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Abstract001

In this paper, we introduce ProcureGym, an002
open-source, data-driven multi-agent simula-003
tion platform that models China’s National004
Volume-Based drug Procurement (NVBP) as005
a Markov decision process (MDP). Based on006
real-world data from 7 rounds of NVBP (cov-007
ering 328 drugs and 2,226 firms), the platform008
establishes a high-fidelity simulation environ-009
ment. Within this framework, we evaluate di-010
verse agent models, including Reinforcement011
Learning (RL), Large Language Model (LLM),012
and Rule-based algorithms. Experimental re-013
sults demonstrate that RL agents achieve supe-014
rior winner alignment and profits. Further anal-015
yses show that maximum valid bidding price016
and procurement volume dominate strategic017
outcomes. ProcureGym thus serves as a rig-018
orous instrument for assessing policy impacts019
and formulating future procurement strategies.020

1 Introduction021

Initiated in 2018, China’s National Volume-Based022

drug Procurement (NVBP) represents a landmark023

reform in pharmaceutical pricing, achieving sub-024

stantial cost reductions through centralized com-025

petitive bidding (Xinhuanet, 2023; Zhu et al., 2023,026

2025). As the program expands to encompass more027

than 400 drugs and thousands of participating firms,028

the procurement process has evolved into a highly029

complex decision-making environment (Cao et al.,030

2024). Firms strategically determine bid prices to031

balance expected profits and winning probabilities032

under regulatory constraints such as government-033

specified procurement volumes and price ceilings.034

Accurate simulation is key to understanding strate-035

gic interactions, predicting policy responses, and036

refining procurement strategies.037

While a growing body of research explores com-038

putational modeling of economic systems, exist-039

ing studies largely focus on generic or macroe-040

conomic scenarios. As summarized in Table 1,041

Pmax Q0 Qe
ρ ω
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Figure 1: Overview of the ProcureGym Framework.

the current landscape centers on fiscal and taxa- 042

tion policy optimization (Zheng et al., 2021; Curry 043

et al., 2022; Mi et al., 2024; Li et al., 2024; Ponse 044

et al., 2025). Moreover, recent scholarship has 045

extended to broader governance and market dy- 046

namics (Dwarakanath et al., 2025; Brusatin et al., 047

2024; Mi et al., 2025; Piao et al., 2025) and macroe- 048

conomic policy simulations (Mi et al., 2025; Piao 049

et al., 2025). Consequently, research on simulation 050

environments dedicated to specific vertical microe- 051

conomic domains, particularly centralized procure- 052

ment, remains virtually unexplored. 053

Unlike macroeconomic models that focus on 054

system-level equilibrium, simulating such micro- 055

level bidding games presents fundamental chal- 056

lenges: capturing firm-level heterogeneity, mod- 057

eling dynamic strategic adaptation, and predict- 058

ing behaviors under counterfactual interventions. 059

This makes it non-trivial to apply existing models 060

directly to this domain. To bridge this gap, we 061

present ProcureGym, a Markov decision process 062

(MDP)-based multi-agent simulation framework 063

specifically designed for microeconomic scenarios, 064

such as multi-firm bidding games in pharmaceuti- 065

cal procurement, as illustrated in Figure 1. 066
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Platform Year Domain Algorithms Scenarios LLM Support Real Data Open Source
AI Economist 2022 Tax policy RL 2–3 ✗ ✗ ✓

RBC model 2022 Tax policy RL 2 ✗ ✗ ✓

TaxAI 2024 Tax policy RL 4 ✗ ✓ ✓

EconAgent 2024 Macro-economy LLM 1 ✓ ✓ ✓

R-MABM 2024 Market competition RL 4 ✗ ✗ ✓

ABIDES-Economist 2024 Macro-economy RL, Rule 4+ ✗ ✓ ✗

AgentSociety 2025 Macro-economy LLM, Rule 4 ✓ ✗ ✗

EconoJax 2025 Tax policy RL 4+ ✗ ✗ ✓

EconGym 2025 Macro-economy RL, LLM, Rule 25+ ✓ ✓ ✓

ProcureGym (Ours) 2025 Drug procurement RL, LLM, Rule 360+ ✓ ✓ ✓

Table 1: Comparison with Related Economic Simulation Platforms.

