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Abstract

Deep Research agents powered by Large Lan-
guage Models (LLMs) have exhibited extraor-
dinary potential in automated paper writing
tasks. However, existing systems rely heav-
ily on literature retrieval and synthesis through
internet and local knowledge bases, often re-
sulting research in lacking insight and creativ-
ity in social science. To address this issue,
we propose “Memory-Augmented Social Sim-
ulation (MASS)”, an innovative paradigm that
leverages highly realistic and research-oriented
social simulations to enhance the creativity
and empirical founding of LLMs-generated re-
search. Specifically, MASS integrates three
core components: dynamic goal-path planning
with multi-level social norm restraint to guide
the simulation, a multi-disciplinary behavior
dataset for agent memory cold-start, and a
structured forgetting mechanism inspired by
the Ebbinghaus curve. Together, these ensure
simulation authenticity and provide a robust
empirical foundation for generating innovative
scholarly papers. Experimental results demon-
strate the effectiveness of our method, show-
ing a 6.81% improvement in generation overall
quality over foundation LLMs and 17.19% gain
in Insight over strong baselines. Dataset and
codes will be released.1

1 Introduction

Large Language Model agents have achieved break-
through progress, demonstrating exceptional capa-
bilities in knowledge discovery (Liu et al., 2024;
Guo et al., 2024), information integration (Guo
et al., 2023), and multi-agent collaboration. This
potential is gradually permeating academic re-
search, spurring exploration into automated sci-
entific research and data analysis (Xu and Peng,
2025; Zhang et al., 2025).

*Corresponding author.
1https://github.com/tjunlp-lab/MASS_

DeepResearch

Among them, Deep Research agents have been
widely applied in social science, which is an au-
tonomous research agent that executes workflows
and generates papers by planning and iterative re-
trieval, a process dependent on retrieving and syn-
thesizing vast literature. They, however, prove par-
ticularly limiting in social science, a field charac-
terized by complexity, practicality and subjectivity,
where true insight arises from the interplay between
theory and practice (Ashworth et al., 2021; Gërx-
hani et al., 2022). Merely reprocessing existing
texts generates theoretical insight and academic
creativity that are insufficient to social science re-
search.

To address this challenge, we propose an in-
novative paradigm for automated social scien-
tific writing, Memory-Augmented Social Simu-
lation (MASS). Departing from the conventional
“retrieve-and-generate” mechanism of Deep Re-
search Agent, MASS constructs a realistic and
research-oriented virtual social simulation environ-
ment. Under such setting, LLMs are guided to
conduct exploratory and creative social simulation,
thereby generating original, empirical “first-hand”
data that provides a substantive foundation for sub-
sequent paper writing.

Specifically, the MASS framework consists of
four tightly integrated core modules: 1) The Task
Planning and Deep Reasoning Module, which
employs a divergence Chain-of-Thought (COT)
structure to generate diverse research hypotheses
and conducts multi-dimensional evaluations to de-
termine the optimal research pathway (Zhu et al.,
2025); 2) The COT Execution and Tool Dispatch-
ing Module, which translates the chosen pathway
into executable steps, including retrieving knowl-
edge via internet access and conducting social sim-
ulation experiments to generate original empirical
data; 3) The Social Simulation Experiment Mod-
ule, which represents the core innovation of MASS
to standardize experimental design using the ODD
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Figure 1: Diagram of the MASS Deep Research framework. It involves four steps: (1) Using divergence COT
to plan the process, (2) Calling tools, (3) Agents interact with the memory module, (4) Analyzing retrieved and
simulated data, writing with formal style.

protocol (Grimm et al., 2020) and establishes a
virtual social environment with dynamic goal plan-
ning and social norm constraints. Agents are en-
dowed with a memory system grounded in multidis-
ciplinary knowledge and an Ebbinghaus-inspired
forgetting mechanism, ensuring authentic and re-
liable simulations. 4) The Structured Writing
Module, which adheres to academic templates and
genre conventions, formatting and composing the
final output to meet scholarly standards (Becker,
2008).

We present a paradigm shift in Deep Research,
enhancing the research pipeline with a generative
social simulation that produces novel empirical ev-
idence, as illustrated in Figure 1. The main contri-
butions are summarized as follows:

• The MASS Paradigm: We propose Memory-
Augmented Social Simulation paradigm, a novel
framework that advances automated social sci-
ence research beyond conventional approaches.

• Dataset & Memory Mechanism: We develop a
multi-disciplinary social behavior dataset and an
Ebbinghaus-inspired memory mechanism, signif-
icantly enhancing the authenticity and cognitive
continuity of agent behavior.

• Goal-Planning with Norm Constraints: We
design a dynamic goal-planning scheme under
multi-layered social norm restraint, which im-
bues the core simulation process with a clear
research orientation.

2 Related Work

Deep Research Agent. The development of Deep
Research agent systems generally progress through
several key phases. Early primarily adopt a single-
agent architecture (Nakano et al., 2021; Yao et al.,
2022). Subsequently, multi-agent architectures
emerge to enable specialized division of labor
(Tang et al., 2025; Zheng et al., 2025). Further-
more, hybrid architectures subsequently arise, aim-
ing to balance the flexibility and efficiency (Saied,
2025). Recent end-to-end paradigms incorporate
Reinforcement Learning to enhance reasoning ca-
pabilities (Team et al., 2025; Wan et al., 2025).
While existing studies focus on architectural opti-
mization for general research tasks, our work intro-
duces creative design from a specialized simulation
paradigm in social sciences, enchancing the inno-
vativeness of research.

Agent Behavior and Decision-Making. Re-
search on agent behavior and decision-making is
primarily categorized into three paradigms. The
static planning paradigm predefines a complete
action sequence. (Lei et al., 2025; Zhang et al.,
2023). And the dynamic planning operates through
a “perception-decision-action” cycle for real-time
interaction (Wu, 2025; Yao et al., 2022). The dual-
system synergistic paradigm further integrates both
approaches to balance rapid response and long-
term objectives (Chen et al., 2025; Li et al., 2025b).
Building on these paradigms, our MASS frame-
work enhances agent autonomy via multi-level con-
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straint and dynamic goal planning.
Social Simulation. Existing LLM-based multi-

agent social simulation studies advance the field
from three key dimensions. First, data injection
and fine-tuning techniques improve behavioral au-
thenticity in micro-level simulations (Merrill and
Srivastava, 2025; Vu et al., 2020). Next, to lower
the technical barrier, large-scale asynchronous par-
allel social experiment simulation platforms also
emerge (Gao et al., 2023; Wang et al., 2025; Piao
et al., 2025). Meanwhile, mean-field theory is in-
troduced to reduce computational costs in agent-
group interactions (Li et al., 2025a). Compared
to these advances, our framework reduces long-
context overhead and further enhances simulation
authenticity via a dedicated memory augmentation
module.

3 MASS Deep Research

The Deep Research framework is grounded in
Memory-Augmented Social Simulation (MASS).
The framework shifts from the passive integration
of information to the active generation of experien-
tial insights, directly facilitating the production of
social science research papers.

