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Abstract
Multi-agent simulation based on LLMs has in-
creasingly emerged as a new paradigm for ex-
ploring complex social phenomena and vali-
dating theoretical hypotheses. However, tra-
ditional experimental design in the social sci-
ences relies heavily on interdisciplinary ex-
pert knowledge, involving cumbersome proce-
dures and high technical barriers. While LLM-
driven agents demonstrate broad prospects for
designing experiments, their limitations re-
garding reliability and scientific rigor continue
to significantly hinder their in-depth applica-
tion in social science research. To address
these challenges, this paper proposes FSTS,
an automated framework for multi-agent ex-
periment design based on script generation.
Drawing on the concept of the “Decision
Theater,” the framework deconstructs experi-
mental design into three core phases: Script
Composition, Script Finalization, and Actor
Generation. Tests across multiple scenarios
indicate that the agents generated by this frame-
work can enact the script within the “experi-
mental theater,” reproducing results consistent
with real-world situations. The proposal of
FSTS not only effectively lowers the barrier
for social science experimental design but also
provides scientifically grounded decision sup-
port for policy-making. 1

1 Introduction

In recent years, the rapid development of artificial
intelligence technology, especially the widespread
application of Large Language Models (LLMs),
has driven a surge of research interest in “AI for
Social Science(Xu et al., 2024).” AI tools can not
only alleviate the workload of researchers but also
provide intelligent support in stages such as experi-
mental design (Xue et al., 2024b), variable selec-
tion, and scheme optimization.

*Corresponding author
1The code repository for this project is publicly available

at https://github.com/RisingDate/FSTS.

In social science, computational experi-
ments (Xue et al., 2021a, 2024a) are often viewed
as a “third paradigm” for studying complex sys-
tems in controllable virtual environments, yet adop-
tion is limited by technical and interdisciplinary
barriers. Decision-Theater-style approaches im-
prove rigor through structured, participatory work-
flows (Wolf et al., 2023) but require expert facili-
tation and substantial coordination, which hinders
scalability (Jaeger and Laubichler, 2026). Mean-
while, LLM-based agents offer flexibility (Tran
et al., 2025) but are unreliable for rigorous exper-
imental design due to hallucinations and limited
verifiability (Qin et al., 2023; Messeri and Crockett,
2024; Huang et al., 2025; Chelli et al., 2024).

Recent LLM-driven social simulation systems
and environments (e.g., Smallville (Park et al.,
2023; Xue et al., 2023b), SOTOPIA (Zhou et al.,
2023, 2025), and AgentSociety (Piao et al., 2025))
demonstrate promising progress in scalable inter-
action and evaluation. However, they largely leave
open how to systematically compile high-level re-
search requirements into standardized, inspectable,
and executable experimental scripts with explicit
control over variables, interventions, and evalua-
tion criteria (Gao et al., 2024; Xue et al., 2021b).

A central bottleneck is the generation of exper-
imental scripts: structured, executable specifica-
tions that translate high-level research questions
into concrete experimental settings (e.g., environ-
ments, variables, interventions, and evaluation cri-
teria). Despite recent progress, generating scripts
that satisfy user requirements remains challenging
for three reasons:

• Standardized yet expressive script specifica-
tion. Scripts must be machine-executable and
well-structured, while remaining expressive
enough to capture diverse evolutionary trajec-
tories and plausible social dynamics (Liu et al.,
2024b,a).
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• Combinatorial complexity in experimen-
tal design. Realistic social systems exhibit
multi-factor dependencies, creating a trade-
off between combinatorial explosion (an in-
tractably large design space) and oversimplifi-
cation (loss of validity).

• Limited fidelity of agent modeling. Many
existing frameworks emphasize dialogue- or
task-oriented behaviors, while richer agent at-
tributes, relational structures, and mechanism-
level assumptions are often under-modeled.

To address these challenges, we propose FSTS,
an automated framework for experimental design
for artificial-society simulation and reasoning. In-
spired by film production, FSTS casts experimental
design as a three-stage pipeline: (1) Script Com-
position, where a Screenwriter Agent generates
multiple candidate experimental schemes from user
requirements; (2) Script Finalization, where a Di-
rector Agent evaluates candidates along multiple di-
mensions and selects a final scheme; and (3) Actor
Generation, where an Actor Factory instantiates
experimental agents with attributes and relationship
networks specified by the script. By introducing
domain-specialized LLM agents and explicit inter-
mediate artifacts at each stage, FSTS systematizes
and automates the experimental design workflow
while maintaining interpretability and user control.

The contributions of this paper are threefold:

• We introduce FSTS, an LLM-centric frame-
work that lowers the barrier to designing com-
putational experiments for artificial-society
simulation by bridging high-level research in-
tent and executable experimental scripts.

• We propose a film-inspired multi-agent
workflow (Screenwriter–Director–Actor Fac-
tory) that separates generation, critique/selec-
tion, and instantiation, improving the structure
and reliability of script generation.

• We conduct an empirical evaluation with
quantitative metrics, human judgments, and
ablation studies, showing that FSTS produces
higher-quality experimental scripts and agents
than strong baselines.

2 Related Work

This section reviews related work on computational
experiments. We focus on two lines of research that

enable automated experimental design: require-
ment analysis methods (Casalicchio and Cotumac-
cio, 2024; Santos et al., 2024) and emerging LLM-
based multi-agent frameworks (Chen et al., 2024;
Hong et al., 2024; Yang et al., 2023).

2.1 Traditional Techniques
Before the rise of computational social science
and Large Language Models, decision-making
and modeling in social science largely relied on
traditional simulation- and facilitation-based ap-
proaches (Xue et al., 2023c).

Computational experiments (Wang, 2004a,b;
Xiao et al., 2023; Xue et al., 2023a) use com-
puter modeling and simulation to quantitatively
analyze complex social systems in a virtual envi-
ronment, providing a technical basis for model-
ing and deduction (Peng et al., 2023). Built on
visualization and simulation technologies, the De-
cision Theater (Wolf et al., 2023) offers an inte-
grated software–hardware setting that interactively
presents decision schemes to support collective
decision-making.

Compared with traditional Agent-Based Model-
ing (ABM) (Macal and North, 2009, 2005), the De-
cision Theater combines large-screen visualization
with roundtable deliberation, improving cognitive
consistency and decision effectiveness. Neverthe-
less, it remains limited by (i) high professional
requirements and cross-domain expert participa-
tion, (ii) dependence on on-site facilitation with
complex and costly procedures, and (iii) persis-
tent “Big Data–Small Data” issues, a relatively sin-
gle decision-making paradigm, and limited human–
machine collaboration.