Our contributions are summarized as follows:067

• We propose a MDP-based multi-agent system068

for NVBP with a unified interface that supports069

heterogeneous agents, including Reinforcement070

Learning (RL)-, Large Language Model (LLM)-,071

and Rule-based policies.072

• The platform accurately reproduces historical073

NVBP outcomes, with RL-based agents achiev-074

ing 74.81% prediction accuracy, outperforming075

heuristic rule-based baselines by 10.80%.076

• We conduct systematic analyses of key market pa-077

rameters to enable counterfactual reasoning, pro-078

viding quantitative evidence to support informed079

policy adjustments.080

2 The Structure of ProcureGym081

NVBP is an N-price sealed-bid auction with ex-082

plicit volume constraints. The procurement rule083

follows a deterministic lowest-price selection mech-084

anism: the Top-x lowest bidders secure guaranteed085

volumes (ρQ0), while non-winners access residual086

market demand (Qe − ρQ0) through price-linkage087

policies. Due to environment uncertainty, firms088

optimize the trade-off between winning probability089

and corporate profit. The detailed mathematical090

derivations of the profit functions under winning 091

(π0) and non-winning (π1) scenarios. 092

ProcureGym formulates the interactions among 093

heterogeneous firm agents—characterized by dis- 094

tinct attributes such as originator-drug or generic- 095

drug status, operational scale, and in-house Ac- 096

tive Pharmaceutical Ingredient manufacturing li- 097

cense—as a Markov game. This MDP framework 098

is constructed to align with real-world procurement 099

scenarios, encapsulating policy regulations, firm 100

profiles, drug specifications, and bidding mech- 101

anisms. See Table 2 for configurations and Ap- 102

pendix B for mathematical details. The modu- 103

lar MDP design readily extends to other game- 104

theoretic settings by reconfiguring its components. 105

3 Dataset Description 106

To construct realistic NVBP simulation scenarios, 107

this study aggregated real-world data from multi- 108

ple authoritative sources: procurement documents 109

were obtained from the National Healthcare Secu- 110

rity Administration (NHSA), competitor informa- 111

tion from the Center for Drug Evaluation (CDE), 112

and data on enterprise type from the China Na- 113

tional Pharmaceutical Industry Information Center 114

MDP Element Notation Formula / Definition Meaning

State Space St St = {Pmax, ρ, x, ωi, Q0, Qe,

Ci, P
i
t−1,Π

i
t−1, t/T}

A 10-dimensional vector encoding: policy parameters, firm parame-
ters, market history, and time encoding.

Action Space At P i
t = Ci +

at+1
2 · (Pmax − Ci) Normalized decision at ∈ [−1, 1] mapped to bidding price P i

t ∈
[Ci, Pmax].

Transition Probability P (s′|s, a) sit+1 =
(
P i
t , Π

i
t(I

i
t)
)
,

where Iit = I(rank(P i
t ) ≤ x)

A binary indicator Iit (1 for winning) determines the realized profit
Πi

t, thereby updating the historical state (P i
t ,Π

i
t).

Reward Function Rt Rt = Iit · π0 + (1− Iit) · π1 Profit conditioned on the winning status Iit , comprising the procure-
ment profit π0 (winning) and the linkage profit π1 (non-winning).

Discount Factor γ γ = 0.99 Weighting factor for future rewards in the cumulative return.

Table 2: MDP Elements for Firm Agents in ProcureGym. This table summarizes the State Space St, encompassing
maximum valid bidding price Pmax, agreed procurement ratio ρ, number of winning bidders x, firm-specific price
linkage coefficient ωi, agreed procurement volume Q0, actual procurement volume Qe, unit production cost Ci,
previous bidding price P i

t−1, previous profit Πi
t−1, and time information t/T ; Action Space At, mapping the

normalized bidding decision at to the actual bidding price P i
t ; Transition Probability P (s′|s, a), governed by the

binary indicator of winning status Iit , winning profit π0, non-winning profit π1.

2



Figure 2: Summary of the research dataset. (A-C) Drug characteristics: dosage forms, Anatomical Therapeutic
Chemical (ATC) categories, and drugs by procurement round. (D-F) Competition: potential bidders, winners per
drug, and winning rates. (G–J) Enterprise attributes:enterprise type, originator versus generic status, in-house active
pharmaceutical ingredient production, and the distribution of log-transformed bid prices by enterprise type.

