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Large language models (LLMs) have been shown to be capable of generating human-like agent behavior in diverse scenarios,
making them useful building blocks for agent-based simulations. However, the substantial inference cost restricts the crowd
sizes that can be tackled, and the opaque nature of LLM-based decision making raises reliability concerns. To address these
issues, we propose the approach of Decision Function Distillation (DFD), which extracts strategies underlying the decision
making of LLM agents in a rule-based and interpretable form. The inal decision function is determined in an iterative
process during which intermediate insights gathered from historical agent trajectories are reined and inally translated
into commented code. In two variants of the approach, the intermediate insights are either generated directly as text based
on few-shot examples or explicitly formalized into code snippets. Unlike black-box symbolic regression (SR), the gradual
and transparent reinement process allows modelers to understand the strategies captured in the inal commented decision
function. We demonstrate DFD on agent-based crowd evacuation scenarios, showing that DFD outperforms both classical
and a state-of-the-art LLM-based SR.

CCS Concepts: · Computing methodologies→ Agent / discrete models; Natural language generation; Rule learning.

Additional Key Words and Phrases: Crowd simulation, Large language model, Fast simulation, Symbolic regression, In-context
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1 Introduction

Simulating crowd behavior during evacuations is essential for emergency planning and building design, e.g., for
appropriate placement of emergency exits [38]. To capture the individual behaviors and interactions, agent-based
modeling (ABM) [79, 84, 93, 94] simulates human behavior in a given environment according to speciied agent
attributes, behaviors, and mechanisms [29, 58]. Typically, the agents’ behaviors must be manually deined for
each scenario and are thus diicult to generalize across applications.

Recently, LLMs have attracted growing attention. LLMs are able to ingest and generate natural language, can
reproduce a degree of world knowledge, and have demonstrated human-like reasoning ability in various tasks.
Increasingly, LLMs play the role of agents in simulated environments by perceiving their environment through
natural-language descriptions, making decisions, and interacting between individuals and the environment. While
there are still known limitations such as the tendency for LLM-driven agents to behave overly homogeneously [3,
87], this approach has been successfully applied to task-driven decision making [72], social games [49], and
crowd simulations [17].
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Fig. 1. Overview of our approach for distilling mechanistic decision functions from LLM-driven agent behavior

However, the rich behavior of LLM-driven agents and the reduced need for manual modeling come with two
major drawbacks. Firstly, the language-based interaction and the underlying transformer-based architecture of
LLMs entail enormous computational costs and memory demands [88]. Compared to traditional mechanistic
simulations, this limits the scalability beyond relatively modest numbers of individuals. Secondly, while chain-of-
thought prompting approaches can shed some light on an LLM’s decision process, the underlying text generation
remains a black box, making agent behaviors diicult to predict, validate, or interpret [46]. Although the validation
of LLM-driven agent behaviors has been explored in some works [13, 95], systematic and rigorous validation
approaches have not been established yet [87].
The aim of the present paper is to combine the capability of LLMs to lexibly react to an environment in

a human-like manner with the speed and reliability of mechanistic agent models. To this end, we explore to
what degree the rules that guide an LLM-driven agent’s decision making can automatically be distilled into
human-readable and commented functions. Our approach, which we refer to as Decision Function Distillation

(DFD), can be viewed as a form of symbolic regression that approximates LLM-generated ground truth decisions
by a mechanistic function. Unlike existing work on LLM-based symbolic regression [73], DFD explicitly employs
and formalizes domain knowledge to guide the gradual reinement and documentation of candidate decision
functions. The inal decision function can be integrated into a traditional mechanistic agent-based simulation
framework.

As illustrated in Figure 1, DFD comprises three phases:

a Ground Truth Generation. An LLM-driven crowd simulation [88] generates pairs of the simulation state as
perceived by agents and the resulting decisions.

b Insight Extraction. The ground truth data is analyzed to gradually extract language-based insights on the
agents’ decisions, which are optionally translated to an intermediate code-based representation.

c Function Reinement. Based on intermediate language or code-based insights, the LLM iteratively proposes
decision function skeletons, whose coeicients are numerically optimized to it the ground truth data.

We evaluate the idelity of the generated decision functions against those generated by traditional and LLM-based
symbolic regression using several qualitative and quantitative criteria.
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Our contributions can be summarized as follows.

(1) We propose the approach of DFD, which tackles the computational cost of LLM-driven agent-based
simulations by approximating the dialogue-based decision making of an LLM by an explainable and
computationally inexpensive decision function.

(2) We propose an extension of DFD that augments the decision function reinement by converting insights on
the agent behavior into intermediate commented code snippets.

(3) In an extensive evaluation, we show that DFD outperforms function generation using traditional symbolic
regression and state-of-the-art LLM-based symbolic regression.

2 Related Work

Our approach provides a bridge between LLM-driven agent models and traditional mechanistic modeling. In
the following, we briely summarize existing work on the use of LLMs for crowd modeling and subsequently
position our work in the existing literature on agent-based modeling, symbolic regression, explainable artiicial
intelligence, knowledge distillation, and insight generation from LLMs.

2.1 LLM-Driven Crowd Modeling

Agent-based crowd simulations are commonly constructed using the ABM paradigm [51], typically generating
mobility in a two-dimensional space. In continuous spaces, Helbing’s social force model [33] is often employed,
whereas cellular automata-based models are used in discretized spaces (e.g., [70]). While models such as social
force handle the so-called operational level of distance-keeping among members of a crowd, the higher-level
decision making on the tactical level is task-speciic and cannot easily be generalized.
Recently, many authors explored the use of LLMs to steer agents in various scenarios to leverage the rich

general-purpose knowledge encoded in these models. A key advantage of this approach is that LLMs empower
the simulated agents to lexibly carry out naturalistic reasoning and interactions [26, 36, 59]. However, directly
immersing LLMs in a simulation [44, 88] raises the question of validity and reliability. Due to the black-box
nature of LLMs, classical approaches to calibration and validation of ABMs cannot easily be applied. Furthermore,
LLM-based agents lack the interpretability and repeatability of simulations based on mechanistic models [46].

Our decision function distillation approach aims to combine the beneits of LLM-driven agents with mechanistic
ABM. In a form of symbolic regression [99], decision functions are determined from LLM-generated ground truth
trajectories. In contrast to traditional symbolic regression, the LLM-driven iterative and insight-driven decision
function distillation allows for a better it and a higher degree of interpretability by generating commented code.

2.2 Accelerating Agent-based Simulations

Since the outcomes of agent-based simulations emerge from applying behavioral rules and interactions at the
level of individuals in an overall agent population [32], the computational costs can be substantial. Approaches
to reduce execution times of individual simulation runs substitute or simplify the original simulation model, or
improve the eiciency and hardware utilization of the simulation engine used to exercise the model.

Surrogate modeling is a form of model reduction that substitutes an original model by a counterpart at a lower
level of idelity [34], often reducing the execution time substantially. Surrogate models are typically generated by
sampling the original model in order to determine the relationships between model inputs and outputs. Successful
amortization of the initial sampling cost depends on the complexity of the underlying input-output relationships
and the idelity requirements of the simulation study. Common model classes used as surrogates include Gaussian
regression models and artiicial neural networks [4].
Our distillation approach shares the data-driven approach of surrogate modeling. However, where surrogate

modeling approximates the end-to-end relationship between simulation inputs and outputs, DFD frames the
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distillation as a symbolic regression problem to identify per-agent decision-making processes, i.e., the mechanisms
that lead to the overall simulation behavior. Hence, in place of largely opaque mappings from the simulation’s
input space to its output space, DFD generates a human-readable decision function that can serve as part of a
mechanistic simulation model.

Outside of surrogate modeling, model reduction for agent-based simulations typically involves model-speciic
transformations to move to more coarse-grained and thus less computationally intensive representations, while
maintaining adequate levels of idelity [47, 57, 64, 103].
Approaches that target the simulation engine aim to reduce execution times by more eicient use of the

hardware. Typically, these approaches preserve the original simulation’s behavior. As an example, a common
optimization in agent-based simulations is to employ spatial indexing structures to reduce the cost of identifying
each agent’s neighbors. A broad class of engine-level approaches parallelizes the agent state updates across
multiple processing elements [14]. In recent years, methods for parallel agent-based simulations have moved
from CPU-based approaches towards the use of hardware accelerators such as GPUs and FPGAs [90]. In the
current implementation of our approach, the original LLM-driven simulation runs on a GPU, whereas the distilled
decision function is evaluated on a CPU. Although the LLM’s token generation is a highly parallelized procedure
in itself [82], each LLM-driven agent update is several orders of magnitude slower compared to our distilled
decision function. While out of scope for our present work, the lightweight nature of the distilled function would
allow for straightforward parallelization across diferent agents’ updates to further accelerate the simulation.