2.2 The Era of LLM agent
LLM-based agent simulation has become a major
direction (Piao et al., 2025; Gurcan, 2024; Tang
et al., 2025; Ma et al., 2024). Table 5 compares
currently popular agent frameworks. Relative to
ABM, it lowers modeling barriers via natural lan-
guage, enables richer planning and coordination,
and introduces stochasticity. However, it remains
bottlenecked by prompt-heavy generation without
active validation and by hallucinations and bias,
which undermine rigor and credibility (Mao et al.,
2025; Zhang et al., 2025).

2.3 Limitations of Existing Approaches
Traditional computational experiments and
Decision-Theater-style workflows are rigorous but
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Figure 1: Overview of FSTS. First, the Screenwriter Agent generates multiple candidate scripts. Next, the Director
Agent reviews each script and selects the final version. Subsequently, the Actor Factory generates Actor Agents to
perform on the stage, and the performance results are fed back to the user for experimental optimization.

costly and hard to scale, whereas LLM-driven
approaches are accessible but difficult to trust for
high-stakes design. To reconcile this trade-off, we
propose FSTS, a Screenwriter–Director–Actor
framework that closes the loop from user require-
ments to experimental enactment while balancing
rigor, credibility, and usability.

3 Methodology

Drawing inspiration from the film production work-
flow, we divide the process of automated experi-
mental design into three key stages: Script Com-
position, Script Finalization, and Actor Genera-
tion. As shown in Figure 1, the framework starts
with user requirements and finally generates Ac-
tor Agents capable of performing in the designated
theater.

3.1 Script Composition
The design of the experimental script aims to cap-
ture the non-linear evolutionary characteristics of
real-world events. As shown in Figure 2, the pro-
gression of events is replete with bifurcations and
turning points: the choices made by agents at crit-
ical nodes determine subsequent trajectories, trig-
gering distinct evolutionary branches and leading

to diverse outcomes. Furthermore, the experimen-
tal script must be capable of simulating complex
causal chains, allowing different evolutionary paths
to reconverge at similar or identical final states. The
precise modeling of this path dependence and sys-
tem convergence constitutes a core requirement of
this method.

Drawing inspiration from the industrial pipeline
mechanism (Sivasankaran and Shahabudeen, 2014)
characterized by task decomposition and hierarchi-
cal collaboration, this paper proposes a hierarchi-
cal experiment script generation architecture. This
architecture deconstructs complex experimental de-
sign tasks into standardized sub-modules, achiev-
ing the mapping from macro goals to micro pa-
rameters through multi-agent collaboration. We
formally define the Experiment Script as a 5-tuple:

S =< G, I,R,D,L > (1)

Where G represents the Experiment Goal, I rep-
resents Influencing Factors, R represents Response
Variables, D denotes parameterized Design Points,
and L represents the Storyline that runs through
the experimental logic.

To improve the rationality and accuracy of the
LLM output, the framework introduces a dual con-
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Figure 2: Dynamic Mechanism of Script Evolution.
Non-linear bifurcation triggered by key decisions and
the ultimate convergence of states.

straint mechanism on both the input and output
sides:

• Input Side: Structured Guidance and Step-
wise Generation. We constrain the model’s
inference space using Domain Knowledge
Templates, requiring user input to include
three elements: research goal, core vari-
ables, and target objects. Simultaneously,
a Step-wise Generation strategy is adopted
to decompose the construction process of
script S into progressive sub-tasks targeting
G, I,R,D and L, ensuring local semantic ac-
curacy.

• Output Side: Multi-View Integration and
Format Constraints. A Multi-View Genera-
tion mechanism is introduced, where Screen-
writer Agents generate candidate schemes
from different perspectives (e.g., goal-
oriented vs. process-oriented), and the op-
timal solution is selected via weighted voting.
Additionally, strict JSON Schema Constraints
are applied to ensure that the generated scripts
can be directly parsed and executed by down-
stream simulation systems.

As illustrated in Figure 3, this framework estab-
lishes a collaborative Screenwriter-Director sys-
tem for experimental script generation. At the gen-
eration end, the Screenwriter Agent (GPT-4o) (Ope-
nAI, 2024) is responsible for parsing user require-
ments and integrating domain knowledge to con-
struct a five-dimensional preliminary script, en-
compassing elements such as experimental goals
and storylines. For the critical Design Points (D),
we adopt Design of Experiments (DOE) methods

to optimize complexity (Xue et al., 2024b), aim-
ing to obtain complete experimental conclusions
with as few experimental schemes as possible. At
the monitoring end, four Director Agents (GPT-
5 mini) (OpenAI, 2025) are deployed to conduct
itemized reviews focusing on the rationality and
standardization of the script. The system employs
a Cascading Validation mechanism: the review pro-
cess adheres to a strict sequence, where the work-
flow transitions to the subsequent stage only after
the preceding module has passed validation. Once a
defect is detected, a feedback closed-loop is imme-
diately triggered, guiding the Screenwriter Agent
to perform targeted revisions on specific modules
based on the Director’s feedback.

Figure 3: Schematic Diagram of Script Generation.
The Screenwriter composes scripts by leveraging a
knowledge base.

3.2 Script Finalization

In the Script Composition phase, the Screenwriter
Agent generates multiple candidate experimental
scripts from different perspectives based on user
requirements. Obtaining candidate scripts requires
the further selection of a unique experimental plan
for execution. Manual screening is not only costly
and prone to subjective bias but also contradicts
the objective of automated experimental design
proposed in this paper. Therefore, we adopt the
“LLM as Judge” approach to automatically evaluate
and select candidate scripts.

Existing research indicates that LLMs may ex-
hibit disadvantages in judging tasks, such as po-
sition bias, verbosity bias, self-enhancement bias,
and limited reasoning capabilities (Zheng et al.,
2023), which affect the stability of evaluation re-
sults. To address this, we referenced the work of
Zheng et al. and introduced GPT-5 mini, Qwen-

15900



235b, and DeepSeek-V3.2, which are models more
capable than the Screenwriter Agent, to form a
multi-model voting committee for scoring the re-
sults during the evaluation phase. We designed a
two-stage script finalization mechanism combining
Single-Answer Scoring and Pairwise Comparison
to enhance the reliability and rationality of the se-
lection process.

Single-Answer Scoring. In the first stage, the
LLM Judge independently scores all candidate
scripts generated by the Screenwriter Agent on a
100-point scale. The top 4 scripts with the highest
scores are retained for the next stage.

During scoring, we require the judge to follow
Nigel Gilbert’s core ABM criterion (Gilbert, 2019):
experiments should demonstrate a mechanism’s
explanatory power, not merely that a model can
run. Accordingly, the LLM Judge evaluates scripts
along Gilbert-aligned dimensions—theory-driven
design, progressive complexity, controlled and ran-
domized repetition, interpretability, and robust-
ness—to ensure methodological compliance with
computational social science experiments.

