productivity levels that aligned more closely528

with real-person responses than rule-based models,529

confirming the impact of inequality perceptions on530

work behavior.531

Risk Preference Analysis This experiment an-532

alyzed risk preferences by assessing consumption533

reductions during unemployment. Human decision-534

making under uncertainty involves risk aversion,535

probability weighting of rare events, and loss aver-536

sion (Jia et al., 2024). Table 4 shows that real537

individuals exhibited the highest risk aversion and538

H-Agents displayed intermediate levels that better539

approximated human behavior compared to rule-540

based models, further validating their authenticity541

in simulating real-person decisions.542

5 Conclusion543

This study introduces the TaxAgent, an innova-544

tive LLM-based tax planner, and evaluates its per-545

formance within an authentic simulation frame-546

work. Benchmarking against Saez optimal taxation,547

US federal income tax, and free-market systems548

demonstrates its superior performance: it achieves549

a 12.8% higher EPI than the second best US fed-550

eral taxation. The TaxAgent emphasizes equality551

and shows strong policy consistency and adaptabil-552

ity. Analysis on the economic environment shows553

the TaxAgent maintained a healthy economy with554

low unemployment and stable inflation. Behavioral555

Productivity

Eq
ua

lit
y

Low

High

High

Productivity-Equality Trade-off
Pareto Boundary
H-Agent
Real-Person
Rule-based

Figure 6: The equality-productivity trade-off made by
H-Agents, real persons, and rule-based simulations. H-
Agents(green) behaved more similar to humans(yellow)
compared to rule-based simulations(red).

experiments validate that H-Agents models irra- 556

tional and diverse taxpayer behaviors better than 557

rule-based agents. 558

By eliminating reliance on rigid economic 559

assumptions, TaxAgent pioneered in LLM- 560

augmented fiscal policy design. This work con- 561

tributes to a more equitable and prosperous society 562

through LLM-driven tax strategies. 563

6 Limitations 564

Potential Biased Behavior of the TaxAgent Be- 565

cause of the training process of the LLMs, its val- 566

ues may not fully reflect the society. Although 567

this study empirically validated its superior per- 568

formance over traditional tax systems, adjusting 569

training biases may generate even better social out- 570

comes. 571

More Complicated Simulation Environment 572

Although our simulation environment incorporated 573

many important economic factors, it is not as com- 574

plex as the real world. However, a more complex 575

simulation environment is a double-edged sword: 576

it may provide more accurate predictions or cause 577

8



over-fitting and take up excessive computational578

power.579

The Potential of Reinforcement Learning (RL)580

With adequate training data, RL may act as a good581

TaxAgent in tax policy design. However, there582

are two major challenges. First, a reward function583

is needed. Manually defining an explicit reward584

function means that we regress to the classical ap-585

proaches that require arbitrary assumptions and586

value judgments. Second, training steps needed587

by RL will significantly increase the cost of de-588

ploying LLM-based agents to simulate taxpayers.589

Therefore, this may be a promising topic for future590

researchers with more adequate resource.591
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A Appendix744