3.1 Task Planning and Deep Thought

In complex reasoning tasks, traditional chain-of-
thought approaches, such as COT and its Best-of-
N extensions, can enhance single-step logic but
often struggle with limited exploration in multi-
step, highly divergent tasks (Wei et al., 2022; Yao
et al., 2023). To improve the decision-making ex-
ploration capability of Deep Research in task plan-
ning, enable stronger divergent thinking in tackling
complex tasks, effectively address the “error accu-
mulation” problem in multi-step reasoning tasks,
and enhance both the coherence and outcome diver-
sity, we propose a Stepwise Best-of-N (SW-BoN)
strategy.

Distinguished from the traditional COT and its
extended form COT Best-of-N, the core of our
strategy lies in expanding the search space of
deep research through stepwise multi-path explo-
ration and real-time optimal selection within each
stage. Specifically, we define the SW-BoN as
follows. At step i of the task, agents first gen-
erate n candidate reasoning nodes, denoted as
Ci = [ci1, ci2, . . . , cin]. Subsequently, each node
is evaluated by a scoring function S(cij) ∈ [0, 10]
against a predefined threshold θ. Candidates failing

to meet the threshold are regenerated and replaced.
The resulting filtered set is denoted as C∗

i .
Next, the optimal node is selected from C∗

i

through a multi-agent voting mechanism. We
define a consensus evaluation function V (c∗ij) to
quantify the consensus level for a candidate c∗i1:

V (c∗ij) =
n∑

m=1

ψ(c∗im, c
∗
ij)

where the function ψ(·, ·) assesses the alignment
between two candidate nodes (i.e., voting consen-
sus), implemented in our work via semantic simi-
larity measurement. The final output ai for step i
is then obtained by maximizing the objective func-
tion:

ai = arg max
c∗ij∈CT

i

V (c∗ij) (∀i = 1, . . . , k)

Guided by the objective function, the task un-
dergoes continuous refinement through an iterative
process. The system determines the globally opti-
mal task planning path at step k via filtering and
consensus-based selection mechanisms. Follow-
ing this path, three categories of external tools are
invoked in a structured manner: search APIs for re-
trieving real-time information, academic database
interfaces for sourcing relevant literature, and no-
tably, social simulation experiments for generating
critical behavioral data. All outputs are integrated
and fed back into the system, forming a closed-loop
planning-execution-learning cycle that persists un-
til the Deep Research task is fully completed.

3.2 Automated Experimental Design
Upon completion of SW-BoN planning, MASS
will invoke the key tool of social simulation exper-
iment during the tool using. The initial phase of
simulation is the automated experimental design.
This phase employs the ODD protocol as its norma-
tive framework, integrating dynamic path planning
and multi-layered social constraints to construct a
simulation environment that effectively balances
focus and realism.

At the beginning of automated experimental de-
sign, we adopt the ODD protocol as the top-level
specification for the experiment (Grimm et al.,
2006, 2020), ensuring both the reproducibility of
the experimental process and consistency between
the social simulation and the experimental design.
Specifically, the three components of the ODD pro-
tocol function as follows: The Overview section
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Figure 2: Experimental design in Stage 3. The frame-
work automatically designs agent behavioral trajectory
based on the ODD protocol, with agent acting along it
under multi-layered restraints.

clearly defines the research questions, key agents,
and scenario boundaries; the Design Concepts sec-
tion articulate the behavioral foundations and at-
tribute hierarchy of agents, linking Overview to
Details; the Details section specifies the simulation
implementation, including agent attributes, interac-
tion mechanisms, and environmental restraints.

To strengthen the research orientation of the sim-
ulation process, this study further parses and in-
stantiates two key social experiment control meth-
ods from the “Details” section of the ODD proto-
col. The first is dynamic goal-oriented path plan-
ning, which outlines a macro-level execution path
closely aligned with the research theme for agent
exploration and enables dynamic adjustments dur-
ing simulation, as well as ensures focused behav-
ior on the core topic while preserving autonomy
in exploration. The second is multi-layered so-
cial norm restraints. This method emulates real-
world social structures through three progressively
restrictive layers: institutional enforcement, so-
cial morality, and cultural conventions. By apply-
ing rules with varying constraints, it regulates the
decision-making space of agents during the simula-
tion, thereby constructing a highly structured and
realistic social environment.

In summary, this module establishes an auto-
mated pipeline from standardized protocol specifi-
cations to an executable experimental system. The
final code generation component, building upon
the concrete details outlined in the “Details” sec-
tion and powered by an executable code generation

agent, automatically implements both agent class
definitions and parameterized environment configu-
rations, thereby providing a reliable and extensible
foundation for subsequent simulation.

3.3 Memory Augmentation Framework

Memory Augmentation Framework serves as an
important component that drives Deep Research
in social science toward exploratory and creative
research. To achieve this goal, this section focuses
on constructing a knowledge foundation rooted in
real human society that can support the simulation
of intelligent agent behavior.

3.3.1 Behavioral Dataset Construction
To enable agents in social simulation experiment
with realistic behavioral cognition, while providing
traceable, multidimensional behavioral knowledge
support for their decision-making logic and inter-
action patterns, we first systematically constructed
a multidimensional and extensible social behavior
knowledge dataset grounded in six primary disci-
plines: economics, political science, jurisprudence,
sociology, psychology, and history.

According to the design procedure, each primary
discipline is first subdivided into several represen-
tative subfields. Subsequently, raw textual data
are collected from open-source datasets and social
media channels per subfield, with a 3% manual
sampling rate applied to each source to verify data
integrity. In the third step, LLM is used to parse
unstructured raw text into five elements: actor char-
acteristics, context, action reason, decision-making
process and behavioral outcome. Finally, these five
structured elements are anonymized and integrated
into a complete behavioral data record of 150–200
words. Ultimately, we establish a structured dataset
comprising nearly 300,000 entries.

3.3.2 Memory Initialization
Based on the constructed social behavior knowl-
edge base described above, to prevent agents from
starting in a memory-less initial state, this study
introduces an agent cold-start mechanism that lever-
ages Retrieval-Augmented Generation (RAG) to
equip each agent with personalized initial mem-
ories (Ma et al., 2025; Leng et al., 2025; Xiong
et al., 2025). The specific procedure can be de-
composed into three stages: 1) Semantic Vec-
tor Representation of Role Profiles. The role
profile of the i-th agent, Ai, in the experiment
is defined by k core dimensional features gener-
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Figure 3: Detailed memory augmentation mechanism in
Stage 3. It comprises three core parts: (1) A 300K-entry
social behavior dataset. (2) Agent memory cold-start via
RAG. (3) Dynamic memory activation and forgetting.

ated during the experimental design, denoted as
P i = {pi1, pi2, . . . , pik}. A semantic embedding
model is employed to map this feature set into a se-
mantic query vector: qj = femb(P i). This process
produces a vectorized representation of role fea-
tures for retrieval queries. 2) Similarity Retrieval
from the Behavior Database. Let the domain be-
havior dataset be Di = {d1, d2, . . . , dm}. First,
all behavior data are converted into feature vectors
using a unified embedding model: dj = femb(Di).
Subsequently, using qj as the query, we retrieve
data from dataset Di via cosine similarity and se-
lect the top-n entries in descending order to form
the candidate Di

can. 3) Topic-Oriented Initial
Memory Generation. To ensure precise alignment
between the generated memory and the research
theme, this stage randomly selects one behavior
di from candidate set Di

can. A topic-alignment
function then generates the research-theme-aligned
initial memory: minit

i = fLLM(di). This completes
the effective cold-start of the agent’s memory sys-
tem.