Pairwise Comparison. In the second stage, we
perform pairwise comparisons on the 4 candidate
scripts selected from the preliminary screening. In
each comparison, the LLM Judge must explicitly
state “which script is better” and provide a brief
rationale. We ultimately determine the optimal plan
through a points-based system.

To mitigate potential position bias in LLM com-
parison tasks, we swap the presentation order of
the two scripts in each pair and conduct two in-
dependent evaluations. If the results of the two
comparisons are inconsistent, we introduce a new
LLM Judge to directly finalize the better one.

Furthermore, if non-transitive preferences oc-
cur during pairwise comparisons (e.g., A is better
than B, B is better than C, but C is better than A),
an additional evaluation round is triggered. The
LLM Judge will strictly rank the relevant scripts to
resolve potential conflicts and improve the consis-
tency of the final decision.

By combining single-answer scoring with pair-
wise comparison and explicitly controlling for
known LLM weaknesses in model selection and
process design, this method maintains the degree
of automation while improving the stability and
interpretability of the script finalization phase. It
provides reliable input for subsequent simulation
experiments. Additionally, we conducted two sup-
plementary experiments. First, we compared our

method with approaches using only single-answer
scoring or only pairwise comparison to screen ex-
perimental scripts, and calculated the average run-
time, result entropy (Yu et al., 2024, 2025b), and
aggregation degree (Top-1 Confidence) of these
methods using different LLM kernels. The specific
results are shown in Table 1. Second, we supple-
mented a rigorous human alignment study, in which
we invited sociologists and computer scientists to
finalize the scripts and compared their selections
with the results chosen by the LLM acting as the
Director. The results are presented in Table 7, and
the detailed experimental setup is provided in the
Appendix A.2.

Table 1: Comparison of evaluation methods.

Method Runtime Entropy Top-1 Confidence

Single 253 1.295 0.60
Pairwise 2657 1.000 0.50

Both 613 0.722 0.80

3.3 Actor Generation
To address the bottleneck where existing frame-
works are limited to shallow interactions and lack
deep causal deduction, the Actor Factory aims to
build cognitive entities capable of deductive rea-
soning. Through a modular injection mechanism,
the system transforms general-purpose models into
specialized Agents adapted to complex scenarios.
Its cognitive architecture is supported by four pil-
lars:

Domain Knowledge Injection: To break the
limitations of general common sense, the system
dynamically loads professional knowledge bases.
This enables the Agent Factory to perform deep de-
duction based on professional causal chains, achiev-
ing expert-level decision-making mechanisms.

State and Emotion Mapping: By introduc-
ing dynamic affective computing, environmental
stimuli are mapped to psychological states in real-
time. This mechanism endows Actor Agents with
Bounded Rationality, enabling them to simulate
authentic human cognitive biases under stress or
panic, thereby significantly enhancing the ecologi-
cal validity of decisions.

Adaptive Goal Planning: Distinct from single-
step task execution, Actor Agents integrate rein-
forcement learning feedback. They can dynami-
cally adjust terminal goals and strategic priorities
in response to environmental evolution (Yu et al.,
2025a).
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Heterogeneous Cognitive Customization:
Based on an attribute orthogonalization strategy,
the system establishes differentiated cognitive
stances for Agents. Agents with different back-
grounds generate divergent reasoning paths for the
same event; this micro-level logic bifurcation is
the prerequisite for the emergence of macro-level
social complexity.

Furthermore, we introduce a Casting Direc-
tor to execute blocking validation. Simulating
an adversarial perspective, this module subjects
generated Agents to logical stress testing. This
ensures they possess substantive reasoning self-
consistency.

3.4 Script-Guided Performance

Algorithm 1 summarizes the script-guided enact-
ment procedure. Upon the finalization of the
script and the deployment of actors, the system for-
mally enters the enactment phase. Within discrete
time steps, customized Actor Agents conduct au-
tonomous deduction based on the script’s storyline.
Relying on the cognitive architecture described
in previous section, agents strictly adhere to the
Perception-Reasoning-Decision-Action closed-
loop mechanism for interaction, thereby driving
the dynamic evolution of the simulation environ-
ment.

During this process, the Director Agent assumes
the function of runtime supervision. It monitors
the logical consistency between the simulation tra-
jectory and the script’s storyline in real-time in the
background. It is also responsible for tracking indi-
vidual behaviors and collecting data at key nodes,
ultimately generating response variable records.
This realizes the closed-loop transformation from
script design to experimental data.

After the experiment concludes, the Director
Agent triggers the feedback mechanism, trans-
mitting the experimental results back to the user
and the Screenwriter Agent. This feedback sig-
nal serves as the basis for driving the revision of
user requirements and the iterative optimization of
the script scheme, ensuring that the experimental
design continuously approaches the research goals.

4 Experiments

To evaluate the capabilities and performance of the
framework in automating the experimental design
process, we conducted extensive experiments on
benchmark tasks.

Algorithm 1 Script-Guided Enactment Process

Require: Experiment Script S = ⟨G, I,R,D,L⟩,
Actor Set A

Ensure: Experiment Response Log L
1: Phase 1: Initialization
2: Deploy Actors A into the social network
3: Phase 2: Enactment Loop
4: for t = 1 to Tmax do
5: {Director Supervision}
6: if Deviation from Storyline S.L detected

then
7: Inject Correction Event to align trajectory
8: end if
9: {Actor Cognitive Cycle}

10: for each agent a ∈ A do
11: obs← Perceive(E, a.P, a.I)
12: reasoning ← Deduce(obs, a.K)

{Knowledge-based Reasoning}
13: decision ← Plan(reasoning, a.G)

{Goal-driven Planning}
14: action ← Act(decision, a.I) {Modu-

lated by Affect}
15: Update Environment E with action
16: end for
17: {Data Collection}
18: Record key node states into Log L based on

S.R
19: end for
20: return L

4.1 Experimental Setup

Figure 4: Schematic diagram of the experimental sce-
nario.

Experimental Scenario. To verify the effective-
ness of the framework, we selected the 13-day
Cuban Missile Crisis strategic game scenario. In-
volving two state agents, the USA and the USSR,
this historical event offers distinct advantages: rich
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Figure 5: Result of scenario reproduction experiment.

data availability, multi-level modeling capabilities,
a clear timeline with critical decision nodes, and
traceable results.

Model Selection. We employed GPT-4o (Ope-
nAI, 2024) and GPT-5 mini (OpenAI, 2025) as
the core models for script generation and monitor-
ing. Detailed parameter settings are provided in
Appendix E.

System Input. Guided by the feedback from
experimental results, we continuously adjusted the
system inputs. The initial user input was: “I want
to reproduce the Cuban Missile Crisis.” The final
improvements to the experimental requirements are
shown in Figure 8.