2.3 Symbolic Regression

Symbolic regression (SR) [43] is a class of approaches that aim to determine symbolic expressions that recreate the
relation between a set of reference input-output pairs. Most SR approaches rely on sparse regression techniques
or incrementally construct expression trees [52]. Sparse regression-based approaches generate weight coeicients
to combine elements from a library of linear or non-linear functions. A common traditional method targeting
dynamical systems is sparse identiication of nonlinear dynamics (SINDy) [8], which its the weight coeicients
to construct an overall function that best matches the time derivatives of the reference system’s state variables.
While SINDy is limited to linear combinations of functions, employing the elementary functions from the library
as the activation functions of neural networks allows complex nonlinearities to be captured [39]. A limitation of
sparse regression is that the possible outcomes are restricted by the predeined function structure.
Constructing an expression tree from a library of operations allows for arbitrarily complex functions to be

generated. Most approaches employ evolutionary algorithms, speciically genetic programming (GP) [52], to
heuristically explore the enormous search space, which grows exponentially with the tree depth. While purely
GP-based approaches are still among the state-of-the-art [20], neural networks are increasingly employed in this
context. Recurrent neural networks are a natural architecture to model the conditional probabilities for operations
to appear at each level of the expression tree [35, 61]. More recently, transformers [82] pre-trained on large
numbers of example pairs of functions and generated datapoints have been used for this purpose. Constants that
appear in the generated functions are either calibrated numerically in a separate step [6, 80] or included directly
in the transformer’s prediction [37, 81]. In combinations of neural and GP-based SR, an outer loop invokes a
pre-trained transformer to generate seed functions, which are reined using GP in an inner loop [45, 56].
Recent work recognizes prior knowledge as a key ingredient to steer the search towards promising areas of

the expression space. In uniied deep SR [45], manually speciied constraints on the possible symbols are encoded
as numerical vectors and used to adjust the logits emitted by the neural network. An alternative is to identify
prior probabilities in a data-driven way from datasets of domain-speciic examples [35].
Due to their pre-training on text from various domains and their capability to extract insights from natural

language, LLMs ofer novel opportunities for integrating domain-speciic prior knowledge. One approach is
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to integrate LLMs in traditional SR pipelines to steer the search. This has been explored by instructing the
LLM to choose the library of operations and the optimization algorithm for SINDy [55]. Another approach is to
employ LLMs to score the generated functions according to pre-deined criteria such as physical realism [77].
By incorporating the score in the loss function used for traditional SR, the search is accelerated over a purely
numerical evaluation.

A number of recent works explored the use of LLMs to directly generate candidate functions [30, 50, 53, 73, 91].
Our work takes inspiration from LLM-SR [73], which evolves disjoint sets of candidate functions in an iterative
fashion. Subsequent work explored the prompting of LLMs to identify and describe regularities in the data as
well as provide feedback to subsequent function generation rounds [85]. Data-aware insights are generated
by analyzing the inluence of the changes in the values of diferent independent variables on the dependent
variable. Unlike this work, we prompt an LLM with concrete trajectory data to capture insights on the underlying
behaviors. Further, in contrast to this existing work’s focus on scientiic equation discovery, instead of relying
on ground truth data representing phenomena of the real world directly, we aim to capture LLM-driven crowd
behaviors in mechanistic functions. To achieve this, we facilitate the function reinement using LLM-generated,
explicit, and optionally formalized insights on observed decision-making patterns.
Finally, some existing works have applied SR for identifying the underlying rules that guide the behavior

of populations of agents. SR via gene expression programming was applied to identify crowd movement rules
from real-world data [100]. More recently, graph neural networks and a custom evolutionary algorithm were
used to extract mathematical expressions for the behavior of animal swarms [63], inspired by seminal work
targeting particle interactions [16]. However, we are not aware of any existing work on extracting behavior
beyond immediate physical movement rules, targeting higher-level decision making.

2.4 Explainable Artificial Intelligence

Explainable Artiicial Intelligence (XAI) [22] refers to methods that allow humans to understand the predictions
or behaviors of AI models. A broad categorization diferentiates XAI methods by their focus on data, features,
or models. Our work falls under feature-based methods as our symbolic decision functions are generated from
feature-decision pairs produced by the LLM-driven ground truth model. However, in contrast to other methods
in this category, our aim extends beyond isolated aspects of the feature-decision relationship such as feature
importance (e.g., using Shapley values [54]) and beyond generating local explanatory surrogates around speciic
feature combinations (e.g., using LIME [65]). Instead, we generate a global surrogate that approximates the
LLM-guided decision making in a human-interpretable form. Existing approaches usually construct interpretable
models in the form of rules [5, 18] or decision trees [7]. In the context of automated driving, some imitation
learning approaches apply inductive logic programming to generate logic formulae that capture ground truth
driver behavior [48, 71]. In comparison to these works, our reliance on SR is less restrictive regarding the
expressions that can be generated.

Some recent works applied SR to distill neural reinforcement learning policies into mathematical expressions [1,
48]. These works focus on control problems and low-level mobility in robotics rather than high-level decision
making.

Only few works have employed LLMs to provide ground truth behavior or for identifying interpretable models.
In retrieval-based generation, traditional rule mining was applied to identify the relationship between LLM-driven
document retrievals and predictions [68]. Finally, in biology, LLM-driven SR using Google’s FunSearch [66] has
been applied to determine cognitive models from human and animal behavior [10]. Our work builds on LLM-SR,
which has been shown to vastly outperform FunSearch in SR tasks [74]. Going beyond LLM-SR’s implicit reliance
on LLMs’ priors, we explicitly generate intermediate insights from agent trajectories to facilitate the function
generation.

ACM Trans. Model. Comput. Simul.
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(a) Grid environment.
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(b) Left: visible area when estimating exit crowdedness, right: Movement
directions and selection order.

Fig. 2. The considered grid-based simulation space, agent perception, and mobility.

2.5 Symbolic Knowledge Distillation

Knowledge distillation extracts knowledge from a large łteacherž model to a łstudentž model. Diferent from XAI
methods, the focus is on model eiciency rather than interpretability. In the LLM context, a common goal is to
approximate a large pre-trained model using a faster, smaller model [12, 19]. Symbolic knowledge distillation
extracts knowledge graphs and other structured data [2]. A small number of works have considered the extraction
of symbolic rules from LLMs in the form of decision trees or in task-speciic rule languages [11, 41]. Fang et
al. proposed a method to extract proof strategies from LLMs [23]. Successful LLM-generated proofs in natural
language are translated into lemmas that can then be employed in a rule-based fashion by a symbolic theorem
solver. Diferent from our problem setting, a correct proof is necessarily a sequence of steps whose individual
correctness can be proven directly. In contrast, extracting rules that align with the less well-deined space of
plausible crowd behaviors considered in our work calls for a data-driven and iterative approach. We are not
aware of existing work on knowledge distillation from LLMs for ABM.

2.6 Insight Generation for Self-Prompting

Finally, in many recent works, LLMs extract underlying strategies from generated text [24, 25, 96, 101]. By
including the strategies in future prompts, the LLM’s capability to complete tasks is improved. In line with this
idea, our approach iteratively extracts the exit choice strategies in natural language to guide the decision function
distillation. However, the inal output of our approach is a decision function in the form of commented and
deterministically executable code.

3 Model Formulation

We consider building evacuation scenarios based on [84] as illustrated in Figure 2(a). The simulation space is
a 33 × 33 cellular grid representing the interior of a building, each agent occupying one cell. There are exits
spanning one to three cells at the left, bottom, and right. The environment state perceived by the agents comprises
the occupation status in their immediate neighbor cells as well as each exit’s distance and estimated crowdedness
level.

ACM Trans. Model. Comput. Simul.
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The agent state comprises the current position and two static attributes that inluence the decision making:
the agent’s level of physical ability and its mental condition. The mental condition is either 0 for łpositivež, or 1
for łnegativež, and the physical ability is either 0 for łpositive and full of energyž or 1 for łnegative and afraid of
diicultiesž. To model diferent personas, we classify agents into four groups: red represents łmental = 0, physical
= 0ž, green represents łmental = 1, physical = 0ž, yellow represents łmental = 0, physical = 1ž, and blue represents
łmental = 1, physical = 1ž.

At each time step, a Bernoulli trial with a conigurable probability determines whether an agent makes a
new decision on its target exit. This allows for repeated reconsideration of the exit choice without introducing
symmetries and oscillations among agents. As the inal action, each agent moves to one of its surrounding eight
cells or remains in its current cell. Since our focus is on the agents’ high-level decision making, the subsequent
low-level action is to deterministically choose the cell that minimizes the distance to the target exit. If an agent
becomes stuck, it permanently switches from the greedy movement to following the shortest path computed via
�★ [31].

We formalize the model as follows: Initially, � agents are placed uniformly at random on unobstructed grid
cells. The exit cells are denoted �� ∈ E, with E = {(15, 0), (16, 0), (17, 0), (0, 15), (0, 16), (0, 17), (17, 32)}. Adjacent
exit cells are aggregated to a single exit direction �. The perceived environment state for an agent � at time �
includes the crowdedness � �

� ∈ {1, 2, 3, ..., 9} near the agent, the perceived number of agents ���,� towards exit

direction � ∈ {left, right, bottom}, the three exits comprised of 3, 1, ��� 3 cells, and the distance ���,� to each exit
cell�. Once an exit has been chosen, the greedy action choice is made by choosing the closest cell to the exit
from a list of unoccupied neighboring cells.
The perceived number of agents ���,� is estimated based on all agents inside a � = 45◦ cone towards the exit

direction within a limited visible range � (cf. Figure 2(b)).
The agent state includes the current position (��� , �

�
� ), the physical ability �� , and the mental condition ℎ� , which

are determined before the simulation begins. The number of remaining agents is �� , which decreases each time
an agent escapes through one of the exits.

The simulation terminates after � time steps or when �� = 0. The overall simulation state is:

P� (�,�, �) = {X� ,Y� ,W� ,C,H, L� ,D� | �, �,�, �},

where X� ,Y� ,W� ,C,H, L� ��� D� are the vectorized �
�
� , �

�
� ,�

�
� , �� , ℎ� ,

���,�, �
�
�,� . X� ,Y� ,W� ,C,H ∈ N

��

0 , L� ∈ R
��×3,D� ∈ R

��×7

Each state transition involves an initial check for successfully escaped agents, for which the corresponding vector
elements are removed from P� . For each of the �� agents, ordered by ascending distance from their current target
exits, the agent decision logic generates an exit choice e�� ∈ E if � = 0 or a Bernoulli trial is successful. Finally, an
action choice v�� ∈ {(−1, 0), (−1,−1), (0,−1), (0, 0), (0, 1), (1, 1), (1, 0), (1,−1), (−1, 1)} is generated, choosing the
unoccupied cell in the direction that minimizes the distance to the respective agent’s target exit.