3.3.3 Dynamic Memory Modeling

Following memory initialization, during the ex-
perimental phase, this study constructs a dynamic
quantification model of memory strength based
on the Ebbinghaus forgetting curve (Murre and
Dros, 2015; Wixted, 2022), which simulates mem-
ory strength evolution, associative activation, and
probabilistic forgetting. The core logic is as fol-
lows. First, for the basic quantification of memory
strength, let the memory sequence of agent Ai

at time t be M i(t) =
{
minit

i ,m2, . . . ,mt

}
. The

relative time interval between any historical mem-
ory ms (s < t) and the latest memory mt is de-
fined as x (x = t−s

t × 100%). Through nonlinear
fitting of the Ebbinghaus curve, the function for
quantifying basic memory strength is constructed:
y = 90× e(−4.8x) + 10. Whenever a new memory
mt is generated, this function is applied to calcu-
late the basic strength for all historical memories
in M i(t).

Second, an associative enhancement mechanism
is introduced. The semantic similarity between the
new memory mt and a historical memory ms is
calculated by s = sim(femb(mt), femb(ms)) ×
100%, based on which a random increment ∆y is
applied to the strength of ms:

∆y =





rand(8, 15), s ≥ 70%

rand(3, 7), 40% ≤ s < 70%

0, s < 40%

The updated memory strength after activation be-
comes y′ = y + ∆y. Finally, probabilistic for-
getting is implemented based on memory strength.
Each memory is assigned a forgetting probability
P forget according to its activated strength y′ via
a mapping relationship, shown in Appendix Ta-
ble 3. Remaining memory subset M ′

i(t) after this
filtering process then serves as the effective basis
for agent’s decision-making in the next moment,
thereby closing the loop of memory evolution.

3.4 Agent Interaction Execution
In this section, we delineate how agents, within
a structured and standardized virtual environ-
ment, achieve highly realistic and controllable
simulations of social behavior through perception,
decision-making, action, and concurrent execution.

In perceiving to external environment, agents
don’t rely on a global omniscient perspective but
rather achieve this through social interactions with
other agents, which constitutes their fundamental
approach to perceiving the outside world. Specifi-
cally, agents primarily acquire information by per-
ceiving the states of their social neighborhoods and
engaging in direct interactions(Koley, 2025; Xue
et al., 2025). They are capable of detecting state
changes within their neighborhoods and forming a
dispositional understanding of the attitudes within
local groups. When an agent detects that other
agents in its domain exhibit an intention to interact,
it initiates information exchange and interaction
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within the bounds of simulation protocols, thereby
generating immediate interactive outcomes.

The cognitive and decision-making module un-
dertakes the core reasoning functions of agent. The
decision-making process is neither random nor en-
tirely free; rather, it operates under the dual con-
straints of “dynamic goal-driven” mechanisms and
“multi-level social norms”. An agent possesses both
guiding long-term goals and situational short-term
intentions. Agent evaluates potential action options,
optimizes the selection of the action with the high-
est comprehensive value, and conducts rationality
judgments within the framework of multi-level so-
cial norms. The decision results are translated by
the execution layer into specific action commands,
which produce direct or indirect outcomes in the
simulation experiments. Upon completion of the
actions, both the process and the results are stored
as memories within the agent’s memory system,
thereby forming a complete logical closed loop for
the social simulation experiment.

3.5 Structured Writing Module
The Structured Writing Module serves as the final
output component of the MASS Deep Research
Agent, with its core function being to integrate
research outcomes from all preceding modules and
produce a social science research paper that adheres
to academic standards.

Building upon the reasoning chain nodes gener-
ated via the Stepwise Best-of-N strategy, this mod-
ule conducts a comprehensive analysis of the tool
invocation results associated with each node and
subsequently composes the corresponding sections
of the paper. For instance, it systematically synthe-
sizes results obtained from web searches and litera-
ture reviews, summarizing relevant theoretical and
empirical evidence. Concurrently, it performs an in-
depth analysis of both qualitative and quantitative
data derived from social simulation experiments,
extracting emergent behavioral patterns, procedu-
ral mechanisms, and key research findings (Man-
ning et al., 2024). Based on these analyses, the
module incrementally generates coherent textual
segments corresponding to each reasoning chain
node, thereby producing a preliminary draft.

This framework predefines four stylistic tem-
plates—academic paper, research paper, policy
brief, and review article—along with their corre-
sponding writing procedures and format specifi-
cations. Based on the research topic and content
characteristics, the system automatically selects the

Model & Framework Comp. Insight Inst. Fol. Read. Overall

Model

Qwen3-235B 46.16 44.90 47.68 47.87 46.12
DeepSeek-V3.1 44.83 44.33 48.13 46.49 45.68
GLM-4.6 44.32 42.09 46.83 44.68 44.05
Claude-Sonnet-4.5 43.57 42.60 46.99 44.28 44.76
ERNIE-4.5 40.50 38.39 44.85 43.32 42.82

Framework

Gemini Deep Research 49.82 46.79 51.69 49.14 50.04
Tongyi Deep Research 46.70 46.71 48.97 49.35 47.89
MASS Deep Research 46.73 52.23 45.42 46.38 48.23

Table 1: This study uses social science dataset from
DeepResearch Bench to evaluate report quality. The
table’s top section shows results for large-scale LLMs;
the bottom compares existing agent frameworks with
ours.

most appropriate writing genre. Then following the
corresponding steps, it integrates the interim draft
sections generated earlier into a structurally com-
plete, formally standardized final research paper.

4 Experiment

We present a series of experiments designed to con-
duct a quantitative and qualitative evaluation of
the proposed MASS Deep Research framework. It
systematically evaluates the framework’s output in
generating papers, verifies the efficacy of Memory-
Augmented Social Simulation module in modeling
social movements, and analyzes the quality of the
constructed multidisciplinary dataset on social be-
haviors.

4.1 Main Experimental Findings

We evaluated the performance of proposed frame-
work on Deep Research tasks. Baseline Set-
ting: The experiment uses Qwen3-30B as the
base model and compares it against mainstream
large-scale LLMs (e.g., DeepSeek-V3.1) and Deep
Research frameworks (e.g., Tongyi Deep Re-
search). Experimental Setup: The base model
of MASS Deep Research was deployed on two
A6000 GPUs, while other baseline models were ac-
cessed via provided API. Evaluation Metrics: We
employed the widely recognized Deep Research
benchmark—DeepResearch Bench—for system-
atic assessment (Du et al., 2025), assessing the
quality of generated papers on its social science
subset across comprehensiveness, insight, instruc-
tion following, and readability. Results are pre-
sented in Table 1.
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The evaluation process of DeepResearch Bench
is as follows. First, for a given research task, a
high-quality reference report (Rref ) is provided,
and the framework under test generates a target re-
port (Rtgt). For each dimension d, JudgeLLM pro-
duces Kd weighted sub-criteria. Then, JudgeLLM
compares Rtgt with Rref against each sub-criterion
and assigns a score. Finally, the dimension score is
computed as the weighted sum of the sub-scores.