Result Evaluation. For result evaluation, we
synthesized two primary criteria: First, the de-
gree of alignment between actions taken by Actor
Agents at critical time nodes and those taken by
historical states (or corresponding leaders); Second,
the consistency of the simulation’s final outcome
with historical reality. The historical events refer-
enced in the experiment are detailed in the Table 6.

When comparing the behavioral decisions of
agents in the experiment with the actions taken by
historical national leaders, we employed Sentence-
BERT (Reimers and Gurevych, 2019) and GPT-5
mini respectively to assess the semantic similar-
ity between historical outcomes and experimental
simulation results.

4.2 Main Results
After iterative Screenwriter–Director interactions,
the system produced 10 candidate scripts. Using six
criteria, the Chief Director selected Script 2 as the
final script (83.5), which specifies 29 influencing
factors, 4 response variables, and 12 experimental
design points.

The response variables in the script include:
war event outcome probabilities, escalation

index, bilateral tension next, and systemic
tension index. Specifically, war event out-
come probabilities is categorized into four out-
comes: [Ppeace, Plimited, Pconventional, Pnuclear],
representing the probabilities of peace, limited con-
flict, conventional war, and nuclear war, respec-
tively. The changes in these variables during the
13-day simulation are illustrated in Figure 5. It can
be observed that the probability of peace shows an
overall upward trend, while the probability of war
shows a downward trend. Notably, the probability
of war rose briefly on the 19th and between the
23rd and 24th, coinciding with the scheduled time
points of inject events.

Evaluated using the Sentence-BERT model, the
semantic similarity between the decisions made
by the script-generated Actor Agents and the ac-
tions taken by historical national leaders was 53.50,
whereas it reached 72.50 using GPT-5 mini. The fi-
nal outcome of the event simulation was “peaceful
resolution, but tense relations,” which is consistent
with historical reality.

Table 2: Comparison of experimental design methods
and full factorial methods.

Method Num(I) Num(R) Num(Exp)
Result

p1 p2 p3 p4

Total Factor 5 2 243 0.091 0.708 0.123 0.078
Ours 5 2 27 0.148 0.593 0.148 0.111

4.3 Experimental simplification

To validate the effectiveness of this framework in
simplifying the experimental space, we selected a
baseline experimental requirement as a test case
(see Appendix B.1 for details). We conducted com-
parative experiments using two modes: the experi-
mental design points generated by the Screenwriter
Agent versus the Full Factorial Design. The re-
sults are presented in Table 2. The variables p1
to p4 represent the probabilities of the following
outcomes: Peace, Peace with Tension, Local War,
and Total War, respectively. Data analysis reveals
that, compared to the full factorial traversal, the
experimental schemes generated by FSTS signifi-
cantly reduced the experimental scale. Meanwhile,
the proportional distribution characteristics of the
results maintained high consistency with the full
factorial combinations, demonstrating the method’s
efficiency and reliability.
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Table 3: Comparison of different order distribution methods.

Distribution Mode H-M Ratio Runtime (s) Orders Total Platform Cost Platform Efficiency

Normal Distribution 1:2 165.33 124.33 56742.33 38731.67
Normal Distribution 1:1 123.67 121.67 57866.33 36206.67
Normal Distribution 2:1 116.00 132.00 66783.00 39061.00

Uniform Distribution 1:2 144.33 110.67 50386.33 32892.67
Uniform Distribution 1:1 116.67 131.00 59329.00 35345.00
Uniform Distribution 2:1 109.00 112.33 56568.33 26679.67

Table 4: Comparison of different human-machine difficulties and ratios.

Order Difficulty H-M Ratio Runtime (s) Orders Total Platform Cost Platform Efficiency

2 1:2 165.33 124.33 56742.33 38731.67
1 1:2 120.83 121.00 38845.00 24704.00
3 1:2 215.33 116.00 78906.67 53325.33
3 3:1 136.67 126.67 96494.33 49147.67

4.4 Counterfactual Experiments
To further validate robustness and adaptability, we
introduced counterfactual perturbations that force
key events or agent personalities to deviate from
historical trajectories and examined the resulting
changes in the simulation.

Specifically, we constrained “Kennedy” to
adopt a consistently hardline stance. The
script tracks war outcome probabilities,
event trajectory, and international ten-
sion, where war outcomes are represented as
[scorepeace, scorelimited, scorefull] for peace,
limited conflict, and full-scale war. Trends over
the 13-day simulation are shown in Figure 6.

Figure 6: Result of counterfactual experiment.

Experimental logs indicate that between the 23rd
and 24th, small-scale conflicts erupted between the
United States and the Soviet Union, leading to a
significant deviation in the overall event trajectory.
Evaluated via the Sentence-BERT model, the se-

mantic similarity between the Actor Agent’s deci-
sions and history was 50.88, while on GPT-5-mini,
it was 66.30. Consequently, the final simulation
outcome shifted to “Limited Conflict: Localized
military confrontations occurred but did not esca-
late into full-scale war.”

4.5 Further Analysis

To assess generalization, we evaluated FSTS on
additional scenarios.

Digital Service Market Scenario: We study
how the human–machine collaboration ratio affects
platform efficiency, cost, and effectiveness under
varying environments. Results in Table 3 and Ta-
ble 4 suggest that full automation (a high robot ra-
tio) is suboptimal; increasing human nodes yields
substantial time-efficiency gains at an acceptable
cost increase.

O2O (Online-to-Offline) Delivery Scenario:
We examine how does the evolution of rider cog-
nition lead to “Involution”. As shown in Figure 7,
the phenomenon stems from a cognitive shift from
“Routine” to “Mimicry” and “Intensified Effort.”
This escalation drives up labor costs without yield-
ing proportional income gains.

Furthermore, we investigated how role attribute
injection affects simulation trajectories, and how
the Director Agent’s oversight mechanism impacts
script generation quality. Detailed experimental
setups and results are provided in Appendix B.4
and Appendix B.5.
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Figure 7: Evolution of Rider Cognition Leading to "In-
volution".

5 Conclusion

This paper proposes an automated exper-
imental framework based on a Screen-
writer–Director–Actor collaborative loop,
enabling end-to-end automation from natural-
language requirements to experimental design.
Multi-scenario case studies demonstrate its validity
and generalization for complex social systems,
offering a low-barrier and scalable paradigm for
AI-driven social science experiments.

6 Limitations

The limitations of this study are mainly reflected
in three aspects. First, regarding model ecosystem
generalization. While we introduced diverse mod-
els (e.g., Qwen, and DeepSeek) during the Script
Finalization phase for human alignment evalua-
tion, the core generative pipelines—specifically
Script Composition and Actor Generation—still
heavily rely on specific GPT-series models. Sec-
ond, concerning functional boundaries, the existing
framework focuses on the automated orchestration
of experimental design but has not yet achieved a
"full-chain" automated closed loop from user intent
analysis to deep result analysis. Third, regarding
reasoning robustness, limited by the random nature
of LLMs, the system may still experience a decline
in logical coherence when dealing with long-range,
complex deductions.