(PHIIC). The dataset comprises 328 NVBP drugs,115

predominantly oral formulations (61%) and anti-116

infectives (23%) (Figure 2A,2B), with the highest117

number of included drugs in Round 5 and the low-118

est in Round 2 (Figure 2C). Regarding competition,119

48% of drugs faced 3–5 potential bidders, result-120

ing in 2–5 winning firms for the majority (70%)121

of products and a winning rate concentrated in the122

50–80% range (Figure 2D-2F). At the firm level,123

the study involves 2,226 drug–firm pairs, domi-124

nated by generics (89%) (Figure 2H)—especially125

small and medium-sized enterprises (67%) (Figure126

2G)—with only 25% possessing in-house active127

pharmaceutical ingredient capabilities (Figure 2I)128

and distinct bid price distributions across enterprise129

types (Figure 2J).130

4 Experiment131

4.1 Settings132

Modeling the NVBP scenario within an MDP133

framework, we incorporate three heterogeneous134

agent types: (1) RL-based agents comprise IPPO135

and MAPPO; (2) LLM-based agents are pow-136

ered by the Qwen3-235B-A22B-Instruct model and137

employ a cognitive architecture characterized by138

Perception-Memory-Decision-Reflection; (3) Rule-139

based agents employ heuristic strategies formu-140

lated based on real-world government regulations141

and firm attributes. See Appendix C for details.142

The experiments are conducted in a single-round143

setting. Evaluation metrics span three dimensions:144

(1) Price Prediction Accuracy: spearman corre-145

lation and coefficient of determination (R2) be- 146

tween predicted and actual prices; (2) Selection 147

Prediction Accuracy: alignment rates between 148

predicted and actual winners under Top-K selec- 149

tion; (3) Firm Profit: profit distribution analysis 150

validating learned bidding strategies. 151

4.2 Overall experiment results 152

Figure 3A illustrates the log-scaled actual vs. pre- 153

dicted bidding prices for four algorithms, all of 154

which exhibit strong positive Spearman correla- 155

tions (ρ = 0.85–0.88, all p < 0.001). The R2 range 156

from 0.76 to 0.79, with MAPPO demonstrating 157

the highest explanatory power (R2 = 0.79) and the 158

Rule-Based method the lowest (R2 = 0.76). Figure 159

3B presents RL algorithms achieve substantially 160

higher accuracy rates (both 75%) compared to the 161

LLM (66%) and Rule-Based (64%) methods. Fi- 162

nally, Figure 3C demonstrates that the RL algo- 163

rithms learn profit-maximizing bidding strategies. 164

Although real-world bids are not always optimal, 165

RL maintains high predictive accuracy for selec- 166

tion and refines strategies to yield higher profits, 167

underscoring practical advantages in strategy en- 168

hancement rather than mere replication. 169

4.3 Further analysis 170

Further analysis show clear effects of both policy 171

and market factors. A higher procurement ratio and 172

larger contractual volume suppress bidding prices 173

and reduce profits (Figure 4A, 4B; Figure 4E, 4F), 174

whereas a higher maximum valid bidding price and 175

stronger market demand raise both bids and prof- 176
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Figure 3: Evaluation of NVBP Simulation across 7 Rounds (Rounds 2-9, excluding Round 6(insulin-focused)).
(A) Price Prediction Accuracy: Log-log scatter plot of predicted vs. actual bid prices; bubble size = number of
firms per drug. Lowess smoothing curves with 95% confidence bands visualize trends; the black diagonal line
(y = x) represents perfect prediction. (B) Selection Prediction Accuracy: Batch-wise winner alignment rate; Top-K
lowest-price ranking predictions vs. actual outcomes. (C) Firm Profit: Log-scale profit distribution.

its (Figure 4C, 4D; Figure 4G, 4H). Demand is177

the most influential market driver of profitability,178

followed by contractual volume and then produc-179

tion costs; rising costs increase bids only modestly180

and compress margins, indicating limited cost pass-181

through (Figure 4I, 4J). RL methods maintain rela-182

tively stable bid-to-ceiling ratios and consistently183

outperform LLM and rule-based baselines across184

all settings, with profitability more sensitive to the185

ceiling price than to procurement-ratio changes.186

4.4 Unveiling the logic of bidding strategies187

While RL agents demonstrate superior perfor-188

mance, LLM agents enhance the interpretability189

of the platform by providing natural language ratio-190

nales that explicate the underlying strategic logic191

and intermediate decision-making steps. Agents192

exhibit distinct pricing dynamics stemming from193

cost variance. As for Batch 2, low-cost firms pri- 194

oritized market share through aggressive low pric- 195

ing (59.8% of bids < 30.0% Pmax), whereas high- 196

cost firms pursued higher profitability, maintaining 197

higher average prices (56.7% vs. 36.2% Pmax) and 198

profit margins (60.6% vs. 34.0%). For detailed ex- 199

amples of LLM responses, please see Appendix D. 200

5 Conclusions 201

We introduce ProcureGym to simulate NVBP. RL 202

outperforms LLM and rule-based algorithms in 203

both profitability and prediction. Analysis iden- 204

tifies maximum bidding price and demand as pri- 205

mary policy and market drivers, respectively. These 206

insights offer actionable strategies for navigating 207

diverse policy and market landscapes. 208

b

Figure 4: Further Analysis of Procurement Policies with respect to Variations in Key Parameters. Predicted
bidding price and firm profit under varying: (A,B) argeed procurement ratios(ρ); (C,D) maximum valid bidding
prices(Pmax); (E,F) agreed procurement volume(Q0); (G,H) actual procurement volume(Qe); (I,J) unit production
costs(Ci). Colored lines: four algorithms; shaded areas: 95% confidence intervals.
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Limitations209