A state transition can be written as P�
V�
−−→ P�+1. Note that for a given environment state, the action is fully

determined by the exit choice.
As described in detail below, our symbolic regression task is to determine a function that maps from the

numerical input data of perceived environment state and agent state to the scores for diferent exit cells.

4 Method

In the following, we present our method for distilling decision functions from LLM-generated agent behaviors.
The section is organized according to the three main phases of ground truth generation, insight extraction, and
decision function reinement.

ACM Trans. Model. Comput. Simul.
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Fig. 3. Overview of the decision function distillation workflow.

4.1 Overview

The overall worklow is comprised of the three phases shown in Figure 3.
A. Ground Truth Generation. At each time step, the agents’ perception data is passed to the LLM1 (1), which

returns the exit choices according to which actions are taken (2). After the simulation terminates, the agents’
trajectories are processed to form structured perception data (3). Further, the trajectories are also translated to an
agent-centric form that represents the input and output of the decision making (4).
B. Insight Extraction. The LLM2 analyzes the agent-centric trajectories and identiies general behavioral

rules, which we refer to as general insights. Between phase B and C, the identiied general insights are optionally
used as a basis for generating intermediate commented code snippets by LLM3, which will support the subsequent
decision function reinement process.

C. Decision Function Reinement. Based on a structured prompt that includes the task description, insights,
and evaluation function as well as the current set of candidate decision functions, the LLM4 iteratively proposes
new candidate functions. The candidate functions are evaluated based on their idelity in recreating the agents’
decisions based on the perception data, updating the set of candidates whenever a new function outperforms all
existing ones. Once a termination criterion is reached, the best-performing function is returned.
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4.2 Ground Truth Generation

The ground truth data can originate from an existing model or real-world observations. In the present work,
we rely on an existing work in which the agents’ exit selection and immediate movement is generated using
an LLM [88]. Their original simulation worklow comprises four phases: (a) A communication phase, in which
the individuals communicate with each other to help with their information gathering and decision making.
(b) A planning phase, in which agents decide which exit to target based on the perceived environment state,
personal feelings, and gathered interactions. (c) An actuation phase, in which the agents take actions according
to their previous decision. (d) An updating phase, in which the system determines the new status (łescapingž
or łescapedž) of the agents and writes to a log ile. Since we are interested in high-level decision making, we
focus on the exit selection and substitute the LLM-driven immediate movement by a simple heuristic, which
substantially reduces the time required for data generation.
The simulation is executed several times for sampling trajectories �� = {P0,V0,P1,V1,P2,V2, ...,P�� ,V�� , },

where � is the trajectory length for a speciic random number generator seed � , � and � represent the simulation
state and action choice. The collected trajectories � are stored as the training dataset. The input data in the
symbolic regression task is the perception data, which is the tuple of numerical data (��� , �

�
� ,�

�
� , �� , ℎ� , d

�
� , l

�
� ). The

symbolic regression target is the exit choice ��� corresponding to each perception data point.
From the training dataset, we extract the agent-centric trajectory data, which describes the individuals’ behavior

in the form of inputs and outputs of the decision making. For an agent � , the trajectory includes the following
information: physical ability �� , mental condition ℎ� , history exit selection choice, surrounding conversations
between individuals, the individual’s feelings about the situation, about the diferent exits, and the textual
representation of exit choice.

The individual’s feelings are relections of their static physical ability and mental condition under the current
perceived environment state, as well as surrounding conversations and individual feelings obtained in the
planning phase during the ground truth simulations. The interactions among agents reveal their individual
exit choice and emotional state to nearby agents in natural language [88]. The agent-centric trajectory data
combines the perception data with this textual data. Table 1 shows the features included in the perception data
and agent-centric trajectory data.

4.3 Insight Generation

Given that an LLM is capable of analyzing past experiences to identify high-level patterns, extracting general
behavioral rules can facilitate the generation of executable functions that replicate the LLM-driven agent behavior.
Following [60], we refer to these general rules as insights deined as łmeaningful and actionable information
derived from raw dataž that help agents to solve problems efectively. In the task considered in the present work,
insights are meta-rules applicable to a range of situations. They are extracted from historical agent trajectories to
explicate and enrich in-domain knowledge, supporting the decision function generation.

Table 1. Components of the perception data and agent-centric trajectory data. łDistancesž are between agents and exit cells.
łExit crowdednessž is the perceived agent count around three exit directions.

Perception data (Numerical) Target (Numerical) Agent-centric trajectory data (Textual)

x, y coordinates Exit choice Crowdedness
Crowdedness Mental
Capability Historical exits
Mental Conversations

Distances Feelings about situation
Exit crowdedness Feelings about exits

Exit choice

ACM Trans. Model. Comput. Simul.
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# Q: Always prioritize exits with the least number of
people in order to minimize stress...
stress_panic_level = np.sum(crowdedness_to_exits)
# If prioritize exits with the least number of people,
then select the least crowded exit...
scores_to_exits = 1 / crowdedness_to_exits
...
How about the following insights?
{general insights}
Your should implement EXISTING INSIGHTS
concretely ...

# Q: Foster rapid decision-making by encouraging
individuals to quickly analyze exit routes based on 
...
# Rapid decision score combines inverse distance,
inverse crowd, scaled by comfort and emotional
readiness.
base_scores = (1 / (exit_proximity + 1e-5)) *
personal_comfort + (1 / (crowd_dynamics + 1e-5)) *
emotional_readiness
# Modulate scores by adaptability factor to allow
responsiveness to rapid situational changes.
scores_to_exits = adaptability_factor * base_scores +
(1 - adaptability_factor) * previous_scores_to_exits
# Q: ......

(a) (b)

Shared task
specification

Few-shot 
examples

General
insights

Code with
comment
insights

You are a helpful assistant tasked with discovering mathematical function ...
Complete the 'equation' function below ...

: LLM generated
: Handcrafted code

Fig. 4. DFD (a) bases the decision function refinement on handcrated few-shot examples and LLM-generated general
insights, whereas DFD-C (b) generates intermediate commented code snippets from general insights.

To extract initial high-level insights in natural language, we make use of the Expel approach [96], which
employs a voting mechanism to gradually improve a inite set of candidate insights. However, the insights
generated by Expel take the form of general observations rather than concrete rules suited for formalization. Due
to the limited reasoning ability of current LLMs, translating general observations to accurate decision functions is
a challenging problem. To facilitate the end-to-end translation from trajectories to decision functions, we clearly
separate the insight generation from the function reinement. We distinguish two variants of our approach: DFD
is prompted with handcrafted few-shot examples that indicate how insights can be translated to commented
code, and directly generates decision functions from general insights. In contrast, similar to existing work in
other problem domains [27, 42, 89], DFD-C (Decision Function Distillation - Code) introduces an additional step
in which the LLM is instructed to generate intermediate commented code snippets that formalize partial insights.
The code snippets are included in subsequent prompts to support the reinement of overall decision functions. In
the following, we discuss the insight generation process in more detail. Figure 4 illustrates the two variants of
our approach.
The key challenge the insight generation must tackle is to bridge the enormous gap between general high-

level strategies and speciic actions. For instance, the insight of łoptimizing escape eiciency through clear
communication and collaborationž indicates a general strategy but does not prescribe concrete actions. As a step
towards a directly executable rule, a parameter escape eiciency could be introduced to quantify the perceived
merit of each exit. Similarly, a strategic insight such as łFoster a proactive and anticipatory mindset during
emergencies by continuously assessing surroundings, potential hazards,...ž indicates important decision-making
factors, but is too general to be applied directly. By formalizing the components of the insight and introducing
numerical scores for aspects such as hazards, an overall decision function comes within closer reach. The speciic
prompts used for generating insights in natural language and commented code are shown in Appendix B.2.

4.4 Decision Function Refinement

In this inal phase of our approach, the decision function is generated through an iterative reinement process.
We take inspiration from LLM-SR [73], a closed-loop scientiic equation discovery approach that exploits LLMs’
inherent scientiic prior knowledge and robust coding ability. Their core idea is to prompt an LLM to generate
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function hypotheses, optimize and evaluate the candidate functions on a training dataset, and to evolve sets of
potential functions iteratively. The approach employs an island-based evolutionary model [15, 67] from classic
genetic programming [9, 76], which maintains several distinct populations of candidate functions in which
functions can be updated or discarded depending on their itness scores. While the selection of functions to retain
is carried out in a rule-based manner, combination and mutation is performed opaquely by an LLM. Within each
island, functions with identical scores are clustered. During subsequent sampling, this allows shorter functions
among a set of functions with the same score to be preferred.

In contrast to LLM-SR’s target area of scientiic equations, our problem domain involves human behavior and
interactions, which may be challenging for an LLM to infer based on its inherent knowledge and the provided
data. Hence, while we follow LLM-SR in its basic principles, we facilitate the function reinement by prompting
the LLM with the explicit, and optionally formalized, insights generated in the previous phase.
As shown in Figure 3, the function reinement phase consists of three parts: island update, input prompt

modiication, and function calibration and evaluation.
To initialize the overall procedure, � independently evolving islands are initialized by the seed function �0,

which outputs scores for the seven exit cells as a simple weighted sum of the features. The prompt used for
function reinement consists of four parts: (a) task description, (b) few-shot examples with general insights or
code-based insights, depending on the approaches, (c) evaluation function for function calibration, and (d) seed
function. They are concatenated as input prompt during decision function reinement. At each round �, we input
the aggregated prompt and get the candidate function from LLM.
The input prompt modiication step involves selecting example functions from the islands to be included in

the next prompt. The function sampling consists of two steps. First, one of the� islands �� is sampled uniformly.
Second, � functions are selected from the chosen island.