A.1 H-Agent and TaxAgent745

H-Agent Prompt Example The following746

prompt is one example of the information provided747

to H-Agents in the decision-making process.748

You’re Adam Mills, a 58-year-old individual
living in San Antonio, Texas. A tax planner
adjusts your tax rates periodically. Now it’s
2001.03. Last month, you worked as a(an)
Newspaper Delivery. If you continue work-
ing this month, your expected income will be
$567.18, which decreased compared to last
month due to deflation of the labor market.
Besides, your consumption was $544.68. Part
of your income last month was witheld as in-
come tax. Last month, the tax brackets are:
[0.00, 808.33, 3289.58, 7016.67, 13393.75,
17008.33, 42525.00] and their corresponding
rates are: [0.10, 0.12, 0.22, 0.24, 0.32, 0.35,
0.37]. Income earned within each bracket is
taxed only at that bracket’s rate. This month,
according to the tax planner, the brackets are
not changed. But the planner updated corre-
sponding rates: [10.00%, 12.00%, 22.00%,
24.00%, 32.00%, 35.00%, 37.00%]. Income
earned within each bracket is taxed at that
bracket’s rate. Pay attention to the tax rates
because they may be different from the previ-
ous ones and you need to make your decision
based on the current rates Deflation has led
to a price decrease in the consumption mar-
ket, with the average price of essential goods
now at $126.78. Your current savings account
balance is $13072.25. Interest rates, as set by
your bank, stand at 3.00%. Considering as-
pects like your living costs, future aspirations,
broader economic trends, and the tax you need
to pay, how is your willingness to work this
month? How would you plan your expendi-
tures on essential goods? Provide your deci-
sions in a JSON format. The format should
have two keys: ’work’ (a value between 0 and
1 with intervals of 0.02, indicating the willing-
ness or propensity to work) and ’consumption’
(a value between 0 and 1 with intervals of 0.02,
indicating the proportion of all your savings
and income you intend to spend on essential
goods).

The following prompt is one example of the749

prompt provided to H-Agents in the self-reflection 750

process. For brevity, the previous prompts and 751

decisions of the H-Agents is omitted. 752

Given the previous quarter’s economic envi-
ronment, reflect on the labor, consumption,
and financial markets, as well as their dynam-
ics. What conclusions have you drawn? Your
answer must be less than 200 words!

TaxAgent Prompt Example The TaxAgent 753

is provided with comprehensive household and 754

macroeconomic data for tax rate determination. 755

In addition, the social performance of the TaxA- 756

gent past decisions are also provided, providing 757

the information needed for iterative feedback. For 758

brevity, part of the income and wealth information 759

is omitted. 760

You are a tax planner in charge of adjusting
the tax rates of each income brackets. You
will decide the tax rate in next period ap-
plied cumulatively to the income of agents
in the seven [0.00, 808.33, 3289.58, 7016.67,
13393.75, 17008.33, 42525.00] income brack-
ets. Last month, the incomes and wealth
of individuals living in your society were
$[529.42, 820.63, 1255.18, ..., 0.0, 80016.97,
0.0] and $[29273.73, 35603.8, 36976.86, ...,
180063.13, 286498.22, 294174.67]. The tax
rates you set in the past months were [([[0.1,
0.12, 0.22, 0.24, 0.32, 0.35, 0.37], [0.1, 0.12,
0.22, 0.24, 0.32, 0.35, 0.37], [0.1, 0.12, 0.22,
0.24, 0.32, 0.35, 0.37], [0.1, 0.15, 0.25, 0.3,
0.35, 0.4, 0.45], [0.1, 0.15, 0.25, 0.3, 0.35, 0.4,
0.45], [0.1, 0.15, 0.25, 0.3, 0.35, 0.4, 0.45]])].
The average per-capita productivity in the last
months were [ (0.0), (11.26), (14.32), (15.13),
(15.28), (14.54)]: the past months’ equal-
ity performances were [ (0.0), (0.66), (0.66),
(0.66), (0.67), (0.67)](the higher, the more
equal). Adjust the tax rates to build a society
that you consider best for society. You have
the total freedom to adjust the rates! Provide
your decision in a JSON format. The decision
should be a list with seven values (each value
between 0 and 1 with intervals of 0.01).