Based on the evaluation results, the proposed
MASS Deep Research framework demonstrates the
following characteristics. In terms of overall score,
it significantly outperforms the large-scale LLMs,
exceeding their average by 6.81%, which reflects
its strong capability in generating high-quality so-
cial science papers. Moreover, it demonstrates com-
parable overall performance to peer frameworks us-
ing the same base model (Tongyi Deep Research),
while achieving a notably higher score in the “In-
sight” dimension—exceeding the comparison av-
erage by 17.19%. These results highlight the dis-
tinct capability of the MASS framework to drive
research toward greater depth and produce more
insightful findings.

4.2 Social Simulation: Case Studies

In this section, we aim to systematically validate
the effectiveness of the proposed framework by
designing two multi-dimensional social science ex-
periments and analyzing in depth the experimental
processes and outcomes of intelligent agents un-
der the constraints of memory enhancement, goal
planning, and social norms.

4.2.1 Conflict-Driven State Formation
We conducted a simulation-based examination of
the central political and sociological science the-
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Figure 5: Heatmap of contract dispute resolution tough-
ness. Each cell is assigned an average score based on
SMEs’ selected resolution methods: 0 for shelving, 1
for mediation, 2 for arbitration, and 3 for litigation.

oretical proposition that “conflict is a necessary
condition for state formation”. It simulates in a
stateless environment, where agents reallocate re-
sources through conflict and cooperation. Key find-
ings indicate that as the conflict elasticity parameter
m increases, leaders begin to emerge at m = 0.86
and stabilize after m > 0.97. This trend aligns
closely with theoretical predictions. The formation
of leaders emerges at m = 0.76 and stabilizes near
m > 1.0, signaling the gradual emergence of a
state (Han, 2024) (Figure 4).

Simulations further reveal a systematic shift in
resource allocation: under anarchy, the proportion
of social resources invested in conflict fluctuates
around 23%; with the emergence of governance,
the system stabilizes and such investment falls be-
low 10% (Appendix Figure 9). This aligns with
theoretical predictions of 30− 45% conflict invest-
ment in stateless settings, declining to under 10%
under hierarchy (Han, 2024). The two findings
provide empirical support for conflict-driven state
formation theories.

4.2.2 SME Dispute Strategies Compared
This experiment, situated within the intersecting
fields of economics and law, examines how vari-
ations in enterprises’ objective and subjective at-
tributes influence small and medium-sized enter-
prises(SMEs’) choice of dispute resolution strate-
gies for contractual conflicts. Results indicate that
with stronger legal awareness, external support, and
risk-taking capacity, SMEs show a greater tendency
to resolve contract disputes through legal channels.
Among them, the non-specialized show a strong
reliance on external support in litigation decisions,
whereas specialized and innovative SMEs tend to
adopt a more assertive approach to contractual dis-
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Base Model Ablation1 Ablation2 Ablation3

Insight Overall Insight Overall Insight Overall

Qwen3-30B 42.33 43.97 49.47 47.19 52.23 48.23
DeepSeek-V3.1 44.33 45.68 47.28 48.53 51.29 49.76
GLM-4.6 42.09 44.05 48.60 48.04 49.83 48.94
ERNIE-4.5 38.39 42.82 46.51 45.10 49.02 46.83
Hunyuan-A13B 35.46 38.25 42.03 40.60 46.02 41.96

Table 2: This table performs comparison of different
base models’ insight and overall scores. From Ablation1
to Ablation3, it represents high to low ablation settings.

putes (Figure 5).
Further, industry attributes and dispute amounts

significantly moderate firms’ strategic choices: the
financial sector relies on formal judicial path-
ways due to high risk aversion; manufacturing
and technology industries adjust strategies step-
wise with amount; while the service sector prefers
low-confrontation approaches like deferral or arbi-
tration in labor disputes (Appendix Figure 10).

Consistent with empirical evidence (Center,
2024), specialized SMEs exhibit stable operations
and low dispute-related disruption, in contrast to
non-specialized SMEs, which adopt conservative
approaches due to limited risk tolerance. The finan-
cial sector relies on formal mechanisms for high-
value disputes, while manufacturing and technol-
ogy industries pursue amount-sensitive strategies
under cost constraints. In labor disputes within the
service sector, the generally low dispute amounts
typically make deferral or arbitration more cost-
effective than litigation.

4.3 Ablation Study

To thoroughly analyze the contribution of each core
module, we systematically designed an ablation ex-
periment. Using a controlled variable approach,
it compares performance differences after remov-
ing key modules, specifically to verify the critical
role of the Memory-Augmented Social Simulation
module.

The experiment employs various base mod-
els and is also evaluated on the DeepResearch
Bench. It’s conducted through the following com-
parison groups: 1) the complete MASS Deep Re-
search framework; 2) a framework that removes
the MASS module and its associated tool-use func-
tionality; 3) a pure base LLM. All were evaluated
on DeepResearch-Bench, with results shown in
Table 2 and Figure 6. Results show a stepwise
increase in overall score, confirming the frame-
work’s effectiveness. A trade-off emerges between
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Figure 6: Example of complete ablation results on
Qwen3-30B. Groups from left to right represent high-
to-low ablation settings, with scores shown across eval-
uation dimensions on DeepResearch Bench.

insight and instruction following after integrating
the social simulation module: the output shifts
from surface-level compliance to an in-depth anal-
ysis of underlying social mechanisms and dynamic
processes, leading to a significant gain in insight
while slightly reducing instruction following. This
demonstrates the framework’s strength in driving
research beyond superficial task execution and en-
hancing scholarly innovation.

4.4 Sensitivity Analysis

To systematically validate the robustness of the pro-
posed Memory-Augmented Social Simulation ex-
periment, we conducted sensitivity analyses along
two core dimensions: the impact of attributes gener-
ation completeness of agents and forgetting proba-
bility. The experiments are based on the theoretical
finding that “conflict is a necessary condition for
state formation” from the Case Study, using the
Normalized Root Mean Squared Error (NRMSE)
and the Pearson correlation coefficient (r) as the
core quantitative metrics. The two metrics are de-
fined as:

NRMSE =

√
1
n

∑n
i=1 (ŷi − yi)2

ymax − ymin
,

r =

∑n
i=1

(
ŷi − ¯̂y

)
(yi − ȳ)√∑n

i=1

(
ŷi − ¯̂y

)2 ·
√∑n

i=1 (yi − ȳ)2

where n is the simulation round, ŷi and yi denote
the theoretical and experimental values of the i-th
round, respectively, ¯̂y and ȳ are the mean values of
the round sequences.