While ProcureGym provides a simulation scenario210

for drug centralized procurement bidding, and the211

agents can learn optimal bidding strategies that212

maximize profits, this study still has several limita-213

tions. First, the centralized procurement scenario214

is designed based on China’s NVBP. Although its215

logic aligns with that of most drug centralized pro-216

curement initiatives, caution should be exercised217

when extrapolating the findings to other drug pro-218

curement scenarios. Second, the model only sim-219

ulates the bidding behavior of firms. As a public220

policy, however, the aforementioned complex sys-221

tem should also incorporate governments and med-222

ical institutions—this would enable the provision223

of insights for policy optimization.224

Ethical considerations225

This study does not involve human participants226

or animals. All data used in this research were227

used with permission from the data custodians for228

academic purposes, and the data sources comply229

with ethics review requirements. The data contain230

no personally identifiable information and were231

obtained from public sources.232
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A Related Works336

A.1 Economic Simulation Modeling337

Economic simulation modeling has evolved signifi-338

cantly, progressing from rule-based ABM to Multi-339

agent reinforcement learning (MARL) grounded in340

MDP, and more recently, to agents driven by LLM.341

Early ABM primarily relied on predefined heuris-342

tic rules to simulate interactions among heteroge-343

neous entities. Adopting a "bottom-up" social mod-344

eling paradigm, these models defined individual-345

level behavioral rules to observe the emergence346

of macro-level social phenomena. However, the347

behavioral rules were typically handcrafted by re-348

searchers, resulting in a lack of learnable strategy349

optimization and an inability to adapt to drastic350

environmental variations. To incorporate rational351

decision-making, researchers began formalizing352

economic problems as Markov processes, enabling353

behavioral strategies to be learned via data-driven354

approaches rather than being manually prescribed.355

MARL frameworks, such as AI-Economist (Zheng356

et al., 2021) and TaxAI (Mi et al., 2024), allow eco-357

nomic agents to continuously learn and optimize358

strategies within dynamic games. These studies359

have demonstrated the superiority of RL over tradi-360

tional frameworks (e.g., the Saez tax framework)361

in tasks such as tax policy formulation.362

With the rise of generative AI, the simulation363

paradigm is shifting towards LLM-based agents.364

This approach employs "Homo Silicus" with the365

aim of complementing or substituting human-366

subject experiments. Compared to Rule-based and367

RL agents, LLM-based agents exhibit superior se-368

mantic understanding and human-like reasoning ca-369

pabilities. For instance, EconAgent endows LLM-370

based agents with "perception-memory-decision"371

modules (Li et al., 2024). Experiments have372

demonstrated that these agents facilitate the emer-373

gence of macroeconomic laws, such as the Phillips374

curve, within ABM environments with greater ac-375

curacy than traditional models. Building upon376

these works, EconGym offers a scalable, theory-377

grounded testbed featuring four heterogeneous eco-378

nomic roles and over 25 cross-domain tasks (Mi379

et al., 2025). It supports RL, LLM, Rule-based, and380

hybrid agent modeling, with research demonstrat-381

ing that integrating multi-paradigm agents often382

enhances system performance and robustness in383

complex coordination scenarios.384

A.2 National Volume-Based drug 385

Procurement Simulations 386

Centralized drug procurement serves as a pivotal 387

policy instrument globally for containing health- 388

care costs and enhancing medication accessibil- 389

ity (Kaplan et al., 2016; for the Western Pacific, 390

2002). China’s NVBP employs a "volume-based 391

procurement" mechanism, mandating that firms se- 392

cure market shares in specific regions through pub- 393

lic bidding. Implemented to address long-standing 394