A.2 Macroeconomic Simulation Framework 761

Details 762

The production is determined by the total labor sup- 763

plied by households. For simplicity, we assume the 764
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production of a single homogeneous commodity,765

with each household contributing 168 hours (21766

eight-hour working days) of labor if employed in a767

given period. The total production, S, is defined as:768

S =

N∑
j=1

lj × 168×A (12)769

Where lj represents the labor supplied by house-770

hold j, and A denotes productivity.771

Taxation is modeled using a progressive, brack-772

eted structure. The tax bracket limitation is repre-773

sented by bk The tax levied on a household with774

income zi is given by:775

T (zi) =

B∑
k=1

τk ((bk+1 − bk)1 [zi > bk+1]776

+(zi − bk)1 [bk < zi ≤ bk+1]) , (13)777

Redistribution in the simulation is even and la-778

tent. The actual post-tax income for a household779

is:780

zi = zprei −T (zi)+zr = zi−T (zi)+
1

N

N∑
j=1

T (zj),

(14)781

Demand for commodities is inversely propor-782

tional to price and directly proportional to wealth.783

Total societal demand is expressed as:784

D =

N∑
j=1

dj =
N∑
j=1

cj
P

=

N∑
j=1

pcjsj

P
, (15)785

where cj stands for individual consumption inten-786

tion; pcj is the working propensity and sj is the787

accumulated wealth.788

Due to inventory constraints, actual consump-789

tion, d̂j , is bounded by available supply:790

d̂j = min(dj , G), ĉj = d̂j × P (16)791

To ensure fairness, households consume in a ran-792

domized sequence, with the inventory updated after793

each transaction:794

G← G− d̂j . (17)795

Interest rate is defined by the Taylor Rule:796

r = max(rn+πt+απ(π−πt)+αu(un−u), 0),
(18)797

where, rn represents the natural interest rate, πt is 798

current inflation, and un is the natural unemploy- 799

ment rate. 800

Demand-supply mismatch is quantified as: 801

φ̄ =
D −G

max(D,G)
, (19) 802

This imbalance triggers price and wage adjustments 803

modeled as: 804

wi ← wi(1 + φi), φi ∼ sign(φ̄)U(0, αw|φ̄|),
(20) 805806

P ← P (1 + φP ), φP ∼ sign(φ̄)U(0, αP |φ̄|)
(21) 807

where, αp and αw represents the maximum adjust- 808

ing rates of prices and wages, respectively. 809

Inflation is defined as: 810

π =
pn − pn−1

Pn−1

(22) 811

Unemployment is defined as: 812

u =

∑12
m=1

∑N
j=1(1− lj)

12N
(23) 813

Equality is defined as: 814

eq(xc) = (1− gini(xc))×
N − 1

N
(24) 815

where gini(xc) is the standard Gini Index of the 816

wealth of H-Agents. 817

Productivity is defined as: 818

prod(xc) =
N∑
i=1

xic (25) 819

A.3 Baselines 820

US Federal Income Tax The United States fed- 821

eral income tax system operates under a progres- 822

sive tax structure. Individuals and households are 823

taxed at increasing rates as their taxable income 824

rises. After ajusting for monthly income, the tax 825

brackets and corresponding rates for the 2018 tax 826

year are as follows: 827

• 10% Tax Rate: Applied to taxable income up 828

to $808.33 for single filers. 829

• 12% Tax Rate: Applied to taxable income 830

from $808.33 to $3289.58 for single filers. 831

• 22% Tax Rate: Applied to taxable income 832

from $3289.58 to $7016.67 for single filers. 833

• 24% Tax Rate: Applied to taxable income 834

from $7016.67 to $13393.75 for single filers. 835
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• 32% Tax Rate: Applied to taxable income836