The first set of experiments examines how at-
tributes generation completeness during agent code
generation affects simulation fidelity, excluding
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Figure 7: Sensitivity analysis results. (a) Bar: code com-
pletion of agent attributes; Lines: NRMSE and Pearson
correlation coefficient. (b) Group 1 & 2: forgetting
probability ±10%; Groups 3 & 4: complete forgetting
vs. no forgetting.

the initial five unstable rounds to eliminate tran-
sient effects. The experimental results show that
shifting from general-purpose to code-specialized
LLMs improves attribute completeness, reduces
root-mean-square error relative to case-study the-
oretical analysis, and increases correlation coeffi-
cients, indicating that robust attribute generation is
essential for reliable social simulation. The results
of this analysis are visualized in Figure 7 (a).

The second set tests the sensitivity of the
Ebbinghaus-based forgetting probability parame-
ter across four different levels. Minor adjustments
within a reasonable range induced only slight fluc-
tuations, with the mild changing forgetting condi-
tion exhibiting no significant deviation from base-
line, thus confirming robustness. Extreme parame-
ter values, however, markedly impaired simulation
performance and, in the overly low forgetting prob-
ability case, substantially reduced computational
speed. The trends are plotted in Figure 7 (b).

Taken together, the two sensitivity analyses sys-
tematically validate the parameter robustness of
this study and identify the configurations govern-
ing agent attribute generation and memory mech-
anisms as two critical determinants of simulation
reliability.

4.5 Dataset Evaluation

We conduct a systematic evaluation focusing on
the quality of constructed social behavior dataset
and the effectiveness of agent cold-start. The eval-
uation is performed with a 10% sampling interval.
In terms of experimental configuration and eval-
uation design, the DeepEval framework(Ip et al.,
2024) is employed to detect hallucinations (thresh-
old >0.3) and contextual integrity (threshold <0.7).
Semantic diversity and distribution uniformity are
assessed through text information density and en-
tropy normalization, respectively. The rationality
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Figure 8: Dataset evaluation results. (a) Radar chart:
text integrity, hallucination-free rate, information den-
sity and textual richness (all scaled 0–1, higher is better).
(b) Bar chart: behavioral rationality comparison (cold-
start vs. no cold-start).

of agent behaviors with and without dataset cold-
start is compared using the LangChain evaluation
framework. Results are shown in Figure 8.

Experimental results show that the dataset
achieves high reliability, with 94.21% of data pass-
ing hallucination detection and 97.51% passing
integrity evaluation. Its text information density
(0.89) and textual richness (0.75) both approach
the theoretical optimum of 1, demonstrating strong
adaptability across diverse simulation scenarios.
Furthermore, cold-start using this dataset yields a
5.84% improvement in the agent’s action rational-
ity score, confirming its effectiveness in enhancing
behavioral authenticity and decision quality.

5 Conclusion

In this paper, we have presented the Memory-
Augmented Social Simulation (MASS) paradigm
that integrates automated experimental design and
the Ebbinghaus-inspired memory mechanism, pro-
viding an empirical foundation for social science
research. Combined with exploratory reasoning
and structured writing, the framework provides an
innovative approach for Deep Research in social
sciences.

Limitations

Computational Cost and Runtime. High-fidelity,
large-scale social simulation is computationally ex-
pensive. Although this study simplifies the work-
flow and incorporates optimization designs such as
parallelization, the associated resource consump-
tion and runtime remain significant. Future work
should further explore lightweight architectures
and elastic computing solutions to enhance the
framework’s time efficiency and resource efficiency.
Hallucination. It manifests at two levels. In text
generation, models may fabricate non-existent aca-
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demic concepts or data, thereby undermining the
credibility of the output. In simulation systems,
hallucinations can infiltrate the decision-making
and interactions of agents, leading to issues of cog-
nitive distortion. It is anticipated that as LLMs
technology continues to advance, the extent of hal-
lucination is expected to gradually diminish.

Ethics Statement

Given that social simulation experiments directly
model and analyze human interactions, examin-
ing their ethical implications is crucial. The core
methodology of our work does not presuppose or
enforce specific social outcomes or behavioral pat-
terns, but rather focuses on constructing simulation
environments that reflect complex social dynamics.
We particularly emphasize constraining the behav-
ior of agents within an ethical framework during
the development and interpretation of such simula-
tions. For constructed cold-start behavioral dataset,
we have removed all direct personal identifiers and
generalized indirect identity information to prevent
re-identification, rigorously safeguarding individ-
ual privacy. This framework and experimental de-
sign ensure that the social science research process
and outputs neither contain nor reinforce biased
content, while adhering to relevant data protection
laws and social norms.
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A Supplementary Materials Appendix

A.1 Forgetting Probability Mapping Table

Memory strength Forgetting probability

60 ≤ y′ ≤ 70 [0%, 8%]
50 ≤ y′ < 60 [8%, 20%]
35 ≤ y′ < 50 [20%, 40%]
30 ≤ y′ < 35 [40%, 55%]
10 ≤ y′ < 30 [55%, 80%]

Table 3: This table defines the mapping between the
activated memory strength y′ and the corresponding
forgetting probability Pforget interval in the framework.

A.2 Case Experiment Graphs
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Figure 9: Conflict Investment and Resource Distribution.
The blue curve shows total resources, the red curve
shows conflict investment, and the bar chart shows their
proportion.
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Figure 10: Contract Dispute Resolution Box Plot. The
box plot shows SMEs’ contract dispute preferences
and compares behavioral differences across dispute
amounts.

B Example Appendix

B.1 Example of SW-BoN
Taking the research topic “How can classroom par-
ticipation of students with autism be enhanced?
What effective strategies are available?” As a case
study, this appendix section presents the outputs
from each reasoning node in the first round of di-
vergent reasoning under the SW-BoN strategy (Ap-
pendix Table 4), and illustrates the complete rea-
soning process of the strategy applied to this case
(Appendix Table 5).

Node Reasoning Content

1 In writing the research report, summarize
autism education strategies, supported by psy-
chological (ABA, positive reinforcement) and
sociological (classroom environment) frame-
works. Detail social simulation experiments,
questionnaire/interview data in research meth-
ods to form a reliable strategy evaluation sys-
tem.

2 Need to specify implementation paths of lit-
erature retrieval and social simulation experi-
ments, cover recent 5-year core journals on
strategy effectiveness, design virtual class-
rooms, adopt group comparison, control vari-
ables, and ensure ethical review and guardian
consent.

3* We need to focus the report on strategies for
autistic students’ classroom participation, clar-
ify title elements, concisely present findings in
the abstract, contextualize with policies, data
and multi-disciplinary insights, and design lit-
erature review plus social simulation experi-
ments to test strategy feasibility.

4 We need to build a strategy effectiveness ma-
trix with literature and simulation data, test
core strategies’ effect on autistic students’ par-
ticipation, analyze their scenario applicability,
and lay empirical groundwork for subsequent
suggestions based on relevant theories.

5 In findings, we’ll compare literature and simu-
lation data to build an analysis framework, ver-
ify strategy transferability, explore how class-
room settings reduce anxiety sociologically,
then focus on analyzing root causes of low par-
ticipation from individual, social and policy
dimensions.

Table 4: This table presents the divergent reasoning re-
sults from Step 1 of the SW-BoN strategy applied to this
example. Asterisked nodes are the selected reasoning.
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Step Reasoning Content

1 We need to focus the report on strategies for
autistic students’ classroom participation, clar-
ify title elements, concisely present findings in
the abstract, contextualize with policies, data
and multi-disciplinary insights, and design lit-
erature review plus social simulation experi-
ments to test strategy feasibility.