issues of artificially inflated drug prices and re- 395

dundancies in circulation channels, this policy has 396

fundamentally reshaped the game-theoretic dynam- 397

ics of the pharmaceutical supply chain (Zhu et al., 398

2023; Yuan et al., 2021). 399

Previous studies primarily used econometric 400

methods, such as difference-in-differences and in- 401

terrupted time series analysis, to evaluate the actual 402

effects of the policy (Yang et al., 2022; Ehlers et al., 403

2022; Zhao et al., 2024). Research modeling cen- 404

tralized procurement scenarios has evolved from 405

static game analysis to dynamic system simulation. 406

Early studies primarily utilized static game theory 407

and reverse auction models to assess the impact 408

of centralized procurement on social welfare, drug 409

prices, and government expenditure (Cao et al., 410

2024; Ferreira and Pizzinat, 2025). In these stud- 411

ies, volume-based procurement is often abstracted 412

as a multi-item sealed-bid or multi-unit reverse 413

auction problem. Researchers derive the optimal 414

bidding prices and equilibrium solutions for firms 415

under complete or incomplete information within 416

Bertrand competition or Stackelberg game frame- 417

works. Subsequently, Liu’s study has used ABM to 418

explain supply shortages after the implementation 419

of centralized procurement (Liu, 2025), viewing 420

centralized procurement and drug supply as com- 421

plex, evolving systems over time. 422

In short, existing research primarily focuses on 423

econometric analysis and theoretical game mod- 424

els, with limited exploration of drug pricing sim- 425

ulations under centralized procurement policies. 426

While RL and LLM have shown strong simula- 427

tion capabilities in broader economic contexts, mi- 428

croeconomic competitive scenarios, particularly in 429

national drug procurement, remain underexplored. 430

This paper fills this gap by designing a multi-agent 431

MDP procurement environment aligned with the 432

NVBP mechanism, systematically comparing Rule- 433

based baselines, multi-agent RL algorithms, and 434

LLM agents in simulating the bidding process. 435
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B MDP Modeling436

State Space (St): We define the state space St437

for the firm i at time t as a 10-dimensional vector:438

St =

{
Pmax, ρ, x, ωi, P

i
t−1,Π

i
t−1, Q0, Qe, Ci,

t

T

}
(1)439

The state space is decomposed into four dis-440

tinct categories: (1) Policy parameters Θt =441

(Pmax, ρ, x, ωi, Q0, Qe), encompassing the max-442

imum valid bidding price, agreed procurement443

ratio, number of winning bidders, firm-specific444

price linkage coefficient, and the agreed and actual445

procurement volume; (2) Historical information446

(P i
t−1,Π

i
t−1), comprising the firm’s previous bid-447

ding price and profit; (3) Firm parameters (Ci),448

representing the firm’s production cost; (4) Time449

information (t/T ), representing the time.450

Action Space (At): The action space is defined451

as a bounded continuous scalar at ∈ [−1, 1], repre-452

senting a normalized bidding decision that is sub-453

sequently transformed to the actual bidding price454

through an mapping:455

P i
t = Ci +

at + 1

2
· (Pmax − Ci) (2)456

where bidding prices are strictly constrained to457

the economically feasible range [Ci, Pmax], with458

Ci denoting the unit production cost and Pmax the459

maximum valid bidding price.460

Transition Function (P (st+1|st, at)): State tran-461

sition dynamics are governed by a deterministic462

rank-based selection mechanism that directly mir-463

rors the actual NVBP procurement rules. Given the464

bidding prices submitted by all firms at time t, the465

allocation indicator for firm i is defined as:466

Iit =

{
1, if rank(P i

t ) ≤ x,

0, otherwise
(3)467

where rank(P i
t ) denotes the ascending price rank468

of firm i among all N competing firms, and x is the469

number of winning slots specified by the procure-470

ment policy. The allocation indicator Iit directly471

determines the profit structure for each firm. For472

winning firms (Iit = 1), the profit π0 comprises473

both procurement and price-linkage components:474

π0 = (P i
t − Ci)