7 Ethical Considerations

Our proposed framework for LLM-based social
simulation relies solely on publicly available data
and does not involve human subjects, ensuring

no privacy violations. While we recognize that
LLMs may propagate training data biases, we em-
ploy structured constraints and multi-agent cross-
validation to minimize these effects. This system
is a research tool for decision support, not a predic-
tive engine; therefore, its outputs should be inter-
preted with caution and require human supervision
for any real-world application. We advocate for
responsible use and provide interpretable outputs
to facilitate transparency and prevent the potential
simulation of harmful strategies.
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A Supplementary Description

A.1 Script Example

Script: Cuban Missile Crisis Simulation

Research Goal: By reproducing the Cuban
Missile Crisis events, analyze the impact of
factors such as national strength, economic
situation, technological level, military arma-
ment, and leaders’ decision-making styles
on key war events and final outcomes.
Target Type: Phenomenon Explanation
Method: Scenario analysis (First scenario
is historical calibration)

Input Factors & Response Variables

• Influence Factors:

us_conventional_military_strength,
ussr_conventional_military_strength,
us_strategic_nuclear_strength,
ussr_strategic_nuclear_strength
us_economic_capacity
ussr_economic_capacity
us_technological_level
ussr_technological_level
us_alliance_support
ussr_alliance_support
us_intelligence_uncertainty
ussr_intelligence_uncertainty
us_deployment_proximity_to_cuba
ussr_deployment_proximity_to_cuba
distance_us_ussr
missile_deployment_in_cuba
initial_bilateral_tension
perception_noise_us
perception_noise_ussr
us_leader_risk_tolerance
ussr_leader_risk_tolerance

us_leader_hostility
ussr_leader_hostility
us_leader_transparency
ussr_leader_transparency
us_domestic_political_pressure
ussr_domestic_political_pressure
decision_temperature_us
decision_temperature_ussr

• Response Variables:

war_event_outcome_probs
escalation_index
bilateral_tension_next
systemic_tension_index

Parameter Configuration

{
"us_conventional_military_strength": [

0.6, 0.6, 0.5, 0.4, 0.7, 0.65, 0.55,
0.3, 0.8, 0.6, 0.45, 0.6],

"ussr_conventional_military_strength": [
0.8, 0.85, 0.9, 0.75, 0.65, 0.8,
0.95, 0.85, 0.7, 0.6, 0.9, 0.78],

"us_strategic_nuclear_strength": [0.9,
0.92, 0.88, 0.85, 0.95, 0.9, 0.8,
0.6, 0.97, 0.9, 0.7, 0.85],

"ussr_strategic_nuclear_strength": [
0.85, 0.88, 0.92, 0.8, 0.78, 0.86,
0.95, 0.6, 0.75, 0.7, 0.98, 0.82],

"us_economic_capacity": [0.9, 0.85,
0.8, 0.75, 0.95, 0.7, 0.6, 0.5,
0.92, 0.88, 0.65, 0.9],

"ussr_economic_capacity": [0.6, 0.55,
0.5, 0.45, 0.65, 0.7, 0.6, 0.4,
0.72, 0.5, 0.8, 0.58],

"us_technological_level": [0.9, 0.88,
0.85, 0.8, 0.95, 0.82, 0.7, 0.55,
0.96, 0.9, 0.6, 0.86],

"ussr_technological_level": [0.7, 0.75,
0.6, 0.55, 0.65, 0.78, 0.85, 0.5,
0.68, 0.72, 0.4, 0.74],

"us_alliance_support": [0.8, 0.85, 0.7,
0.6, 0.95, 0.5, 0.4, 0.3, 0.9, 0.82,
0.55, 0.75],

"ussr_alliance_support": [0.4, 0.45,
0.6, 0.5, 0.35, 0.55, 0.7, 0.3, 0.2,
0.6, 0.8, 0.48],

"us_intelligence_uncertainty": [0.4,
0.3, 0.6, 0.7, 0.2, 0.5, 0.8, 0.25,
0.1, 0.55, 0.65, 0.35],

"ussr_intelligence_uncertainty": [0.4,
0.35, 0.65, 0.75, 0.3, 0.55, 0.85,
0.4, 0.12, 0.6, 0.7, 0.45],

"us_deployment_proximity_to_cuba": [
0.8, 0.7, 0.2, 0.1, 0.5, 0.6, 0.15,
0.05, 0.9, 0.75, 0.25, 0.82],

"ussr_deployment_proximity_to_cuba": [
0.9, 0.85, 0.95, 0.4, 0.2, 0.75,
0.3, 0.1, 0.85, 0.65, 0.35, 0.88],
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"distance_us_ussr": [0.2, 0.2, 0.25,
0.3, 0.4, 0.1, 0.05, 0.8, 0.5, 0.9,
0.15, 0.6],

"missile_deployment_in_cuba": [1.0,
0.0, 1.0, 0.0, 0.0, 0.5, 0.0, 0.0,
1.0, 0.0, 1.0, 1.0],

"initial_bilateral_tension": [0.5, 0.2,
0.7, 0.6, 0.4, 0.65, 0.3, 0.15,
0.55, 0.45, 0.8, 0.6],

"perception_noise_us": [0.1, 0.05, 0.2,
0.15, 0.05, 0.6, 0.4, 0.02, 0.12,
0.5, 0.3, 0.08],

"perception_noise_ussr": [0.1, 0.05,
0.25, 0.15, 0.2, 0.65, 0.45, 0.03,
0.14, 0.55, 0.35, 0.1],

"us_leader_risk_tolerance": [0.5, 0.4,
0.6, 0.55, 0.65, 0.7, 0.3, 0.2, 0.8,
0.5, 0.45, 0.58],

"ussr_leader_risk_tolerance": [0.6,
0.4, 0.8, 0.7, 0.4, 0.75, 0.35,
0.25, 0.85, 0.6, 0.5, 0.65],

"us_leader_hostility": [0.3, 0.2, 0.4,
0.35, 0.25, 0.6, 0.5, 0.1, 0.45,
0.28, 0.7, 0.32],

"ussr_leader_hostility": [0.5, 0.2,
0.8, 0.6, 0.45, 0.65, 0.55, 0.15,
0.6, 0.35, 0.85, 0.48],

"us_leader_transparency": [0.6, 0.8,
0.4, 0.5, 0.8, 0.3, 0.25, 0.7, 0.55,
0.45, 0.2, 0.65],

"ussr_leader_transparency": [0.4, 0.7,
0.3, 0.45, 0.5, 0.3, 0.2, 0.65, 0.4,
0.5, 0.15, 0.62],