Since, as in LLM-SR, functions with identical scores are clustered together within each island, we irst sample
a cluster, then sample a function inside the cluster. The cluster is sampled using Boltzmann sampling, preferring

higher scores by deining the sampling probability as �� =
��� (��/�� )∑
� ��� (� � /� � )

where �� represents the average score for

the �-th cluster. Here, �� =�0 (1 −
� ��� �

�
) with hyperparameters �0, � , and � is the number of functions in the

island. When sampling speciic functions, shorter functions are preferred via � (�� ) ∝ ��� (−� ′� ) where �
′
� is the

function length normalized to [0, 1]. Finally, the selected � function samples are added as seed functions to the
next prompt.
Once the decision functions have been sampled and non-executable functions discarded, calibration of any

function coeicients and the evaluation of the function are carried out. At each round �, the coeicients in the
decision function �� are initialized to all-ones, and the evaluation function� calculates the mean squared error
�� of �� between the positions of the predicted exit ẽ�� and the true exit e�� over all training data points. If several
exits share the same score, we prefer the irst exit in counter-clockwise order, beginning from the top left. As the
generated decision functions may not be diferentiable, we adopt Powell’s method [62] to adjust the coeicients
in order to get the maximized �★� . To avoid overitting, we terminate once the relative change in the solution
vector between iterations falls below 10−4. � ★� represents the optimized decision function consisting of �� and
corresponding coeicients.
Calibrated functions that improve over their respective island’s best scores are incorporated in the island:
F

��
� ← F

��
� ∪ {(��, �

★

� ) |�
★

� > �★�� } where F� is the function set of source island �� , �★�� is the largest score in �� .
Subsequently, the islands’ clusters are updated. The pseudocode of DFD is shown in Alg. 1.

As a inal step, we simplify the generated decision function � ★ by discarding parameters that do not appear in
the function. Based on the obtained reduced feature set Σ′, the parameters of the adjusted function skeleton � ★′

are once again calibrated on the training dataset. The calibrated decision function is subsequently used to steer
the simulated agents’ decisions. As shown in Figure 5, at each time step, each agent invokes the decision function
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12 • Y. Zhang et al.

Algorithm 1: Decision Function Distillation
Data: Round �, Maximum round � ≥ 1, Collected ground truth � including P and A, DFD I� , DFD-C I� , Evaluation function� ,

Local LLM L, Island No. �, Seed function �0, Island function sets F, Insight type T
Result: � ★, �★

F = { (�0 ) ; (�0 ) ; ...}, � ← 1;

������ =���� ����������� // cf. Fig. 4

� ★, �★ ← ����, −∞;

// Add insights and evaluation function

������ ← ������ ∪ IT ∪ �

while � ≤ � do

// Sample k examples from � islands

�, � ← ��������� (F, � ) ;

������ ← ������ ∪ �;

// Feed into LLM to generate new hypotheses

�� ← L(������ ) ;

if �� �� ���������� then

// Calibrate the parameters of function skeleton

� ★� , �★� ← ��������� (�� ) ;

F� ← ������������ (��, �
★

� ) ;

if �★� > �★ then

� ★, �★ ← � ★� , �★� ;

end

end

� ← � + 1;

end

with probability � to obtain the exit choice. After determining the exit choice, the greedy policy or �★ routing
algorithm is used to determine the action choice �� . By enacting �� , the simulation state transitions from �� to
��+1.

5 Experiments

We conducted extensive experiments to assess the efectiveness of DFD and DFD-C. After introducing the
benchmark setup, we present qualitative and quantitative comparison results against several baseline methods
on an in-domain and out-of-domain dataset. An ablation study explores the impact of each component of our
approach.

Decision function

Greedy /
 A* policy

f*

f*'

Simplify 
parameters

Simulation
state Pt

Simulation
state �

�+1
Action 

choice �
�

Exit 
choice

Fig. 5. In the final fast simulation, each agent uses the generated decision function to select its target exit. � ∗ to � ∗
′
represents

the feature reduction. The diagram shows one simulation step of a single simulation run.

ACM Trans. Model. Comput. Simul.



Sense, Think, Act, Reflect: Distilling Fast and Interpretable Decision Functions from LLM-Driven Crowds • 13

5.1 Benchmark Setup

Datasets. Our experiments are based on three datasets: an in-domain training and test dataset, and an out-
of-domain test dataset, each of which is generated by the LLM-driven agent-based simulation from [88]. The
out-of-domain test dataset is intended to evaluate whether the generated decision functions can generalize beyond
the speciic scenario layout of the training dataset. Each simulation was executed for a total of � = 51 timesteps.
The number of participating agents was � = 100 in all experiments. The visible range � for each agent was set
to 10 cells. The number of general and code-based insights was set to 20. For DFD, we handcrafted extra four
few-shot example pairs of general insights and corresponding commented code. The number of independently
evolving islands � was set to 10.

The ground truth data is generated from simulations using ive diferent random number seeds that deine the
individuals’ starting positions. Constrained by the enormous execution time of the LLM-driven simulations, we
used ive diferent seeds for the in-domain training dataset, two seeds for the test dataset, and three seeds for
the out-of-domain test dataset. The distilled functions are evaluated on the simulation data of the same sets of
random seeds for training, test and generalization. In the following, we report the upper bound and lower bound
across test seeds in the plot.
At each time step, there is one (perception data, exit choice) pair for each agent. The training dataset is

comprised of 9955 such pairs, which are further split into a training and validation set in the ratio 4 : 1. Diferent
from the training dataset, the test dataset and the out-of-domain test dataset are composed of historical positions
(X,Y) from simulation states of each agent for evaluating the similarities in the crowd behavior. All reported
evaluation metrics are averaged across the diferent seeds.
Evaluation metrics. We evaluate the idelity of the generated functions both qualitatively by visualizing crowd
densities and evacuation times, and quantitatively according to the following metrics:

(1) To assess the raw prediction accuracy, we employ the mean square error (MSE) between positions of the
predicted and true exit, which captures the ine-grained prediction loss. In our experiments on the training
and test datasets, the loss values per exit prediction ranged between 0 and 32.06.

(2) To quantify the diference in crowd distribution, we compare the number of agents per subregion. As
in [98], we split the initial 33 × 33 grid into subregions of size � × � with 3 ≤ � ≤ 11. Zero padding is
applied when the scenario cannot be evenly divided into blocks. The error metric is the mean absolute
error (MAE) in the agent counts over all sub regions and time steps.

(3) To evaluate the similarity in crowd distributions with respect to the exits, we plot the number of agents
escaped via the three exit directions over time. Dynamic Time Warping (DTW) [69] is employed to score
the similarity between the time series.

Experiment setup. In our experiments, we leverage several diferent LLMs for ground truth generation, insight
extraction, and decision function reinement. The ground truth data is generated using Gemma3:27b [78].
Observing that Gemma3 was insuicient for the subsequent steps, we used two diferent versions of GPT via
the OpenAI API, choosing the smallest model that yielded well-structured results. The general insights for DFD
and DFD-C were generated using GPT-4o-mini, whereas DFD-C employed GPT-4.1-mini to generate the
intermediate insights as commented code. Finally, in accordance with [74], we use Llama-3.1-8B-Instruct in
the decision function reinement phase for each method.
As baselines for the quantitative comparison, we use traditional symbolic regression (SR) using the PySR

library [15] and the state-of-the-art LLM-based symbolic regression approach LLM-SR [73]. For fairness, we
set PySR’s iteration limit to roughly obtain the same execution time as our own approaches. However, PySR
terminated after two days, compared to ive days with DFD and DFD-C. PySR proposes functions at diferent
levels of complexity, of which we select the most complex one, aiming to emphasize the it to the data.
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Table 2. Overview of approaches evaluated in our experiments.

LLM-SR LLM-SR-GI DFD DFD-P DFD-C DFD-M DFD-CM

Insight Generation: From task description ✓ ✓ ✓ ✓ ✓ ✓

From trajectories ✓ ✓ ✓ ✓ ✓

Function Generation: Handcrafted insights as code ✓ ✓

Intermediate insights as code ✓ ✓

Agent memory ✓ ✓

Our evaluation includes four forms of ablation: Firstly, the comparison between DFD and DFD-C elucidates
the beneits of generating intermediate code-level representations of insights. Secondly, we modify LLM-SR to
leverage the same general insights as DFD and DFD-C (LLM-SR-GI), allowing us to gauge the level of idelity
reachable without our gradual function generation and reinement mechanisms.
Further, DFD-P generates insights purely from the task description to determine whether the LLM’s prior

knowledge suices for successful insight generation. For fair comparison, we use the same LLM (GPT-4o-mini)
to obtain insights directly from the task description, after which we use these insights for DFD-P. Finally, in
DFD-M, we implement per-agent memory, creating stateful agents that recall the history of previous exit choices.
DFD-CM corresponds to DFD with code-based intermediate insights and agent memory. Table 2 provides an
overview of the considered approaches. Additional details on DFD-P, DFD-M, and DFD-CM are provided in
Appendix B.1.

As a reference point for the computational cost of the DFD-generated decision functions, we employ the
handcrafted evacuation model from [84].

5.2 Generated Decision Functions

Figure 6 shows the MSE loss representing the it to the training data over the course of the function reinement
process. All methods are able to gradually improve over the initial solution.

The best result is achieved by DFD-M.
We observe that even if LLM-SR is augmented with general insights (LLM-SR-GI), it is still not competitive

with our approach. This indicates that our gradual translation from high-level insights to the inal commented
code facilitates the reinement of high-idelity decision functions.

We now qualitatively assess the concrete decision function code generated by the diferent methods. Figure 7
lists the functions � ★′ (cf. Section 4.4) after eliminating non-contributing features and calibrating their parameters
to the training dataset.

As expected, the decision functions generated by the LLM-driven methods are more amenable to interpretation
by humans. LLM-SR, LLM-SR-GI, DFD, andDFD-C all provide explicit explanations of the variables and expressions
used in the function. The purely search-based PySR lacks this type of interpretability. Notably, the decision
functions generated by DFD and DFD-C are constructed from documented strategies that indicate how the inal
decision is obtained.