from $13393.75 to $17008.33 for single filers.837

• 35% Tax Rate: Applied to taxable income838

from $17008.33 to $42525.00 for single filers.839

• 37% Tax Rate: Applied to taxable income840

above $42525.00 for single filers.841

The Saez Optimal Taxation The Saez tax frame-842

work is formalized as hereunder.843

The utility of an individual depends positively844

on consumption c and negatively on labor effort z,845

and is given by:846

u(c, z) = v(c)− h(z), (26)847

where v(c) captures the utility from consumption,848

and h(z) represents the disutility from labor effort.849

Individuals face a budget constraint:850

c = z(1− τ) +R, (27)851

where z is earnings, τ is the marginal tax rate, and852

R is virtual income.853

Behavioral responses to taxation are captured854

through three key elasticities:855

• Uncompensated Elasticity (ϵu):856

ϵu =
1− τ

z
· ∂z

∂(1− τ)
, (28)857

which measures the sensitivity of earnings to858

changes in the net-of-tax rate (1− τ);859

• Income Effect (η):860

η =
1− τ

z
· ∂z
∂R

, (29)861

which represents how changes in virtual in-862

come influence labor supply;863

• Compensated Elasticity (ϵc):864

ϵc = ϵu + η, (30)865

which captures the pure substitution effect af-866

ter accounting for income effects.867

The government’s objective is to maximize so-868

cial welfare:869

W =

∫
z
w(z)u(c, z) dz, (31)870

where w(z) are welfare weights, decreasing with871

income to reflect redistributive goals.872

For high-income earners, Saez derives a simple 873

formula for the optimal marginal tax rate: 874

τ∗ =
1

1 + a · ϵu
, (32) 875

where a = z̄
z̄−z∗ is the Pareto parameter, reflect- 876

ing the thickness of the income distribution’s top 877

tail. This formula balances revenue gains from in- 878

creased tax rates with losses due to reduced labor 879

supply, ensuring progressivity without excessive 880

distortion. 881

Extending to the full income distribution, Saez 882

provides a general nonlinear tax schedule: 883

T ′(z) =
(1−G(z)) + e · z · g(z)

1 + e · g(z)
, (33) 884

where G(z) is the cumulative income distribution, 885

g(z) is the income density, and e is the elasticity of 886

taxable income. 887

Saez’s framework emphasizes progressive tax- 888

ation with higher marginal rates for top earners, 889

justified by diminishing marginal utility of income 890

and empirical evidence on elasticities. 891

A.4 Experiments 892

Ablation Study The results of using qwen-max- 893

2024-09-19 and gpt-4o-2024-08-06 as the TaxA- 894

gent are shown in Figure 7. In general, the social 895

outcome generated by the TaxAgent is superior 896

in the long term. An exception is that its perfor- 897

mance experiences a slight drop after the 100th 898

month when the base LLM is Chatgpt, but the per- 899

formance is not significantly lower than its com- 900

petitors’. This indicates that the TaxAgent has low 901

sensitivity to changes in its LLM base, enhancing 902

its reliability. 903

Elaboration on Experiments in RQ4 In the 904

Free-Market experiment we randomly selected 905

50 responses from the H-Agent under the free- 906

market scenario from our main experiment and doc- 907

umented their economic condition and decisions 908

on work and consumption. We provided the same 909

prompts to real persons and asked them to make 910

the same decisions as H-Agents. Finally, we used 911

the formulas (Lengnick, 2013; Gatti et al., 2011) 912

of the rule-based agents to calculate the decisions 913

of rule-based agents. 914

We use the decisions made and initial conditions 915

specified in the prompts to calculate the equality 916

and productivity of the three kind of agents. 917
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Figure 7: Ablation study of the robustness of the TaxA-
gent. The TaxAgent shows low sensitivity to changes in
its base LLM.

In the risk preference experiment, we selected918

63 unemployment incidences from our main ex-919

periment under the US federal taxation scenario920

and documented their economic condition and de-921

cisions on work and consumption. We provided922

the same prompts to real persons and asked them923

to decide on the consumption reduction percentage924

of their total wealth. Finally, based on the income925

loss, we used the formulas of the rule-based agents926

to calculate their decisions.927

The participants of the two experiments were928

student volunteers from Huazhong University of929

Science and Technology. The data collected are930

totally anonymous. The usage of the data is fully931

explained and gained consensus from the partici-932

pants.933

It is important to note that the response of rule-934

based simulations to unemployment is derived from935

their reaction to income reduction, meaning it can936

be adjusted to any desired value by modifying937

model parameters. Nevertheless, the variance in938

consumption reduction among rule-based simula-939

tions remains significantly lower than that observed940

in the other two groups.941
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