"us_domestic_political_pressure": [0.6,
0.3, 0.6, 0.5, 0.4, 0.8, 0.2, 0.1,
0.65, 0.55, 0.9, 0.58],

"ussr_domestic_political_pressure": [
0.7, 0.3, 0.9, 0.7, 0.6, 0.8, 0.4,
0.25, 0.75, 0.5, 0.95, 0.68],

"decision_temperature_us": [0.3, 0.5,
0.35, 0.4, 0.3, 0.8, 0.2, 0.6, 0.25,
0.45, 0.9, 0.38],

"decision_temperature_ussr": [0.4, 0.5,
0.25, 0.3, 0.4, 0.9, 0.22, 0.55,
0.3, 0.48, 0.85, 0.42]

}

A.2 Human Alignment Study for
LLM-as-a-Judge

We randomly selected 50 sets of scripts generated
by the Screenwriter Agent prior to the final script
finalization phase in FSTS. Each set contained
10 candidate scripts. Via questionnaire surveys,
we invited 25 sociologists and 25 computer sci-
entists to finalize the script for each set. Concur-
rently, we employed GPT-5 mini, Qwen3-235B,
DeepSeek-V3.2, Gemini 3 Pro, and GPT-5.1 as
Director Agents to independently select the experi-
mental scripts.

We utilized Krippendorff’s α to evaluate the
agreement among human scientists, among AI
models, and between the two groups. As shown

in Table 7, the experimental scripts selected by the
FSTS Director Agent exhibit a high degree of con-
sistency with the choices made by human scientists.

B Additional Results

B.1 FSTS-Guided Requirement Refinement

Figure 8: Example of requirement refinement.

B.2 Q&A on the digital services market
scenario

Figure 9: Network conditions during system congestion.

Question: To investigate the mechanism by which
the human-machine collaboration ratio impacts
the platform’s overall operational efficiency, cost,
and effectiveness under different external environ-
ments.
Answer: As shown in Table 3 and Table 4, the
system resource structure is clearly unbalanced in
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Table 5: Comparison of Different Agent Frameworks

Framework Agent Generation Mechanism Agents Self-Correction Limitations

AutoGPT Think-Act-Feedback Loop 1 ✓ Poor stability in task execution
Camel Role assignment based on scenar-

ios
2 × High dialogue openness; prone

to deviating from task goals
ChatDev Strictly predefined multi-agent

collaboration
6 ✓ Limited scenarios; applicable

only to software development
MetaGPT Agent generation based on role

templates
Unlimited × Over-engineered workflows; lim-

ited generalizability
AutoGen User-defined configuration Unlimited × Cumbersome configuration; high

dependency on parameters
LangGraph Code-based agent customization Unlimited ✓ Requires user programming pro-

ficiency
FSTS (Ours) Dynamic generation based on

scripts & experimental scenarios
Unlimited ✓ Relies on high-quality scripts

scenarios involving high-complexity orders. Fig-
ure 9 reveals that human clerks were in a chronic
state of high load, whereas robot agents remained
largely idle. This dependency resulted in a sub-
stantial backlog of orders at the human processing
stage and a waste of computational resources. A
comparison of experimental results with different
human-machine ratios demonstrates that appropri-
ately increasing the proportion of human clerks sig-
nificantly mitigates these bottlenecks. Therefore,
sole reliance on automation (a high robot ratio)
is not the optimal solution. Optimizing collabo-
ration by increasing the number of human nodes
is an effective strategy to trade an acceptable cost
increment for significant gains in time efficiency.

B.3 Q&A on the O2O delivery scenario

Question: To investigate how the collective men-
tal state of delivery riders evolves over time with
changes in labor expenditure and income, and how
this ultimately leads to the phenomenon of “Invo-
lution.”
Answer: In the Figure 7, different colors denote
riders in distinct cognitive or operational states:

• Yellow circles: Represent the initial state, i.e.,
riders working “Regularly” (Routine).

• Purple circles: Represent riders entering a
“Hard-working” state.

• Green circles: Represent riders engaging in
“Imitation” of others.

• Blue circles: Represent riders maintaining a
“Work-Life Balance.”

• Dashed lines: Indicate the interactions and
transition processes between different states.

Initially, riders predominantly occupy the “Reg-
ularly” state (yellow nodes). As time progresses,
interactions and mutual influences occur among rid-
ers. The graph illustrates a progressive shift where
an increasing number of riders transition from
the initial state to “Imitation” (green) or “Hard-
working” (purple) states. Over time, while the
riders’ Labor Cost rises, their Income stabilizes
(plateaus) after a few days. Although the majority
of riders are influenced to intensify their efforts
or mimic high-intensity workers—leading to an
increase in overall working hours—their actual in-
come does not rise proportionally due to the finite
total volume of orders. Only a minority (blue)
maintain their original state. This phenomenon of
“expending more labor (increased travel distance)
without a proportional increase in income” char-
acterizes the essence of “Involution” as revealed
through cognitive analysis.

B.4 Quantitative Analysis of the Impact of
"Role Attribute Injection" on Simulation
Trajectories

Experimental Setup: We selected the Cuban Mis-
sile Crisis and O2O Delivery scenarios, utilizing
GPT-5 mini as the evaluation backbone, to compare
the performance of the following three configura-
tions across 30 repeated experiments:

• Group A (Full Attribute Injection): In-
cludes domain knowledge injection, emo-
tional mapping (bounded rationality), adap-
tive goal planning, and heterogeneous cog-
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Table 6: Representative events of the Cuban Missile Crisis

Date Event Action taken by Country/Leader

Oct. 16 U.S. U-2 reconnaissance aircraft detects So-
viet missile deployment in Cuba.

Established ExComm to institute a top-secret
decision-making framework.

Oct. 18 Soviet Foreign Minister Gromyko visits the
U.S. and denies missile deployment.

JFK withheld intelligence and feigned igno-
rance to probe Soviet intentions.

Oct. 20 The U.S. formulates a response plan. Adopted ExComm’s recommendation; autho-
rized a “Naval Quarantine” over air strikes.

Oct. 22 Kennedy publicly reveals Soviet missile de-
ployment in Cuba.

Delivered televised address to inform the na-
tion and declare resolve for the blockade.

Oct. 23 U.S. prepares to implement the quarantine. Secured OAS endorsement for legal backing;
fully deployed the military blockade.

Oct. 24 U.S. blockade goes into effect. Soviet ships turned back at the quarantine
line; military standoff ensued.

Oct. 25 Confrontation at the UN. US unveiled aerial photographic evidence at
the UN to dominate the diplomatic narrative.

Oct. 26 The Soviet side signals goodwill to the U.S. Khrushchev proposed a “non-invasion pledge
for missile removal” deal.