ρ

x
Q0+

(P i
t (1 + ωi)− Ci)(Qe − ρQ0)βi

(4)475

For non-winning firms (Iit = 0), the profit π1 con- 476

sists solely of the price-linkage component: 477

π1 = (P i
t (1 + ωi)− Ci)(Qe − ρQ0)βi (5) 478

The instantaneous profit can thus be expressed as: 479

Πi
t = Iit · π0 + (1− Iit) · π1 (6) 480

The state transition updates historical informa- 481

tion (P i
t−1,Π

i
t−1) based on the realized profits, 482

while policy parameters Θt and market parameters 483

(Q0, Qe) remain fixed throughout the episode. 484

Reward Function (Rt): The reward is defined 485

as the instantaneous profit: 486

Ri
t = Πi

t (7) 487

This formulation creates a strategic trade-off: low- 488

ering bid prices secures winning status (Iit = 1) and 489

access to the higher profit π0, but reduces per-unit 490

margins; while raising prices improves margins but 491

risks exclusion from procurement profits, limiting 492

returns to π1. 493

Discount Factor (γ): The discount factor is set 494

to 0.99. 495

C Algorithm Implementation 496

IPPO. In the IPPO framework, each firm oper- 497

ates an independent Actor-Critic network equipped 498

with shared feature extraction layers (comprising 499

a 2-layer MLP with 128 hidden units and tanh ac- 500

tivation). The Actor generates a Gaussian policy 501

with a learnable mean and standard deviation, while 502

the Critic estimates state values. Critical hyperpa- 503

rameters are configured as follows: learning rate 504

5 × 10−5, discount factor γ = 0.99, Generalized 505

Advantage Estimation (GAE) parameter λ = 0.95, 506

and clip ratio ϵ = 0.2. To ensure stable training, we 507

implement entropy coefficient annealing (declining 508

from 0.005 to 0.001) and employ KL-based early 509

stopping (δKL = 0.01). 510

MAPPO. Adhering to CTDE paradigm, MAPPO 511

incorporates decentralized actors paired with a cen- 512

tralized critic. Each actor exclusively observes its 513

local state Si
t , while the critic accesses global state 514

information (constructed via the concatenation of 515

all agents’ states). The centralized critic provides 516

per-agent value estimates, enabling coordinated 517

learning while maintaining decentralized execution. 518

Training parameters mirror those of IPPO, includ- 519

ing λ = 0.95, ϵ = 0.2, and the activation of value 520
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function clipping. To ensure stable training, we521

implement entropy coefficient annealing (declining522

from 0.005 to 0.001) and employ KL-based early523

stopping (δKL = 0.01).524

Rule-based. This heuristic baseline utilizes a tar-525

get profit margin strategy with dynamic adjust-526

ments. Base profit margins are assigned based527

on firm type: 20% for originators (Type A), 14%528

for medium-scale generics (Type B), and 8.6%529

for small-scale generics (Types C/D). The pric-530

ing adjustments account for four factors: (1) se-531

lection probability feedback (±12% based on his-532

torical win rates); (2) competitive positioning (ap-533

plying a 2% discount relative to the mean opponent534

price); (3) temporal discounting (0.75–1.0× in later535

rounds); and (4) loss aversion (imposing an addi-536

tional 10% reduction when facing losses).537

LLM. Building upon the EconAgent frame-538

work (Li et al., 2024), LLM agents leverage struc-539

tured prompts encompassing: (1) a role definition540

designating the agent as a firm pricing strategist; (2)541

firm characteristics (such as cost and market posi-542

tion); (3) NVBP mechanism parameters (maximum543

valid bidding price Pmax, agreed procurement ratio544

ρ, agreed procurement volume Q0, and number of545

winning bidders x); (4) a 3-round decision memory546

annotated with profit change explanations; and (5)547

the current market state, including price rankings548

and selection status. The agent is instantiated us-549

ing Qwen3-235B-A22B-Thinking-2507-FP8 with550

a temperature of 0.7 and a maximum token limit551

of 512, supporting both API and LLM inference552

modes (vLLM). Furthermore, a periodic strategy553

reflection mechanism (triggered every 5 steps) facil-554

itates adaptive learning from historical outcomes.555

The prompt architecture follows a Perception-556

Memory-Decision-Reflection cognitive framework:557

the perception module parses the 10-dimensional558

state vector into natural language market descrip-559

tions; the memory module maintains a sliding win-560

dow storing the most recent 3 decision-outcome561

tuples (the bid price, profit and price rank of firm562

i in round t); the reflection module triggers every563

5 steps to analyze cumulative performance met-564

rics and prompt strategic reconsideration. The565

LLM output is constrained to structured JSON for-566

mat {"reasoning": "<text>", "bid_price":567

<float>}. We present an illustrative example of568

the system prompt and the corresponding model569

responses in Figure 5. Note: For the purpose of570

anonymity, the specific enterprise name in the pro-571

vided exemplar has been redacted and substituted 572

with the placeholder "xxx". 573

All experiments conducted in this paper were 574

run on 1-4 H200 GPUs. 575

D Cases of LLM Responses from 576

Heterogeneous Firms 577

Through a detailed analysis of the LLM-generated 578

responses, we observed that LLM-based agents 579

display heterogeneous bidding behaviors driven 580

by firm-specific costs during NVBP simulations. 581

Please refer to Figures 6 and 7 for specific instances 582

of outputs from low-cost and high-cost firms. 583
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System Prompt   You are the Pricing Strategist for xxx, participating in the National Centralized Volume-Based Pro-
curement bidding for the drug 'Adefovir Dipivoxil Tablets'. Enterprise Characteristics: Medium cost, leading position.