2 Need to refine each report module, ground the
background in policies and the 30% − 40%
participation gap data, build a strategy effec-
tiveness matrix, and analyze causes via socio-
logical adaptation and psychological sensory
processing theories.

3 Putting forward evidence-based, actionable
strategies by tiered interventions for different
severity levels, emphasize psychological pos-
itive reinforcement, propose sociological sys-
temic suggestions, and ensure all strategies
comply with ethical standards.

4 Build a three-dimensional analysis framework
for findings with literature and simulation data,
cover psychological and sociological quantita-
tive indicators, add dynamic strategy compar-
isons, supplement case statistics via literature,
and verify sociological adaptability of environ-
ment sensitivity schemes.

5 Verify cross-data of literature and simulations,
supplement dynamic data on classroom envi-
ronmental variables’ impact, combine relevant
theories, introduce long-term case data, ana-
lyze family support-participation correlation,
and ensure statistical significance and interdis-
ciplinary explanatory power of all data.

6 Deepen strategy effectiveness verification with
literature and simulation data, adopt dual
theories for cause analysis, clarify multi-
stakeholder responsibilities in suggestions, and
supplement uncovered variables like TCM ad-
juvant effects and long-term intervention data
in simulations.

7 We should construct an interdisciplinary analy-
sis framework for findings: integrate psycho-
logical attention and emotional indicators and
sociological classroom and home-school data,
supplement unaddressed simulation variables
like TCM adjuvant effects, and ensure logical
closure with literature statistics.

8 We shall analyze causes from psychological
and sociological perspectives, interpret sensory
abnormalities and environmental adaptation
imbalance with relevant theories, supplement
observed simulation variables, and verify ap-
plicability of non-mainstream interventions to
ensure theoretical depth and empirical support.

Table 5: This table presents the complete reasoning
process of SW-BoN

B.2 Experimental Design Demonstration
This appendix section will use the topic “conflict
is a necessary condition for state formation” as an
example to demonstrate “Details” in ODD protocol
and goal-oriented path of automated experimental
design.

Category Detail Content

Partial
Attributes

Cognitive level (e); Resource allocation pref-
erence (Pd); Contest input (F); Resource pos-
session (R); technological elasticity of conflict
(m); External environmental threat index (T).

Partial
Restraints

(1) Closed Neolithic-early dynastic area;
50×50 grid; 200 max population. (2) Forced
governance other than violent means is prohib-
ited. (3) Three stages – Stone Soldier (Low
m), Bronze Soldier (Medium m), Iron Soldier
(High m)

Partial
Interaction
Principal

(1) Each action of social entities generates a
dual feedback loop. (2) Failed interaction in-
creases historical conflict experience H by 1
and cuts the next-round contention willingness.
(3) Environmental pressure elevates the nonlin-
ear growth coefficient of F during interaction.

Time
Interval

One natural cycle equals the minimum human
social cooperation cycle, i.e., three months.
The Stone Soldier stage lasts 5 cycles, and the
Bronze Soldier stage lasts 3 cycles.

Table 6: This table presents Details for different cate-
gories in ODD protocol.

Initial stage: Allocate re-
sour-ces (vital resource
model) and activate role
selection (e/α).

Resource utilization sta-
ge.Calculate efficiency 
(a), monitor adjacent ent-
ities and adjust strategies.

Intensified competition/thr-
eats trigger conflicts, chan-
ge adaption, and adjust pr-
eferences.

Meet tech upgrade crite-
ria: switch m gradient, rev-
ise conflict function and re-
calibrate rules.

When social cohesion dro-
ps,frequent role selecting 
drives power centralization
into a hierarchy.

Final step,Most obedience/
dominant entity leads to te-
rmination and evaluation 
output.

Figure 11: The flowchart illustrates the goal-oriented
path under this topic.
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B.3 Presentation of Social Simulation

Conflict is Necessity for State Formation

Agent Actions:
Cold-Start:Post-conflict field visits to farming
tribes reveal a 25% shrinkage of valley pastures
has fueled rising inter-tribal conflicts: some
mark water boundaries with stones, which
sparked distinct tribal antagonism.
→I partnered with entity12 for cross-tribal tech
cooperation, used technical gap complemen-
tarity for three initiatives, enabled tech trans-
fer, built an agricultural alliance prototype,
raised shared resources and metrics, supported
the Bronze Soldier Stage and consolidated en-
tity2’s early control.
→I and neighboring Entity21 had their first
conflict over 25% reduced valley grassland
resources and the latter’s irrigation shortage.
Failed negotiations led us to deploy 74 units
for counterattack, repelling the opponent but
suffering western ditch damage and lower ir-
rigation efficiency, with subsequent plans to
establish a defense mechanism with [7,43].
→ I deploy half our workforce to boost grass-
land water supply and reinforce agriculture.
Partner with entity41 on a joint lab, sharing
soil plans for smelting R&D support. Use 252
granaries against 5% depletion, raise C>0.47,
cap conflict spending at 74 units (8.8%). This
builds peace cycles, advances hierarchy, and
improves regional resource use and stability.
Attributes Changing:
Resource Possession: 5.0 , 6.9 , 6.2 , 6.8 , 7.0
External Threat Index: 5.0 , 4.1 , 6.3, 7.1 , 5.1
Conflict Investment: 0 , 0.2 , 1.3 , 2.1 , 1.8

Table 7: This table displays the behavior of a representa-
tive agent in the simulation theme “Conflict is necessary
for state formation”.

SMEs’ Contract Dispute Resolution Choices

Agent Actions:
Cold-Start:I interpreted the relevant clause;
the startup and university signed an industri-
alization agreement based on the professor’s
research; we verified its IP ownership in the
agreement during review, and the startup ob-
tained tax incentives successfully.
→On 15 Mar, an IP dispute of RMB 160K
arose with specialized & innovative tech firm
entity8 over a patent license agreement due
to technical standard disputes. Based on its
24 annual disputes, legal awareness (9) and
risk tolerance (Level 3), we conducted a multi-
assessment, analyzed trade-offs and preliminar-
ily prioritized dispute resolution paths.
→After comprehensive assessment, the enter-
prise prioritized arbitration for its better time-
liness (28 days and 60 days for litigation)
and backed by legal awareness score 9 for a
more formal resolution. Dispute status updated
to “Arbitration Pending”, with RMB158,000
frozen for the process to underpin subsequent
decisions compliantly.
→Based on regional legal environment pa-
rameters (42-day arbitration time, 65% litiga-
tion publicity rate) and enterprise attributes
( RMB158k dispute amount, legal awareness
score 9), arbitration was initiated. We filed the
application with arbitral institution entity12, to
cover potential enforcement risks, updated dis-
pute status to “Arbitration in Progress”.
Attributes Changing:
External Support: 2.5 , 7.2 , 9.5 , 9.3 , 4.5
Resolution Intensity: 6.5 , 8.2 , 7.9 , 8.5 , 8.0
Court Efficiency: 4.1 , 4.2 , 4.7 , 4.3 , 5.1

Table 8: This table displays the change of an agent in the
theme “SMEs’ Contract Dispute Resolution Choices”.
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B.4 Presentation of Behavioral Dataset
To illustrate its multidimensional characteristics,
a representative sample of data from each core
discipline is presented in Appendix Table 9 and
Table 10.