Oct. 27 A U.S. reconnaissance plane is shot down
over Cuba; military advises retaliation.

JFK ignored the letter, responding only to the
initial conciliatory proposal.

Oct. 28 Khrushchev announces agreement to with-
draw missiles from Cuba via broadcast.

Concluded a secret deal to resolve the crisis.

Table 7: Krippendorff’s α Across Different Evaluator Groups.

Computer Scientists Social Scientists FSTS Director Agent Human Scientists Overall

0.8891 0.8849 0.9783 0.7665 0.7711

nitive customization (attribute orthogonaliza-
tion).

• Group B (Partial Injection - No Emotion/-
Domain): Removes emotional mapping and
domain knowledge; agents rely solely on the
model’s general common sense and basic role
settings.

• Group C (Zero Injection - Baseline): Re-
moves all injection mechanisms, providing
agents only with simple identity labels to sim-
ulate generic multi-turn LLM dialogues.

Experimental Results:

• In the Cuban Missile Crisis scenario: Group
A proved to be the core element in ensuring
the authenticity of the simulation trajectory.
Within this group, the agents’ decisions at crit-
ical time nodes exhibited an extremely high
degree of alignment with historical trajecto-
ries, achieving a GPT-5 mini semantic similar-
ity score of 72.5. In contrast, Group B, which

lacked emotional mapping and professional
background, saw its score drop to 63.2, while
Group C, equipped only with simple identity
labels, plummeted to 42.1. The data demon-
strates that agents lacking state and emotional
mapping are unable to simulate the cognitive
biases of real humans under pressure. Their
behavioral trajectories lean toward generic lin-
guistic alignment rather than authentic social
gaming.

• In the O2O Delivery scenario: At the micro-
level for Group A, attribute injection endowed
rider agents with bounded rationality and the
right of refusal. Agents were able to make
game-theoretic choices regarding dispatches
based on current load, income expectations,
and physiological states, successfully sim-
ulating the non-linear characteristic of “in-
creased labor expenditure with plateauing in-
come.” Conversely, when facing extreme
high-pressure order flows, Groups B and C—
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Table 8: The Impact of the Director Agent’s Oversight Mechanism on Script Quality.

Experimental Setup
Script

Generation
Time (min)

Proportion of
High-Quality

Scripts

Result
Entropy

Actor
Attribute

Alignment

Historical Trajectory
Semantic Similarity

With Director
Oversight 102.39 96.7% 0.72 0.88 72.50

Without Director
Oversight 5.32 43.3% 1.68 0.46 51.40

Without Feedback
Mechanism 12.21 63.3% 1.03 0.62 59.60

lacking cognitive architectural constraints—
tended to either blindly accept all orders or
reject them without reason. Their decision-
making rationality significantly deteriorated,
leading to frequent system capacity collapses.

B.5 The Impact of the Director Agent’s
Oversight Mechanism on Script Quality

Experimental Setup: We consistently used GPT-5
mini and GPT-4o as the backbones for the Director
Agent and Screenwriter Agent, respectively. We
investigated the impact on script generation under
three conditions: with Director Agent oversight,
without Director Agent oversight, and without a
feedback mechanism. Using the user requirements
mentioned in the text for the Cuban Missile Crisis
scenario, we conducted 30 repeated experiments
for each of the three conditions.

As comparative considerations, we evaluated the
quality of the generated scripts, the actor generation
process, and the actors’ performances on stage. The
resulting data is presented in the Table 8.

Metric Definitions:

• Script Generation Time: The average time
taken by the Screenwriter Agent to generate a
script, measured in minutes.

• Proportion of High-Quality Scripts: The
percentage of scripts that have a correct
JSON format and contain the complete
⟨G, I,R,D,L⟩ 5-tuple.

• Result Entropy: Represents the stability
and consistency of the influencing factors
and response variables within the generated
scripts. The calculation formula is Hres =
−∑n

i=1 P (xi) log2 P (xi), where xi repre-
sents the i-th specific script configuration (i.e.,
a specific combination of influencing factor
sets and response variable sets).

• Actor Attribute Alignment: The degree to
which the Agent attributes generated by the
Actor Factory align with the requirements of
the “Storyline (L)” and “Design Points (D)”
in the script. This metric is evaluated by
GPT-5 mini and is a value between 0 and 1,
with higher values indicating better alignment.
Prior to the evaluation, we manually provided
two scripts with alignment scores of 0.3 and
0.8 as baseline references for the LLM.

• Historical Trajectory Semantic Similarity:
We used GPT-5 mini to calculate the align-
ment between the simulated actions and the
historical records (Table 6).

C Scenario Description

C.1 Cuban Missile Crisis Simulation Scenario

This study selects the Cuban Missile Crisis as the
core experimental scenario. This event represents
not only a high-stakes geopolitical confrontation
but also a Complex Social Adaptive System that
poses significant modeling challenges. As a histor-
ical event, it offers distinct advantages, including
rich data availability, multi-layered modeling po-
tential, a clear timeline with critical decision nodes,
and traceable outcomes.

The complexity of the modeling is primarily re-
flected in the following three dimensions:

Cognitive Heterogeneity and Dynamics. Un-
like particle simulations characterized by homo-
geneity, every Agent in this scenario possesses an
independent cognitive architecture. Agents per-
ceive external information through a “Global Chan-
nel” while being simultaneously driven by their
intrinsic political stances and psychological states.
This interaction between endogenous thinking and
the exogenous environment renders the decision-
making process full of irrationality and uncertainty.

15913



Interaction Sparsity and Temporal Sensitivity.
The experiment uses “days” as discrete time steps
to simulate the high-tension atmosphere where
every second counts. Information transmission
occurs through restricted channels, compelling
Agents to make decisions within a “fog of incom-
plete information.” Any minor misjudgment can
be amplified into a nuclear war through non-linear
feedback mechanisms.

Quantifiable Representation of Macro-
Emergence. To capture the impact of micro-
interactions on the macro situation, the system
introduces the “International Tension Index”
as a global state variable. This index is not a
simple linear weighting; rather, it is dynamically
calculated based on daily Agent interaction results,
reflecting in real-time the system’s distance from
the “brink of collapse.”

C.2 O2O Delivery Scenario
This study selects O2O instant delivery services as
the core experimental scenario. This domain repre-
sents not merely a large-scale logistics scheduling
problem but a Complex Adaptive System (CAS)
presenting significant modeling challenges. Within
this scenario, the experimental platform constructs
an open environment that supports user-defined
distributions of merchants, users, and riders, simu-
lating the highly dynamic supply-demand matching
network of the real world.