[Procurement Mechanism]
- Ceiling Price (Pmax): 1.08 CNY
- Agreed Procurement Ratio (rho): 60%
- Agreed Procurement Volume (Q0): 2893 units
- Number of Winning Bidders (x): 2

[Review of Historical Decisions]
- Round 2: Bid 0.23, Profit 76.7319, Rank 1, Won 100%
- Round 3: Bid 0.23, Profit 115.6812, Rank 1, Won 100% (Profit Increased)
- Round 4: Bid 0.24, Profit 115.6812, Rank 1, Won 100%

[Strategic Reflection]
Analysis of performance in the past 3 rounds:
- Average Profit: 102.6981, Average Win Probability: 100%
- Price Trend: Rising (0.23 -> 0.24)
- Reflection: Is the current strategy effective? Does the bid need adjustment to increase profit or win probability?

[Profit Variation Analysis]
Profits are essentially flat; the current strategy is stable.

[Current Status] (Round 6, Progress 10%)
- Previous Round Bid: 0.2450 CNY
- Previous Round Profit: 115.68 CNY
- Relative to Market Average Price: -73.1%
- Price Rank: 1st/3 companies
- Selection Status: Selected
- Price Trend: Rising

[Private Information]
- Cost (C_i): 0.1886 CNY
- Market Share (beta_i): 26.50%

[Bid Range] 
[0.1886, 1.0800]

Response   
"reasoning": "The current bid of 0.2450 CNY remains within the safe margin, exceeding the cost of 0.1886 CNY, and 
historical data indicates this price level ensures winning while maintaining high profitability. With a 1st place price ranking 
and low competitive pressure, a minor price increase aids in expanding profit margins. Considering the leading market 
position and the 60% guaranteed procurement volume, aggressive price reduction is unnecessary. Maintaining a prudent 
strategy, the bid is slightly raised to enhance profitability.",
"bid_price": 0.25

Figure 5: Example of the LLM System Prompt and Response
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CASE 1
Scenario Information 
Pharmaceutical Product: Simvastatin Tablets
Firm Name: Firm A.
Bidding Range [Ci, Pmax]: [0.0167, 0.2600]
Bidding Headroom (Pmax-Ci): 0.2433
Bidding Price: 0.0167
Response   
"reasoning": "The current quotation of CNY 0.0168 closely approximates the marginal cost of CNY 0.0167, indicating 
negligible scope for further price reduction. As a cost leader, the enterprise aims to secure its selection status and dis-
place high-cost competitors by maintaining a marginal profit level. Given its top-tier price ranking and stable selection 
prospects, the strategy focuses on anchoring the bid to the cost floor to defend its market position.",
"bid_price": 0.0167
----------------------------------------------------------------------------------------------------------------------------------------------------------------
CASE 2
Scenario Information 
Pharmaceutical Product: Amoxicillin Capsules
Firm Name: Firm B.
Bidding Range [Ci, Pmax]: [0.0149, 0.1000]
Bidding Headroom (Pmax-Ci): 0.0851
Bidding Price: 0.0150
Response   
"reasoning": " The current bid of CNY 0.0150 remains slightly above the cost threshold of CNY 0.0149. Currently 
ranked 3rd, the enterprise possesses a distinct competitive advantage. In light of improving market conditions and antici-
pated margin recovery, the rationale is to maintain a price point near the cost floor. This ensures both bid eligibility and a 
modest profit surplus, thereby stabilizing long-term returns.",
"bid_price": 0.0150
----------------------------------------------------------------------------------------------------------------------------------------------------------------
CASE 3
Scenario Information 
Pharmaceutical Product: Isoniazid Tablets
Firm Name: Firm C.
Bidding Range [Ci, Pmax]: [0.0300, 0.2300]
Bidding Headroom (Pmax-Ci): 0.2000
Bidding Price: 0.0450
Response   
"reasoning": "The previous quotation of CNY 0.0350 fell below the cost line, resulting in unsustainable margins and an 
adverse profit trend. As a medium-cost enterprise, the priority is to restore financial viability while ensuring bid selection. 
Benchmarked against the price ceiling of CNY 0.2300 and the prevailing competitive landscape, a strategic upward ad-
justment to CNY 0.0450 is proposed. This "price repair" strategy aims to balance selection probability with margin optimi-
zation.
",
"bid_price": 0.0450
----------------------------------------------------------------------------------------------------------------------------------------------------------------
CASE 4
Scenario Information 
Pharmaceutical Product: Indapamide Tablets
Firm Name: Firm D.
Bidding Range [Ci, Pmax]: [0.0118, 0.1100]
Bidding Headroom (Pmax-Ci): 0.0982
Bidding Price: 0.0250
Response   
"reasoning": "The enterprise failed to secure a bid in the previous round with a quote of CNY 0.0275 (ranked 7th). 
Given a marginal cost of CNY 0.0118, there is significant latitude for downward price adjustment. To enter the winning 
bracket (top 5 firms), the bid is revised to CNY 0.0250. This tactical reduction, informed by historical winning benchmarks 
around CNY 0.03, is designed to enhance the probability of selection in a competitive environment.",
"bid_price": 0.0250