Economical:
As an independent director of Shenzhen Uni-
lumin, I reviewed the second-phase employee
stock ownership plan. I supported its aim to
align core staff with company growth and ad-
dress retention issues but highlighted the need to
prevent free-riding, proposing a tiered dividend
mechanism. During bad debt write-off discus-
sions, I required aging details and credit ratings
for each receivable to ensure compliance with
accounting standards.
History:
I am Wang Bo, deeply devoted to poetry and
prose, specializing in parallel prose. I find inspi-
ration in nature, traveling to enrich my work. My
learning is broad and eclectic. Once, inspired
by a scene of sunset clouds, a lone bird, and
autumn waters, I wrote Preface to the Pavilion
of Prince Teng spontaneously. I believe writing
must be sincere and elegantly natural—powerful
yet profound, flowing effortlessly. This expe-
rience solidified my literary path and brought
widespread recognition.
Jurisprudence:
While serving as project manager in an indus-
trial zone in Lyon, I discovered our company
had failed to declare a new chemical storage
facility as required by Article L.512-8 of the
Environmental Code. Pressed by deadlines,
we had skipped filing the necessary documents.
An unannounced inspection led to a potential
C50,000 fine under Article L.512-5 and manda-
tory retroactive submission. This incident under-
scored the critical importance of strict compli-
ance with administrative procedures, even under
time pressure.

Table 9: Listing 1, examples of Economical, History
and Jurisprudence.

Politics:
In March 2023, while moving with a rebel re-
connaissance unit through Nganja Forest in Fizi,
DRC, I witnessed intense clashes between the
Yakutumba armed group and government forces.
After hearing gunfire, we hid in dense foliage
and saw armored vehicles surrounding a rebel
outpost. The group’s leader, Amuli Yakutumba,
was struck in the leg by stray bullets. The fight-
ing resulted in at least 12 civilian casualties. Dur-
ing our retreat, the sky was darkened by burning
trees, and the air smelled of smoke and burnt
wood.
Psychology:
After participating in a Rational Emotive Be-
havior Therapy (REBT) session at university,
I noticed significant social improvements. The
counselor encouraged me to apply rational think-
ing and behaviors in daily life, so I began try-
ing to express myself more confidently with
my roommates. For instance, I would actively
share my views when they discussed their inter-
ests. Although initially nervous, consistent prac-
tice helped me gradually feel more comfortable.
This experience made me realize that through
REBT, I can progressively overcome social bar-
riers and build more positive social connections.
Society:
I joined a deep analysis group discussing anime
adaptations. We explored whether narrative
differences between animations and manga af-
fect audience reception. Using Neon Gene-
sis Evangelion as an example, I noted that
the anime enhanced characters’ psychological
changes through visual expression, while the
manga focused more on plot logic. This high-
lighted how different media shape audiences’
cognitive frameworks and influence their inter-
pretation of the same story.

Table 10: Listing 2, examples of Politics, Psychology
and Society.
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B.5 Example of Structured +Writing
As an example prompt of the research genre “Aca-
demic Paper”, this appendix will systematically
elaborate on how structured writing, as an output
component, assists in completing the task of writ-
ing a social science research paper in a step-by-step
manner. The standardized writing steps are as fol-
lows:

Part 1. Title: Succinctly summarize the study’s
core. Include subject, key variables, and
method. (10 – 30 words)

Part 2. Abstract & Keywords: Write an abstract
covering purpose, method, results, and con-
clusion. For social sciences, highlight the
research question and significance. List 3-5
keywords. (300 – 400 words)

Part 3. Introduction: Present the background,
state the research question, and explain the
study’s significance and innovation. For
social sciences, emphasize the theoretical
gap. (1200 – 1500 words)

Part 4. Literature Review: Systematically review
existing work to position the study. Pro-
vide a critical synthesis, classify relevant
theories, and identify consensus and gaps.
(2500 - 3500 words)

Part 5. Methods: Detail the research design for
replicability. Use subheadings for sections
covering subjects, sampling, procedures,
etc. (1500 - 2000 words)

Part 6. Results & Analysis: Objectively present
data and interpret findings theoretically.
Use quotes and thematic analysis for quali-
tative work. (2500 - 3500 words)

Part 7. Discussion: Interpret the results’ mean-
ing, compare with existing literature, and
note study limitations. Address whether hy-
potheses were supported and the theoretical
contribution. (2000 - 2500 words)

Part 8. Conclusion: Summarize core findings and
suggest practical implications or future re-
search directions. (500 - 800 words)

B.6 Example of Cold-Start Evaluation

Store Operations Strategy Designing

Background: As a convenience store owner in
a monopolistically competitive market , a new
competitor has recently opened nearby(many
firms, free entry/exit). Now design strategy
with justification. Core economic principles:
(1) In monopolistic competition, non-price
competition is more sustainable than price wars
(avoiding race-to-the-bottom).
(2) Strategies must align with community
needs.
(3) Approaches should Focus on serving the
local community of convenience stores.

No Cold-Start: Strategy: Enhance commu-
nity services and customized product offerings.
Reason: In a monopolistic competition mar-
ket, this approach boosts customer loyalty and
brand differentiation by meeting personalized
and local needs, avoiding price wars while
building on community trust.
Result Score:0.778

Cold-Start: Strategy: Launch a “Community
Regulars Program” with points redeemable for
neighborhood services (parcel pickup, shared
chargers, health checks). Reason: Anchors
the store in community needs, making it a ser-
vice hub, not just a store. This avoids price
wars, builds loyalty through value-added ser-
vices, and transforms customers into lasting
community assets—leveraging non-price com-
petition in a monopolistic market.
Result Score:0.968

Table 11: The table compares agent’s behavior before
and after the cold-start under the “store operations strat-
egy designing” scenario.
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C Prompt Example

SW-BoN Planner Prompt
System Prompt: You are a social science research writing planner. Your role is to generate structured writing task plans based on
users’ needs, strictly adhering to social science research paradigms (including theoretical frameworks, empirical logic, ethical
norms, etc.).
User Prompt Template: Task: you should proceed step by step, drawing on the general research topics identified from the
conversation history, the academic disciplines to which these topics belong, the type of article the user wishes to generate, and
the user’s research preferences for this particular study, and use this information to conduct your analysis.
As you engage in analytical thinking, you need to analyze the topic of this automated scientific writing assignment, plan each
section of the paper step by step according to the format of the given genre, determine how to gather the various materials needed
for writing, and identify the specific requirements for the piece.
Example: When planning the section of your paper that explores innovative perspectives, you can include the following in your
outline: “This section requires simulation experiments using a social simulator, which involves calling the social experiment
design interface, conducting the social experiment according to the experimental plan, and finally analyzing the data and writing
up the paper.”
The research topic proposed by the user researcher is as follows: {topic}
The results of an internet search for this research topic are as follows: {searchContent}
The genre type is {genreType}
the specific format of the genre is {genreContent}
The user researcher’s research focus is as follows: {researchTrend}
The academic discipline is as follows: {socialScienceType}
Now, let’s get started with your reasoning and thinking. Begin by considering the specific format of the genre and think about
how you should approach writing the content of this essay.
The output requirements are as follows; the output must strictly adhere to the JSON format:
1. thinkingContent: string type, representing the initial thoughts on the writing plan for a social science research paper based on
requirements and various prompts. The result should generally be within 100 characters.
2. ISInternet: boolean type, indicating whether an internet search for relevant content is needed before the next thinking session.
Return True if needed, and False if not.
3. keyword: string type, representing the keywords to be searched online before the next session. If no online search is required,
return an empty string.