Considering DFD-M, DFD-CM, in which the function distillation has access to a history of the agent’s previous
decisions, we observed that the inal generated function did not make use of the history. The generated functions
are roughly in line with those generated via DFD and DFD-C.

Comparing the structure of the functions between DFD and DFD-C emphasizes the methodological diference
between the two variants. DFD, which relies on few-shot prompting as a basis for the translation from insights to
decision functions, generated a function that compactly combines the parameters to determine an overall score.
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Fig. 6. MSE loss curve during decision function refinement.

In contrast, DFD-C, which translates insights into intermediate code-level representations, produced a decision
function that progressively determines the score in a sequence of separately commented steps.

5.3 Crowd Densities

We irst evaluate the idelity of the agent behavior in terms of the crowd densities across the simulation space.
Figure 8 compares the cumulative total number of agents that visited each cell over one simulation run. The
ground truth shows an increased crowd density between the central area and the three exits. The highest density
is observed near the exit on the right-hand side, which in contrast to the other exits spans only one cell.

Comparing the behavior generated by the diferent methods’ decision functions, we observe that LLM-SR-GI,
DFD, DFD-C, DFD-P, DFD-M and DFD-CM all correctly reproduce the tendencies in the ground truth. In contrast,
PySR heavily overemphasizes evacuations through the bottom exit, whereas LLM-SR favors the exits on the right
and bottom, without capturing the crowd density on the paths to the exits. As the model by Wang et al. was not
crafted based on our LLM-based ground truth, the observed substantial deviation is expected.
Table 3 quantiies the diferences in the individual counts in subregions of size 11 × 11. For each method, we

show the result for the decision-making probability � that led to the best performance. With lower � , agents tend
to adhere to their current exit choice for longer periods of time, which may prevent oscillations under changing
scenario conditions and compensate for the memoryless nature of the decision functions. The results demonstrate
that DFD and DFD-C consistently outperform the baseline methods PySR, LLM-SR, and LLM-SR-GI both on
the in-domain training and test dataset and on the out-of-domain generalization dataset. We note that DFD-C
is competitive with DFD even though in DFD-C, the function reinement phase purely relies on the previously
generated intermediate code-based insights. In fact, it can be observed in Figure 7, that DFD repeatedly recites
commented code from its original prompt verbatim, failing to convert the current insights into the corresponding
code. In contrast, the function reinement in DFD-C can rely on numerous previously generated code-based
insights, facilitating the reinement of the candidate functions.
DFD-P, which draws only on the LLM’s prior knowledge to generate insights, performs worse than DFD in

three datasets. This indicates that the consideration of agent trajectories improves the quality of the generated
functions.
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Insight:# Combine factors with weights to 
reflect adaptability and rapid reassessment.

...
weighted_exit_proximity = exit_proximity * params[0]

weighted_crowd = crowd_dynamics * params[1]

Insight:
# Incorporate physical strength to 

balance between distance and crowd discomfort.
distance = np.concatenate((dist0, dist1, dist2, 

dist3, dist4, dist5, dist6), axis=1)

Insight:
# Lower exit proximity and crowd 

dynamics increase scores, higher personal comfort
 and emotional readiness increase scores.
scores_to_exits = (1 / (exit_proximity + 

crowd_dynamics + 1e-6)) * personal_comfort *
emotional_readiness

DFD-C

DFD
Insight: # Shorter distance means smaller

exit_proximity, manageable crowds means lower crowds. 
The exit scores should be inversely proportional to them.

scores_to_exits = 1/ (exit_proximity + crowd_size)

score_exit_0 = (np.exp((x + distance0) / (0.016 - distance3)) * distance6) * (0.006 * bottom_exits_dens)
score_exit_1 = (mental - (1 - distance5)) * (0.002 / 2.220)
score_exit_2 = np.exp(((1 - distance2) - distance3) / (1 - (1 - x))) / ((1 - (1 - crowdedness + distance2)) * 0.103)
score_exit_3 = (4.290 / ((distance3 - 10.923) + y)) + -0.133
score_exit_4 = 0.171 / distance3
score_exit_5 = np.sqrt(y * (-0.049 - (distance5 * -0.002)))
score_exit_6 = (((right_exits_dens - left_exits_dens) - distance3) * -0.017) + ((distance6 * -0.015) - (distance0 * -0.019))

PySR

def function(params):
    ''' comments '''

    exit_proximity = np.ones((x.shape[0], params.shape[-1]))
    crowd_size = np.ones((x.shape[0], params.shape[-1]))
    exit_proximity = np.concatenate((distance0, distance1, distance2, distance3, distance4, distance5, distance6), axis=1)
    crowd_size = np.concatenate((left_exits_dens, left_exits_dens, left_exits_dens, bottom_exits_dens, bottom_exits_dens, 
bottom_exits_dens, right_exits_dens), axis=1)
    scores_to_exits = 1 / (exit_proximity + crowd_size)

    scores_to_exits = scores_to_exits * 1 / (params[15] + params[0] * (capability - 0.5) ** 2 + params[1] * (mental - 0.5) ** 2 + params[2]
* crowdedness ** 2 + params[3] * left_exits_dens ** 2 + params[4] * bottom_exits_dens ** 2 + params[5] * right_exits_dens ** 2 + params[6] *
exit_proximity + params[7] * crowd_size)

    return scores_to_exits

def function(params):
    ...
    # Initialize weights for distance, crowd, readiness, mental state and crowdedness
    weight_distance = params[0]
    weight_crowd = params[1]
    weight_readiness = params[2]
    weight_mental = params[3]
    weight_crowdedness = params[4]

    # Calculate distance
    distances = np.concatenate((dist0, dist1, dist2, dist3, dist4, dist5, dist6), axis=1)

  # Calculate crowd
    crowd = np.concatenate((left_exits_dens, left_exits_dens, left_exits_dens, 
bottom_exits_dens, bottom_exits_dens, bottom_exits_dens, right_exits_dens), axis=1)
    # Calculate readiness based on capability
    readiness = weight_readiness * capability * (1 - crowdedness / 10)

    # Calculate crowdedness factor
    crowdedness_factor = weight_crowdedness * crowdedness
    # Calculate mental state factor based on mental state
    mental_state_factor = weight_mental * mental * (1 - crowdedness / 10)  # Adjust mental state factor based on crowdedness
    # Combine weighted factors to create composite score
    scores = (readiness * weight_readiness + mental_state_factor * weight_mental + crowdedness_factor) * 1 / (distances + crowd
+ 1e-6) + (1 - readiness - mental_state_factor - crowdedness_factor) * 1 / (distances + left_exits_dens + 1e-6)
    return scores

Fig. 7. Best-performing decision functions generated by PySR, DFD, and DFD-C.The clouds represent possible source insights
for expressions used in the function. The text in the blue area was recited verbatim by DFD from the handcrated examples.

To provide a more comprehensive evaluation, Figure 9 plots the MAE across diferent subregion sizes � . In
line with the previous result, DFD and DFD-C consistently outperform baseline methods on all datasets. An
interesting observation is that MAE decreases as the size of subregion � increases. Since deviations are counted
on the level of subregions, more coarse-grained subregions lead to minor deviations being disregarded in the
metric. More detailed results are provided in Appendix B.1.

5.4 Exit Choices

In Figure 10, we visualize the evacuations of test dataset via each of the exit directions over time. ADone.s the
overall evacuation times difer between the methods, we quantify the curves’ idelities via Dynamic TimeWarping

ACM Trans. Model. Comput. Simul.



Sense, Think, Act, Reflect: Distilling Fast and Interpretable Decision Functions from LLM-Driven Crowds • 17

(a) Ground Truth (b) PySR (c) LLM-SR (d) LLM-SR-GI (e) DFD

(f) DFD-P (g) DFD-C (h) DFD-M (i) DFD-CM (j) Wang et al.

Fig. 8. Accumulated density maps comparing the diferent methods against the ground truth on test data.

Table 3. Performance comparison on crowd evacuation task. Lower absolute mean indicates beter subregion density similarity.
We also list the best-performing exit selection probability per step.

Model
Crowd evacuation Probability

train↓ test↓ generalize↓ train test generalize

PySR 36.46 39.07 40.08 0.02 0.01 0.38

LLM-SR 23.48 19.61 26.21 0.05 0.04 0.04
LLM-SR-GI 19.71 17.79 25.13 0.01 0.01 0.08

DFD 18.67 15.62 19.01 0.06 0.04 0.49
DFD-P 19.73 17.42 19.47 0.06 0.05 0.19
DFD-C 15.36 15.64 21.72 0.04 0.04 0.12
DFD-M 17.63 16.63 15.32 0.08 0.04 0.33
DFD-CM 19.07 18.26 20.81 0.06 0.04 0.31

(DTW) [69], which obtains the minimum accumulated alignment cost along evacuation time (horizontal) and
evacuated agents distribution (vertical). The results in Table 4 indicate that the DFD variants best capture the
ground truth evacuation times and evacuated agents distribution both on the in-domain training and test dataset,
as well as on the out-of-domain generalization dataset. The handcrafted model by Wang et al. results in faster
evacuation, but does not accurately capture the behavior of our ground truth model.

To summarize, we observed that our methods can distill the ground truth data into commented and fast decision
functions that closely represent the original LLM-driven agent behavior. By comparing to LLM-based symbolic
regression, we observed that introducing contextual information through our insight-based reinement leads to
more accurate decision functions. Moreover, the generation of code-level insights as an intermediate step led to
decision functions that were more clearly structured into sequences of commented steps.
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Fig. 9. MAE with diferent subregion sizes � .
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Fig. 10. Comparison of the number of escaped agents at the exits across the approaches. The solid lines are averages, and
the shadow around the lines indicates the range. The overall evacuation time varies across the decision functions.