The complexity of the modeling is primarily re-
flected in the following three dimensions:

Agent Heterogeneity and Autonomous Decision-
Making: Unlike the homogeneous particles in
traditional path planning, Rider Agents in this
scenario possess independent cognitive architec-
tures and attribute differences. The system utilizes
an “ExtraAttrSetter” to endow riders with multi-
dimensional heterogeneous attributes, including
gender, age, maximum order capacity, and person-
alized descriptions. Riders are no longer mechan-
ical executors of platform commands but active
strategic agents with the Right of Refusal. When
facing a platform dispatch, riders evaluate the order
based on their current state (location, existing order
load) and internal logic. They may make a deci-
sion to reject the order and provide specific reasons.
This micro-level autonomous gaming increases the
uncertainty of system scheduling.

Environmental Stochasticity and Temporal Sen-
sitivity: The experiment uses discrete Time Steps
as the unit to simulate the time-critical pressure

of instant delivery. The generation of order flows
is not linear but follows a stochastic distribution
model consistent with reality, integrating multiple
variables such as Peak periods, Weekend effects,
and Area Tiers. Agents must interact in real-time
within this highly non-stationary, tidal environment,
where any delay or rejection in a single link can
trigger a butterfly effect, impacting subsequent ca-
pacity allocation.

Holistic Observability of Macro-States: To cap-
ture the emergent impact of micro-interactions on
macro-efficiency, the system establishes a com-
prehensive state tracking mechanism. The plat-
form functions as a “Panopticon,” calculating
and recording the spatial trajectories, order loads,
and income of all riders in real-time at every
time step. This data flow not only reflects the
system’s real-time load but also quantifies the
system’s elasticity and service boundaries under
pressure through the closed-loop logic of “Dis-
patch—Feedback—Redispatch.”

C.3 Digital Service Market Scenario
The Data Service Market represents not only an
efficient platform for digital government collabora-
tion but also a typical Multi-Agent Complex Social
System. In this scenario, the experimental platform
constructs a three-tier governance environment con-
sisting of “Platform—Agency—Agent,” simulating
the cross-departmental and cross-hierarchical data
service collaboration network in the real world.

The complexity of the modeling is primarily re-
flected in the following three dimensions:

Multi-level Collaboration and Micro-
Heterogeneity. Transcending single-layer, flat
multi-agent systems, this scenario builds a
hierarchical organizational architecture. Externally,
the system faces continuous dynamic demands
(orders); internally, it nests a three-layer structure:
the Top-level Platform is responsible for macro-
scheduling and task allocation; Middle-level
Agencies (8 heterogeneous institutions) specialize
in specific types of government services and pos-
sess independent internal network topologies (e.g.,
Small-World or Scale-Free networks); Bottom-
level Agents (clerks and robots) handle specific
tasks based on heterogeneous attributes (e.g.,
efficiency, maintenance costs, human-machine
ratio). This nested modeling requires the system to
simultaneously handle macro-level inter-agency
collaboration and micro-level individual behavioral
gaming.
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Full-Process Automated Experimental
Closed-Loop. The platform achieves a full-process
closed loop from Crowd Intelligence Modeling to
intervention and control. It supports user-defined
environmental parameters (e.g., order arrival rates
following Queuing Theory distributions) and agent
attributes, while integrating visual construction
tools for Structural Equation Modeling (SEM). The
experiment is not merely a running process but a
comprehensive scientific workflow containing “En-
vironment Design—Agent Design—Experiment
Design—System Execution—Intervention Con-
trol—Analysis—Optimization—Reporting.”
Notably, it introduces a “Fishbone-style” interface
for experimental design, supporting visual causal
modeling of goals, influencing factors, and
response variables, which greatly enhances the
scientific rigor and interpretability of the design.

Dynamic Intervention and Anomaly Detec-
tion Mechanisms. To ensure system robustness,
the platform incorporates a high-precision anomaly
detection module. By integrating a dual mecha-
nism for system-level and individual-level detec-
tion, the system can monitor fluctuations in key
metrics such as service efficiency, Value Entropy,
and productivity in real-time. The system supports
Online Intervention, allowing users to dynamically
adjust parameters or inject sudden events (e.g., ad-
justing order strategies or wage systems) during the
simulation.

D Prompt Templates for FSTS Agents

D.0.1 Screenwriter

[System Prompt]
You are conducting a requirements analysis
for the deduction of complex social model
systems. You are to act as a Senior Re-
quirements Engineer. While you may draw
upon your own experience, you must strictly
prioritize content relevant to the simulation
process. During this process, you may en-
counter references to “experimental meth-
ods”; please note that these refer exclusively
to computational experiment methods.

[User Prompt]
- You are required to screen and evaluate
based on the currently proposed experimen-
tal request, the objectives of the request,
the influencing factors, the response vari-
ables, and the experimental analysis meth-

ods. Your generated scheme should focus
on <focus>.
The user’s request is: <req>
- When responding, you must adopt the fol-
lowing JSON format. Do not provide expla-
nations for any variables.

goal: The objective of the user’s current ex-
periment or hypothesis...
influence_factor: Influencing factors...
response_var: Response variables...
formula: The corresponding formulas be-
tween influencing factors and response vari-
ables...
exp_params: The format for experimental
parameters is JSON...
story_line: The main storyline...

D.0.2 Director

[System Prompt]
You are currently conducting requirements
analysis and Agent design for the simulation
of complex social model systems. Prior to
this, I have proposed a reasonable experi-
mental scheme based on user requirements
and generated the Agents required for the ex-
periment according to both the requirements
and this scheme.
Your task is: Referencing the provided ‘Re-
quirements’ and ‘Experimental Scheme’,
judge whether the quantity and attributes
of the generated Agents are reasonable.
If they are unreasonable, please provide the
reasons using the most concise language
possible.
[User Prompt]
User Requirements: <req>
Generated Experimental Design Scheme:
<exp_plan>
Generated Agents: <agent_list>
- Your response must be in JSON format and
cover two scenarios:
Case 1: If you deem the agent scheme I gen-
erated to be reasonable, the response format
is: ‘is_reasonable”: 1 “reason”: The justifi-
cation for its rationality. reason must be a
string in Chinese.
Case 2: If you deem the previous analy-
sis unreasonable, the response format is as
follows: “is_reasonable”: 0 “reason”: The
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reason why the agent team is unreasonable.
Please be as concise as possible and provide
clear modification suggestions. reason must
be a string in Chinese.

E Hyperparameter settings

We configured the hyperparameters for both GPT-
4o and GPT-5 Mini to ensure a fair comparison.
The temperature was set to 0.7 to allow for di-
verse generation, while Top-p was kept at 1.0. To
mitigate repetitive loops, we applied a Frequency
Penalty of 0.0 (unless otherwise noted). For repro-
ducibility, we fixed the random seed to 42 across
all API calls. The maximum generation length was
restricted to 4, 096 tokens.
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