Automated Experimental Design Prompt
System Prompt: You are a research assistant specializing in automated academic research and thesis writing in the social sciences,
assisting researchers in this field with social simulation experiments. Your task is to generate the ODD protocol before working
with the Social Science Experiment Simulator. Below is a detailed explanation of the ODD protocol. The ODD methodology
consists of Overview, Design Concepts, and Details. It is a framework for standardizing the description of entity-agent-based
models, designed to make model descriptions more understandable and comprehensive, and to enhance the reproducibility.
Overview: This section primarily defines the core research questions (what problems the simulation aims to address), the purpose
of the model (a clear explanation of the simulation’s ultimate use), key social entities (which major social entities are required to
implement the simulation, and what roles or types of social entities are needed), and the definition of the simulation’s boundaries
(a general description of the simulation’s “scope and boundaries,” such as temporal and spatial limits, constraints on the attributes
of social entities, and any unbreakable rules).
Design Concepts: This serves as the central bridge connecting “Overview” and “Details.” Its primary focus is on elucidating the
behavioral foundations of agents (the attributes upon which social entities primarily rely to act), attribute hierarchy and dynamic
design (which attributes are most critical and have the greatest influence on behavior), interaction mechanism design (the events
that trigger interactions between social entities), and interaction content design (the interaction logic and general content of
social entity interactions).
Details: This is intended to specify the specific details of the social simulator, including the primary attributes of social entities
and their descriptions (attributes should be quantifiable whenever possible), the specific details of interactions between social
entities (expressed using quantifiable metrics), the specific constraints of the social environment (listed item by item; the more
specific, the better), the scoring criteria for social entity actions (used to score each action of a social entity item by item), and
the feedback influence loop (how the actions of social entities affect their various attributes and characteristics).
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User Prompt Template: Your current task is to develop the detailed model for the simulator based on the ODD protocol outlined
above, as well as the generated Overview, Design Concept, user Q&A, and the simulation requirements specified in the research
proposal.
The content you generate must strictly adhere to the research topic and the user questions and answers provided above; under no
circumstances should it deviate from the research topic.
The output requirements are as follows; output must strictly adhere to the JSON format:
1. attribute: Type List[str], representing the attributes of a social entity. Based on the overview and design concepts of the ODD
protocol described above, output the attribute names and descriptions required for each social entity.
2. envRestraint: of type str, representing specific environmental constraints within the simulator. Based on the overview and
design concepts of the ODD protocol described above, as well as the topics and Q&A content from the dialogue history, output a
general summary describing the specific constraints of the social environment in the social simulator.
3. entityFeedback: str type, representing a description of how a social entity’s behavior affects its attributes. It summarizes how
the entity’s behavior feeds back to influence its own attributes.
4. timeInterval: str type, representing the interval between two actions of a social entity. It outputs a specific social time to
provide a basis for action.

Social Simulation Prompt
System Prompt: [2pt] You are a social entity (i.e., a person in society) within the Social Simulator. Your social attributes,
personality traits, physical characteristics, social relationships, and records of social actions are as follows:{feature}
Based on the above personal characteristics, you must make repeated actions and choices throughout your life. Each action will
have a certain impact on your various attributes and the social environment, and your behavior will influence the final outcome of
the simulator. Please proceed with your next action strictly in accordance with the actual characteristics of the social entity.
The requirements for social actions are as follows:
1. Every action you take must strictly adhere to your behavioral characteristics, physiological traits, social attributes, and other
relevant features; you must not act arbitrarily without regard to your actual circumstances.
2. You may base your decision for the next action on your network of relationships with other social entities and the sequence of
actions preceding this one. All your previous actions are recorded in the ‘Action‘ attribute; you must refer to these records when
planning your next action.
3. Your actions may include major life events and decisions, engaging in social interactions with other social entities, or making
significant decisions or initiating events through such interactions.
4. Since your behavior must align with the theme of the social simulation experiment, we will provide you with a general action
path plan. You must act in accordance with this plan.
5. The initialization of social entities has been completed. By default, all social entities already exist, so there is no need to start
path planning from scratch. Instead, begin by planning the general direction in which the social entities should move in their first
step.
The general action path planning is shown below: {pathPlanning}
User Prompt Template: As a social entity, you must repeatedly take actions and make decisions throughout your life cycle.
You can choose to interact with other social entities within the social network (such interactions may include making friends,
choosing a partner and getting married, having children, collaborating on career projects, and other social behaviors—though
they are not limited to these and may include other actions as well), and you can proceed to your next action.
Your actions must be based on your previous series of actions, guided by your current position within the overall action path,
and carried out in accordance with the characteristics you possess as a social entity from the previous dialogue. Your actions
determine your direction of development within the social simulator; please choose your subsequent actions carefully.
Your previous actions are as follows: {actions}
The content of the current path node in the action path planning is as follows: {pathNode}
The output requirements are as follows; the output must strictly adhere to JSON format:
1. isSocialize: boolean type; can only be True or False, indicating whether this social entity needs to interact with other social
entities.
2. socializeContent: string type. This field describes the purpose of the social entity’s interaction with its target and specific
details of the interaction. The description should be as detailed as possible, with a minimum length of approximately 150
characters.
3. actionContent: string type. This field describes the specific details of the social entity’s current action. The description should
be as detailed as possible, with a minimum length of approximately 200 characters.
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D Algorithm Pseudocode

This appendix section presents the algorithmic
pseudocode for agents interaction processes in so-
cial simulation experiment.

Algorithm LLM Agent Social Simulation

1: Initialize: Set social Agents A = {a1, a2, . . . , aN}
2: for all ai ∈ A parallel do // Multi-threaded
3: memoryi ← Cold-Start(dataset, topic)
4: attributesi ← InitAttributes()
5: end for
6: for t = 1→ T do // Simulation steps
7: BarrierSync(A)
8: for all ai ∈ A parallel do
9: if ShouldInteract(ai) then // Interaction decision

10: partners← FindNeighbors(ai, radius)
11: available← ∅
12: for aj ∈ partners do
13: if RequestConsent(ai, aj) then
14: available← available ∪ {aj}
15: end if
16: end for
17: if available ̸= ∅ then
18: ExecuteInteraction(ai, available)
19: end if
20: end if
21: action← GetAction(ai)
22: while ¬CheckConstraints(action) do
23: RemoveAction(ai, action)
24: action← GetNewAction(ai)
25: end while
26: ExecuteAction(ai, action)
27: attributesi ← AdjustAttributes(attributesi, action)
28: end for
29: end for
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