5.5 Computational Cost

While the decision function distillation is a time-consuming process, the subsequent simulations do not rely on
an LLM and are thus accelerated by several orders of magnitudes. A comparison to the handcrafted model by
Wang et al. showed execution times in the same range of 1 to 2 seconds per time step.

In the following, we briely describe the components of the overall time spent to identify when amortization
of the distillation cost is achieved. The execution times are denoted as follows: �sim,LLM and �sim,DF for an LLM-
driven or decision function-driven simulation run, �insight for the insights generation, and �distill for the function
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Table 4. DTW loss for training, test and generalization datasets (lower is beter).

Model
DTW loss

train↓ test↓ generalization↓

PySR 171.38 184.93 118.92

LLM-SR 66.13 55.36 12.00
LLM-SR-GI 18.04 5.19 11.02

DFD 4.65 2.87 1.11
DFD-P 10.45 30.99 6.86
DFD-C 18.45 9.48 4.01
DFD-M 23.73 39.19 1.97
DFD-CM 19.11 49.63 13.83
Wang et al. 5.35 5.15 39.38

distillation. The time required for the trajectory generation is �traj ·�sim,LLM, where �traj is the number of reference
simulation runs. If �sim runs of the inal simulation model are to be carried out, amortization requires

�traj · �sim,LLM + �insight + �distill + �sim · �sim,DF < �sim · �sim,LLM

Hence, the required number of simulations is

�sim >

�traj · �sim,LLM + �insight + �distill

�sim,LLM − �sim,DF

In our measurements, �traj = 5, �sim,LLM ≈ 1d, �insight ≈ 1m, �distill ≈ 5d, and �sim,DF ≈ 1m, and thus �sim > ∼10.

6 Discussion

Our experiments showed the successful distillation of fast and interpretable decision functions from an LLM-
driven crowd evacuation model. In the following, we discuss the implications of our reliance on LLM-driven
reference data, the opportunities that alternative data sources may present, and the generalizability of the
approach.

6.1 Validity of Agent Behavior

As our approach is agnostic of the realism of the ground truth trajectories, the validity of the distilled function
depends directly on the reference data. The realism of LLM-driven models of human behavior is the subject of
active research, with many authors voicing concerns regarding reliability and thus trust in the models [75, 92, 102].
Our work contributes to this ield of inquiry by allowing candidate models to be łfrozenž and scrutinized for
their validity in the form of interpretable and deterministically executable decision functions.

Since the focus of our paper is on the distillation methodology, we relied on the simulation environment and
LLM prompts from an existing study focused on LLM agents’ capability to generate human-like behavior directly
based on environmental cues [88]. The underlying scenario and deinition of the simulation space stems from
Wang et al.’s work on evacuation under panic states [84]. As the area of LLM-driven agent modeling progresses,
studying the degree to which our method can maintain the validity of complex LLM-driven behaviors will be an
important avenue for future work.

6.2 Alternative Sources for Ground Truth

As a consequence of our symbolic regression-based approach, we do not require the reference trajectories to be
generated by LLM-driven agents. For instance, reference trajectories could also be generated by a traditional

ACM Trans. Model. Comput. Simul.



20 • Y. Zhang et al.

handcrafted mechanistic agent-based model. In this setting, our distillation method is a form of model reduction,
translating between mechanistic models. By extracting the łessencež of the existing model, potential beneits
may lie in reduced execution times and in complexity, facilitating insights into the decisive factors for observed
behavior.
An interesting alternative is to distill decision functions directly from trajectories extracted from real-world

observations, e.g., from video footage, possibly augmented by individual-level context information. Where our
present approach can be regarded as model distillation, surrogate modeling, or model reduction (cf. Section 2),
foregoing the intermediate stage of LLM-driven simulation would more directly support the process of model
creation. However, an important beneit of an intermediate LLM-driven model lies in its capability to generate
plausible human-like behavior with respect to agent decisions for which data is sparse or unavailable, and to
justify these decisions in natural language.

6.3 Generalization beyond Crowd Models

The applicability of our distillation approach rests on two assumptions, one pertaining to the structure of the
trajectory data and the generated decision functions, and one pertaining to the LLM’s pre-training.

A structural assumption of our distillation approach is that agents follow a sense-think-act cycle [86], in line
with common high-level agent models such as belief-desire-intention [28]. In the sense stage, the agent observes
the state of its surrounding environment, which may include nearby agents. Based on the observed situation, the
think stage involves deliberations on actions to take. Finally, the chosen actions are carried out in the act stage.
Our approach relates partial environment states observed in the sense stage to actions taken in the act stage in
order to infer the deliberations that occurred in the think stage. Since the sense-think-act cycle is closely linked
to the notion of łagentsž [86], our method is not restricted to speciic types of agent-based models.

Of course, successful inference of the agents’ decision making requires a level of understanding of the types of
considered agents and the environment in which they are situated. While the prompts used in our experiments
provided a general description of these aspects, the distillation approach is beneicial only if the LLM succeeds
in determining the relation between environmental features and the actions taken without requiring detailed
scenario-speciic prompting. Hence, the quality of the inferred decision functions may vary with the problem
domain. As LLMs are commonly pre-trained mostly on human-written text, domains involving human decision
making can be expected to be particularly favorable. In more specialized areas such as biology and chemistry,
each agent may represent a cell or molecule, and an emergent overall behavior may depend on intricate agent
interactions being modeled at high idelity. Here, the łcommonsense knowledgež [97] of current LLMs may not
suice to identify the underlying relationships. Fine-tuning based on suitable domain-speciic corpora could
improve the coverage of such specialized domains.

Beyond these general considerations, applying DFD to a new scenario requires problem-speciic prompts to be
adjusted as follows:

• Insight generation. The speciication of the task the agents should complete, existing insights as well
as the optimization objective are tailored to the scenario. In addition, the agent-centric trajectory data is
inserted into the prompt (cf. Figure 17).
• Generation of code-based insights. A small number of handcrafted few-shot pairs of natural language
insights and their counterparts in code should be provided (cf. Figure 18).
• Decision function reinement. A scenario description in accordance with the insight generation prompt
should be provided (cf. Figure 4). The evaluation and seed function (cf. Figure 13) should be adapted to
relect the feature and action spaces of the agents’ decision making.

All other prompts and procedures generically apply independently of the considered scenario.
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7 Conclusions

We presented DFD, an approach to distill mechanistic decision functions from LLM-based agent simulations.
Unlike existing symbolic regression approaches, DFD employs in-domain contextual information to gradually
reine generated candidate functions. In our experimental results on emergency evacuation scenarios, the DFD-
generated decision functions more closely approximate the ground truth data. In addition to outperforming
traditional and LLM-based symbolic regression according to several quantitative evaluation criteria, DFD’s
commented decision functions also provide human-readable explanations of the agents’ behavior.

Extensive ablation experiments demonstrated the beneit of generating intermediate insights from the ground
truth data as a basis for the decision function generation. Further, formalizing insights into code intermediate
snippets led to inal decision functions that were more clearly structured as sequences of distinct commented
steps. We observed that in our experiments, making a history of previous decisions available as a feature did
not improve the quality of the distilled decision functions. Future work could explore the use of such memory
mechanisms for scenarios in which path dependencies on previous decisions dominate, e.g., outcomes of past
trades in inancial models.

Encoding context information on agent interactions as features could further increase the idelity with respect
to the ground truth behavior. To move beyond scenarios that can be tackled by isolated decision functions, the
generated functions could be integrated into more comprehensive mechanistic models structured according
to principled decision-making frameworks such as recognition-primed decision [40]. This would allow the
approach to be extended towards more complex and dynamic scenarios that require nuanced and multi-step
decision-making processes.
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You are a helpful assistant tasked with discovering mathematical function for
general problem described in natural language.

Here is the task description: Because of earthquake, you need to escape from the
room where you are as fast as possible. The room has a size of 33 * 33. There are 3
exits in the room. The exits are located at the left, bottom and right of the room.

Your task is to generate a general pattern that agents will follow in the evacuation
process, please give me 25 pieces of insights in bullet point:

Prompt:

Here are 25 insights regarding a general evacuation pattern for agents to follow in a
room of size 33x33 with three exits located on the left, bottom, and right:

1. **Identify Exit Locations**: Clearly mark the coordinates of the exits for all
agents to see (e.g., left exit at (0, y), bottom exit at (x, 33), right exit at (33, y)).

2. **Agent Positioning**: Place agents at different starting points throughout the
room to minimize congestion at exits.

Insights:

Fig. 11. Directly use LLM to generate insights.

A LLM Details

The ground truth generation was carried out using a locally deployed Gemma3:27b [78]. We set the parameters
as follows: Temperature=0, top_k=64, top_p=1, num_predict=512, num_ctx=128 000. We used GPT-4o-mini and
GPT-4.1-mini to generate high-quality general insights and code-based insights, respectively. To align with [74],
Llama-3.1-8B-Instruct [21] was used for the function reinement.

B DFD Details and Hyperparameter Setings

B.1 Training and Evaluation

The shared evaluation function and seed function �0 for all islands at round 0 are shown in Figure 13. Figure 11
shows the prompt used for DFD-P, in which the LLM generates insights directly from the task description, without
referring to agent trajectories. The resulting insights replace the general insights in LLM-SR-GI.

Figure 12, shows the the agents’ previous exit choice supplied as part of the feature set in DFD-M and DFD-CM.
The prompts used for decision function distillation are the same as those for DFD and DFD-C, the only diference
being the seed function and the previous exit choices.
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def equation(x: np.ndarray, y: np.ndarray, capability: np.ndarray, mental: np.ndarray, crowdedness:
np.ndarray, dist0: np.ndarray, dist1: np.ndarray, dist2: np.ndarray, dist3: np.ndarray, dist4: np.ndarray,
dist5: np.ndarray, dist6: np.ndarray, left_exits_dens: np.ndarray, bottom_exits_dens: np.ndarray,
right_exits_dens: np.ndarray, decisions: np.ndarray, params: np.ndarray) -> np.ndarray:
    """ Mathematical function for exit score under multi-factor influences in emergency evacuation
scenarios.