Figure 6: Cases of LLM Responses from Low-cost Firms
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CASE 1
Scenario Information 
Pharmaceutical Product: Paclitaxel for Injection (Albumin-bound)
Firm Name: Firm E.
Bidding Range [Ci, Pmax]: [221.7060, 2400.0000]
Bidding Headroom (Pmax-Ci): 2178.2940 
Bidding Price: 2320.0000 
Response   
"reasoning": "The incumbent quotation of 2,350.00 CNY is positioned at the higher decile of the pricing spectrum; al-
though it exceeds the market mean, it remains within the permissible threshold. Given the firm’s significant cost-leader-
ship advantage (unit cost at 221.71 CNY) and its current tier-three winning status, a marginal downward adjustment is 
recommended. This strategy aims to solidify market share and optimize profit margins. By balancing competitive intensity 
with selection stability, a moderate price reduction will enhance the firm's strategic positioning.",
"bid_price": 2320.0
----------------------------------------------------------------------------------------------------------------------------------------------------------------
CASE 2
Scenario Information 
Pharmaceutical Product: Abiraterone Acetate Tablets
Firm Name: Firm F.
Bidding Range [Ci, Pmax]: [9.0348, 101.6700]
Bidding Headroom (Pmax-Ci): 92.6352 
Bidding Price: 53.6000 
Response   
"reasoning": "As a dominant cost-leader, the firm has achieved successive price increments with its current quotation of 
52.80 CNY while maintaining the top ranking, leading to a steady appreciation in profitability. Despite substantial pricing 
elasticity afforded by the low marginal cost (9.03 CNY), a strategic marginal markup is advised. Considering market price 
sensitivity and the prevailing competitive landscape, this adjustment will further bolster net margins without compromis-
ing the probability of bid success. With the current fulfillment rate at 58%, the objective is to optimize profitability while 
sustaining a superior competitive lead.",
"bid_price": 53.6
----------------------------------------------------------------------------------------------------------------------------------------------------------------
CASE 3
Scenario Information 
Pharmaceutical Product: Ambrisentan Tablets
Firm Name: Firm G.
Bidding Range [Ci, Pmax]: [12.7724, 80.0000]
Bidding Headroom (Pmax-Ci): 67.2276 
Bidding Price: 72.0000 
Response   
"reasoning": "The current quotation of 76.80 CNY resulted in a fourth-place ranking, falling outside the selection thresh-
old. A price reduction is imperative to enhance competitive viability. Given the marginal cost of 12.7724 CNY, there re-
mains sufficient buffer for tactical discounting. To secure a winning position within the top two rankings, a moderate price 
concession is proposed. This approach seeks to capture market share while simultaneously mitigating excessive margin 
erosion.",
"bid_price": 72.0
----------------------------------------------------------------------------------------------------------------------------------------------------------------
CASE 4
Scenario Information 
Pharmaceutical Product: Tadalafil Tablets
Firm Name: Firm H.
Bidding Range [Ci, Pmax]: [17.4441, 90.7500]
Bidding Headroom (Pmax-Ci): 73.3059 
Bidding Price: 65.5000 
Response   
"reasoning": "With a current ranking of fifth at 72.60 CNY, the firm has failed to secure a winning bid, necessitating a 
downward price adjustment. Characterized as a "medium-cost follower" (cost at 17.4441 CNY), the firm should bench-
mark its strategy against the pricing trajectories of market leaders. The objective is to converge toward the price ceiling 
while maintaining a reasonable profit margin to improve the probability of procurement inclusion. This round mandates a 
strategic price reduction to facilitate an upward shift in competitive ranking.",
"bid_price": 65.5

Figure 7: Cases of LLM Responses from High-cost Firms
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