    Args:
        x, y: Current agent coordinates (discrete 0-32).
        capability: 1 = strong, 0 = weak.
        mental: 1 = positive, 0 = negative.
        crowdedness: Current local crowdedness (discrete).
        dist0: A numpy array represents the distance to exit0.
        dist1: A numpy array represents the distance to exit1.
        dist2: A numpy array represents the distance to exit2.
        dist3: A numpy array represents the distance to exit3.
        dist4: A numpy array represents the distance to exit4.
        dist5: A numpy array represents the distance to exit5.
        dist6: A numpy array represents the distance to exit6.
        left_exits_dens: Number of people around left exits (0, 1, 2)
        bottom_exits_dens: Number of people around bottom exits (3, 4, 5)
        right_exits_dens: Number of people around right exits (6)

decisions: Agent's memory of historical exit choice (1: bottom exits, 2: left exits, 3: right exits,
0: out of scope)
        params: Array of numeric constants or parameters to be optimized
        
    Noted that exit 0, 1, 2 belong to left exits, exit 3, 4, 5 belong to bottom exits, exit 6 belongs to
right exits.

    Return:
        A numpy array of score to different exits (7 exits in total) as the result of applying the
mathematical function to the inputs.
    """
    # leverage historical decision choices
    bottom_decision_sumup = np.count_nonzero(decisions==1)
    left_decision_sumup = np.count_nonzero(decisions==2)
    right_decision_sumup = np.count_nonzero(decisions==3)

    scores_to_exits =  x * params[0] + y * params[1] +  capability * params[2] + mental * params[3] +
crowdedness * params[4] + dist0 * params[5] + dist1 * params[6] + dist2 * params[7] + dist3*params[8] +
dist4*params[9] + dist5 * params[10] + dist6 * params[11] + left_exits_dens * params[12] + bottom_exits_dens
* params[13] + right_exits_dens * params[14] + bottom_decision_sumup * params[15] + left_decision_sumup *
params[16] + right_decision_sumup * params[17] + params[18]

    return scores_to_exits

Seed Function �0 

Fig. 12. The seed function added with stateful information.

The function coeicients params are obtained via the implementation of Powell’s gradient-free optimization
method from the SciPy library [83]. During the decision function reinement process, the hyperparameters are
set to �0 = 0.1 and � = 30000.

Figure 14 lists the calibrated decision functions. A notable observation is that the number of parameters used,
which we constrain to a maximum of 16, varies across the functions. We note that the code of DFD’s inal decision
function is uncommented. Initially, DFD produced commented code, but gradually eliminated the comments over
the course of the function reinement process.

The number of agents evacuated up to a given simulation time step on the training and generalization datasets
is shown in Figures 15 and 16.

B.2 Prompt Templates

The prompt template used to generate general insights is shown in Figure 17. Figure 18 shows the prompt
template used to generate the code-based insights from general insights.
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def equation(x: np.ndarray, y: np.ndarray, capability: np.ndarray, mental: np.ndarray, crowdedness:
np.ndarray, dist0: np.ndarray, dist1: np.ndarray, dist2: np.ndarray, dist3: np.ndarray, dist4:
np.ndarray, dist5: np.ndarray, dist6: np.ndarray, left_exits_dens: np.ndarray, bottom_exits_dens:
np.ndarray, right_exits_dens: np.ndarray, params: np.ndarray) -> np.ndarray:
    """ Mathematical function for exit score under multi-factor influences in emergency evacuation
scenarios.

    Args:
        x, y: Current agent coordinates (discrete 0-32).
        capability: 1 = strong, 0 = weak.
        mental: 1 = positive, 0 = negative.
        crowdedness: Current local crowdedness (discrete).
        dist0: A numpy array represents the distance to exit0.
        dist1: A numpy array represents the distance to exit1.
        dist2: A numpy array represents the distance to exit2.
        dist3: A numpy array represents the distance to exit3.
        dist4: A numpy array represents the distance to exit4.
        dist5: A numpy array represents the distance to exit5.
        dist6: A numpy array represents the distance to exit6.
        left_exits_dens: Number of people around left exits (0, 1, 2)
        bottom_exits_dens: Number of people around bottom exits (3, 4, 5)
        right_exits_dens: Number of people around right exits (6)
        params: Array of numeric constants or parameters to be optimized
        
    Noted that exit 0, 1, 2 belong to left exits, exit 3, 4, 5 belong to bottom exits, exit 6
belongs to right exits.

    Return:
        A numpy array of score to different exits (7 exits in total) as the result of applying the
mathematical function to the inputs.
    """
    scores_to_exits =  x * params[0] + y * params[1] +  capability * params[2] + mental * params[3]
+ crowdedness * params[4] + dist0 * params[5] + dist1 * params[6] + dist2 * params[7] +
dist3*params[8] + dist4*params[9] + dist5 * params[10] + dist6 * params[11] + left_exits_dens *
params[12] + bottom_exits_dens * params[13] + right_exits_dens * params[14] + params[15]

    return scores_to_exits

import numpy as np
from typing import Dict

#Initialize parameters
MAX_NPARAMS = 16
EXIT_NUM = 7
params =  np.ones(MAX_NPARAMS * EXIT_NUM)
def evaluate(data: Dict) -> float:
    """ Evaluate the equation on data observations."""
    dict = {
            0: [15, 0],
            1: [16, 0],
            2: [17, 0],
            3: [32, 15],
            4: [32, 16],
            5: [32, 17],
            6: [17, 32]
        }
    # Load data observations
    inputs, outputs = data['inputs'], data['outputs']
    x, y, capability, mental, crowdedness, dist0, dist1, dist2, dist3, dist4, dist5,
dist6, left_exits_dens, bottom_exits_dens, right_exits_dens  = [inputs[:, i].reshape(-1, 1) for i in
range(inputs.shape[1])]

    # Optimize parameters based on data
    from scipy.optimize import minimize
    def loss(params):
        param_shaped = params.reshape((MAX_NPARAMS, 1, EXIT_NUM))
        y_pred = equation(x, y, capability, mental, crowdedness, dist0, dist1, dist2, dist3, dist4,
dist5, dist6, left_exits_dens, bottom_exits_dens, right_exits_dens, param_shaped)

        y_labels = np.argmax(y_pred, axis=1)
        y_pred = np.array([dict[int(value)] for value in y_labels])
        output = np.array([dict[value[0]]for value in outputs])
        return np.mean((y_pred - output) ** 2)

    loss_partial = lambda params: loss(params)
    result = minimize(loss_partial, np.ones(MAX_NPARAMS * EXIT_NUM), method='Powell')
    # Return evaluation score
    optimized_params = result.x

    loss = result.fun
    if np.isnan(loss) or np.isinf(loss):
        return None
    else:
        return -loss

Evaluation Function

Seed Function �0 

Fig. 13. Evaluation function and seed function �0 .
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def equation(y: np.ndarray, capability: np.ndarray, mental: np.ndarray, crowdedness: np.ndarray, distance0: np.ndarray, distance1: np.ndarray,
distance2: np.ndarray, distance3: np.ndarray, distance4: np.ndarray, distance5: np.ndarray, distance6: np.ndarray, people_around_left_exits:
np.ndarray, people_around_bottom_exits: np.ndarray, people_around_right_exits: np.ndarray, params: np.ndarray) -> np.ndarray:
    ''' comments '''
    exit_proximity = np.ones((x.shape[0], params.shape[-1]))
    crowd_size = np.ones((x.shape[0], params.shape[-1]))
    exit_proximity = np.concatenate((distance0, distance1, distance2, distance3, distance4, distance5, distance6), axis=1)
    crowd_size = np.concatenate((people_around_left_exits, people_around_left_exits, people_around_left_exits, people_around_bottom_exits,
people_around_bottom_exits, people_around_bottom_exits, people_around_right_exits), axis=1)
    scores_to_exits = 1 / (exit_proximity + crowd_size)
    scores_to_exits = scores_to_exits * 1 / (params[15] + params[0] * (capability - 0.5) ** 2 + params[1] * (mental - 0.5) ** 2 + params[2] *
crowdedness ** 2 + params[3] * people_around_left_exits ** 2 + params[4] * people_around_bottom_exits ** 2 + params[5] * people_around_right_exits **
2 + params[6] * exit_proximity + params[7] * crowd_size)
    return scores_to_exits

def equation(capability: np.ndarray, mental: np.ndarray, crowdedness: np.ndarray, distance0: np.ndarray, distance1: np.ndarray, distance2:
np.ndarray, distance3: np.ndarray, distance4: np.ndarray, distance5: np.ndarray, distance6: np.ndarray, people_around_left_exits: np.ndarray,
people_around_bottom_exits: np.ndarray, people_around_right_exits: np.ndarray, params: np.ndarray) -> np.ndarray:
    ''' comments '''
    # Initialize weights for distance, crowd, readiness, mental state and crowdedness
    weight_distance = params[0]
    weight_crowd = params[1]
    weight_readiness = params[2]
    weight_mental = params[3]
    weight_crowdedness = params[4]
    # Calculate distance
    distances = np.concatenate((distance0, distance1, distance2, distance3, distance4, distance5, distance6), axis=1)
    # Calculate crowd
    crowd = np.concatenate((people_around_left_exits, people_around_left_exits, people_around_left_exits, people_around_bottom_exits,
people_around_bottom_exits, people_around_bottom_exits, people_around_right_exits), axis=1)
    # Calculate readiness based on capability
    readiness = weight_readiness * capability * (1 - crowdedness / 10)  # Adjust readiness based on crowdedness
    # Calculate mental state factor based on mental state
    mental_state_factor = weight_mental * mental * (1 - crowdedness / 10)  # Adjust mental state factor based on crowdedness
    
    # Calculate crowdedness factor
    crowdedness_factor = weight_crowdedness * crowdedness
    
    # Combine weighted factors to create composite score
    scores = (readiness * weight_readiness + mental_state_factor * weight_mental + crowdedness_factor) * 1 / (distances + crowd + 1e-6) + (1 -
readiness - mental_state_factor - crowdedness_factor) * 1 / (distances + people_around_left_exits + 1e-6)
    
    return scores

DFD-C

DFD

def equation(x: np.ndarray, y: np.ndarray, capability: np.ndarray, mental: np.ndarray, crowdedness: np.ndarray, distance0: np.ndarray, distance1:
np.ndarray, distance2: np.ndarray, distance3: np.ndarray, distance4: np.ndarray, distance5: np.ndarray, distance6: np.ndarray,
people_around_left_exits: np.ndarray, people_around_bottom_exits: np.ndarray, people_around_right_exits: np.ndarray, params: np.ndarray) ->
np.ndarray:
    ''' comments '''
    # Calculate the exit scores considering the input factors and the desired weights
    # Introduce a term to penalize exits with high crowdedness
    crowdedness_factor = 1 - (crowdedness / 10)  # Normalized crowdedness
    # Use a polynomial function to model the relationship between capability and mental factors
    capability_mental_factor = (capability + 1) ** 2 * (mental + 1)
    # Use a weighted average to combine the factors affecting each exit
    scores_to_exits = (capability_mental_factor * (x / 32) * (params[0] + params[1] * (y / 32)) +
                      (distance0 + distance1 + distance2) * crowdedness_factor * 0.5 * (params[2] + params[3] * (y / 32)) +
                      (1 - (distance3 + distance4) / 32) * (params[4] + params[5] * (y / 32)) * people_around_left_exits +
                      (1 - (distance5 + distance6) / 32) * (params[6] + params[7] * (x / 32)) * people_around_bottom_exits +
                      (1 - (distance0 + distance1) / 32) * (params[8] + params[9] * (y / 32)) * people_around_right_exits +
                      params[10] ** params[11] * crowdedness_factor  # Introduce a higher-order term for crowdedness
                      )
    return scores_to_exits

def equation(x: np.ndarray, y: np.ndarray, capability: np.ndarray, mental: np.ndarray, crowdedness: np.ndarray, distance0: np.ndarray, distance1:
np.ndarray, distance3: np.ndarray, distance4: np.ndarray, distance6: np.ndarray, people_around_left_exits: np.ndarray, people_around_bottom_exits:
np.ndarray, people_around_right_exits: np.ndarray, params: np.ndarray) -> np.ndarray:
    ''' comments '''
    # Reciprocal of distances to exits with weighted average
    reciprocal_distance = ((1 / np.minimum(distance0, distance1)) * params[0] + 
                           (1 / np.minimum(distance3, distance4)) * params[1] + 
                           (1 / distance6) * params[2])
    # Weighted average of capability and mental state
    human_factor = ((capability * params[3] + mental * params[4]) + 
                    (capability * params[5] * people_around_left_exits + mental * params[6] * people_around_bottom_exits))
    # Weighted sum of reciprocal of crowdedness and surrounding individuals
    surround_factor = ((1 / (people_around_left_exits + people_around_bottom_exits + people_around_right_exits)) + 
                       (people_around_right_exits * params[7]) + 
                       (1 / (crowdedness + 1)))
    # Balancing term
    balance_term = ((1 / (x + y + capability + mental + crowdedness)) + 
                    (params[8] * (1 / (np.minimum(distance0, distance1) + 1 + people_around_left_exits))))
    # Weighted sum of factors
    score = ((reciprocal_distance * 0.3) + (human_factor * 0.2) + 
             (surround_factor * 0.15) + (balance_term * 0.25))
    return score

LLM-SR

LLM-SR-GI

score_exit_0 = (np.exp((x + distance0) / (0.016515918742839263 - distance3)) * distance6) * (0.005741653209937127 * people_around_bottom_exits)

score_exit_1 = (mental - (1 - distance5)) * (0.0020068668231833105 / 2.220198296024771)

score_exit_2 = np.exp(((1 - distance2) - distance3) / (1 - (1 - x))) / ((1 - (1 - crowdedness + distance2)) * 0.10278075995986115)

score_exit_3 = (4.289836091060936 / ((distance3 - 10.922678227509197) + y)) + -0.13286816955240077

score_exit_4 = 0.1714354087327947 / distance3

score_exit_5 = np.sqrt(y * (-0.049393654015761713 - (distance5 * -0.0019953099218021583)))

score_exit_6 = (((people_around_right_exits - people_around_left_exits) - distance3) * -0.016830215318750865) + ((distance6 * -0.014594868142424671)
- (distance0 * -0.019156952334561))

PySR

Fig. 14. Optimized decision function.
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Fig. 15. Escaped agents over time across the methods for the training dataset.
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Fig. 16. Escaped agents over time across the methods for the generalization testing dataset.
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You are an advanced reasoning agent that can add, edit or remove rules from your
existing rule set, based on forming new critiques of past task trajectories. You will
be given one previous task trials in which you  {task specification}.
Here are the trials: {trial data}
Here are the EXISTING RULES: {Existing insights}. Go through the trials,
compare the trial against the list of existing rules, your task is to refine the rule set
and you can perform the following operations: add, edit, remove, or agree so that it
more accurately captures the GENERAL  strategies underlying the model’ s behavior .

Have an emphasis on critique how to perform better Thought and Action.

Follow the below format: <OPERATION> <RULE NUMBER>: <RULE>

The available operations are: AGREE (if the existing rule is strongly relevant for the
task), REMOVE (if one existing rule is contradictory or similar/duplicated to other
existing rules), EDIT (if any existing rule is not general enough or can be enhanced,
rewrite and improve it), ADD (add new rules that are very dif ferent from existing
rules and relevant for other tasks). Each needs to CLOSEL Y follow their
corresponding formatting below:

AGREE <EXISTING RULE NUMBER>: <EXISTING RULE>

REMOVE <EXISTING RULE NUMBER>: <EXISTING RULE>

EDIT <EXISTING RULE NUMBER>: <NEW MODIFIED RULE>

ADD <NEW RULE NUMBER>: <NEW RULE>

Do not mention the trials in the rules because all the rules should be GENERALLY
APPLICABLE. Each rule should be concise and easy to follow . Any operation can
be used MULTIPLE times. Do at most 4 operations and each existing rule can only
get a maximum of 1 operation. Below are the operations you do to the above list of
EXISTING RULES:

Insight
generation
operations

"0": "Emphasize the importance of rapidly evaluating exit routes during
emergencies by considering exit proximity , crowd dynamics, personal
comfort levels, emotional readiness, and individual strengths to enhance
decision-making speed and safety."

"1": "Foster rapid decision-making by encouraging individuals to quickly
analyze exit routes based on exit proximity , crowd dynamics, personal
comfort levels, and emotional readiness, while remaining adaptable to
rapidly changing situations during emer gencies to optimize safety and
minimize panic."

"2": "Foster a proactive and adaptable mindset during emer gencies by
continuously assessing surroundings, potential hazards, crowd dynamics,
individual emotional states, and personal capabilities, optimizing escape
efficiency through clear communication and collaboration. "

"3": "Foster rapid decision-making by encouraging individuals to quickly
assess multiple escape routes based on exit proximity , crowd dynamics,
personal comfort levels, and emotional readiness, ensuring adaptability to
swiftly changing situations during emer gencies to prioritize safety and
minimize panic. "

"4": "Foster a proactive and anticipatory mindset  during emergencies by
continuously assessing surroundings, potential hazards, crowd dynamics,
individual comfort levels, emotional states, and environmental conditions,
while adapting strategies to minimize panic and optimize escape
efficiency through clear communication, collaboration, and situational
awareness."

"5": "Emphasize maintaining a positive and ener getic mindset to boost
motivation and resilience during stressful situations, facilitating quicker
decision-making and action."

(a) (b)

optimization objective

Fig. 17. (�) shows the general insight generation template, which includes the task specification, trajectories, existing
insights, and the possible operations that can be applied to update the insights pool. Insights are sorted by their scores,
which reflect the level of agreement. (�) lists the generated insights in a descending order. The highlighted parts indicate
that these high-level instructions do not represent unambiguous and directly applicable rules.
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Here are four examples how to generate Python3 code for a fine-grained insight ,
please do follow the format in the examples.
# Q: Always prioritize exits with the least number of people in order to minimize
stress and potential panic during an escape.
# The proposed exit selection strategy means that crowdedness around exits is
relavant to stress and potential panic.
stress_panic_level = np.sum(crowdedness_to_exits)
# This strategy can be inserted into the exit selection process.
# If prioritize exits with the least number of people, then select the least crowded
exit has the lar gest score.
scores_to_exits = 1 / crowdedness_to_exits

# Q: When faced with a crowd, assess your physical ability to navigate around
people while maintaining positive ener gy to avoid panic and encourage others.
# Assess physical ability means if we are strong, then we can assign higher scores
to further exits, if we are weak, we can assign higher scores to nearer exits.
scores_to_exits = capacity * (distance0 * params[5] + distance1 * params[6] +
distance2 * params[7]\
+ distance3*params[8] + distance4*params[9] + distance5*params[10] +
distance6*params[11]) + \
(1- capacity) * 1 / (distance0 * params[5] + distance1 * params[6] + distance2 *
params[7]\
+ distance3*params[8] + distance4*params[9] + distance5*params[10] +
distance6*params[11])

# Q: Consistently choose the exit identified as the fastest in previous decisions,
unless situational changes demand a reassessment.
# Select the fastest exit in previous decisions.
scores_to_exits = previous_scores_to_exits
......
How about this insight?
{general insights}

Handcrafted 
examples

Fig. 18. Prompt template for code-based insights generation. Existing general insights are translated into code-based insights.
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