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Abstract
Agent-based models (ABMs) have long been employed to explore
how individual behaviors aggregate into complex societal phenom-
ena in urban space. The rise of Large Language Models (LLMs)
offers a new paradigm for ABM, enabling high-fidelity modeling
of human behavior. However, urban dynamics often require ex-
tensive agent interactions to emerge, and scaling up LLM agent
simulations is limited by high-latency remote LLM inference and
high costs. To address this, we propose the OpenCity framework
for large-scale LLM agent simulation. We design a novel “Group-
and-Distill” strategy that significantly reduces costs without sacri-
ficing behavioral diversity by aggregating agents with shared static
characteristics while preserving their unique dynamic states. More-
over, a system-level request scheduler is designed to optimize I/O
concurrency and communication bottlenecks. Experiments in six
cities globally demonstrate that OpenCity achieves a 600x speedup
and a 45% reduction in token usage compared to standard base-
line models, while maintaining 96% behavioral consistency with
independently invoked agent baselines. Based on OpenCity, we
conduct first benchmark test on large-scale social segregation with
LLM agents. The results show that OpenCity-accelerated gener-
ative agents are effective in reproducing socioeconomic segrega-
tion patterns. Furthermore, our scalability analysis demonstrates
that the realism of emerging social phenomena increases as the
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agents scale up, quantitatively validating the necessity of large-
scale simulations. Finally, we demonstrate the framework’s capa-
bility as a policy sandbox through a counterfactual analysis of
urban equity. Overall, OpenCity provides a robust and efficient
framework that unlocks the potential of LLMs for large-scale, high-
fidelity multi-agent systems analysis. Code repo is available at https:
//anonymous.4open.science/r/Anonymous-OpenCity-42BD.
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1 Introduction
Understanding how individual micro-motives aggregate into macro-
level societal phenomena is a cornerstone of computational social
science and urban planning. Traditionally, researchers have relied
on massive observational data (e.g., GPS trajectories) [15, 28] or
rule-based Agent-Based Models (ABMs) [14, 18, 19] to study these
dynamics. However, both approaches face fundamental limitations:
observational data primarily captures what people do but offers
limited insight into themotivations underlying urban activity, while
rule-based ABMs often rely on rigid, predefined heuristics that fail
to capture the nuanced heterogeneity and cognitive complexity of
real-world individuals.
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The recent advance of Large Language Models (LLMs) offers a
transformative paradigm shift that leverages remarkable LLM ca-
pabilities of commonsense reasoning and role-playing to simulate
human behaviors [16, 29]. Unlike previous rule-based agents, these
emerging LLM agents generate far more realistic human behav-
iors [16, 22], and can also explain their inner motives via prompting
techniques like chain-of-thought [26]. This capability holds the
promise of a bottom-up research method through reproducing com-
plex urban phenomena (e.g., experienced segregation) by faithfully
modeling the diverse decision-making processes of every single
resident, rather than merely fitting macroscopic curves.

However, the field still faces a severe scalability challenge due
to the high computation cost. Emergent urban phenomena are in-
herently population-level properties that manifest only when thou-
sands of diverse agents interact over extended periods. Simulating
LLM agents at this magnitude involves millions of computationally
intensive inference calls, creating a dual bottleneck of extreme la-
tency and financial cost. The pioneering work on generative agents
was thus limited to simulating a mere 25 LLM agents in a small
virtual village [16]. Furthermore, the dynamic evolution of agent
memories and perceptions in urban environments [16, 31] necessi-
tates that each agent maintains an independent experience. This
prevents the straightforward reuse of simulated behaviors from a
small sample of the population [3], as doing so would fundamen-
tally undermine the principle of agent heterogeneity critical for
simulating a vibrant and diverse urban population. This bottleneck
prevents the researchers from truly harnessing the power of LLMs
to study large-scale emergent social dynamics.

To break this barrier, we introduce OpenCity, a scalable frame-
work designed to enable city-scale simulation with massive LLM
agents. Our approach addresses the efficiency-heterogeneity trade-
off through two key designs. At the prompt level, we propose a
novel “Group-and-Distill” strategy. By leveraging the in-context
learning capabilities of LLMs, we aggregate agents with similar
static profiles into shared contexts while maintaining their unique
dynamic memories, significantly reducing token redundancy with-
out sacrificing individual distinctiveness. At the system level, we
implement a request scheduler that optimizes I/O concurrency,
effectively neutralizing the latency of massive API calls.

We evaluate the efficiency and faithfulness of OpenCity in sim-
ulating the urban activities of six global cities using the widely
adopted Generative Agent workflow [16]. Our experiments show
OpenCity achieves an average 635x acceleration in simulations with
10,000 LLM agents on commodity hardware. Besides, the number
of requests and consumed tokens are reduced by 73.7% and 45.5%,
respectively. OpenCity also shows strong scalability, with the sim-
ulation time per agent reducing from 36.25 to 0.06 seconds as the
simulation size increases from 1 to 10,000 agents, demonstrating
that larger simulations allow for more efficient LLM request sched-
uling and prompt distillation. Importantly, OpenCity maintains
high faithfulness of the simulated behaviour. The Jensen–Shannon
divergence and top-1 hit rates of our method are comparable to
the standard prompting technique of batch prompting [2], and sub-
stantially surpass straightforward reusing strategy [3]. Besides, the
top-1 hit rate can reaches up to 96% when using powerful LLMs
like GPT-4o, demonstrating that OpenCity can preserve high indi-
viduality of the agent.

The substantial simulation acceleration allows us to benchmark
the experienced segregation of global cities using LLM agents for the
first time. Our experiments reveal that OpenCity not only repro-
duces physical mobility patterns but also captures socioeconomic
segregation significantly better than classic rule-based models (e.g.,
Social-EPR [14]). Furthermore, our scalability analysis quantita-
tively validates that emergent social phenomena become increas-
ingly distinguishable as simulation scale and duration grow, under-
scoring the necessity of large-scale agent populations. Finally, we
demonstrate the framework’s potential as a “policy sandbox” by
conducting counterfactual experiments to evaluate urban equity
interventions.

The main contributions of this work are summarized as follows:
• WeproposeOpenCity, which integrates a “Group-and-Distill”
strategy with a high-throughput scheduler. This achieves a
600× speedup and 45% token reduction while preserving the
agent heterogeneity essential for social simulation, enabling
the simulation of 10,000 agents on commodity hardware.
• We conduct comprehensive experiments across six global
cities. Results demonstrate that LLM agents, accelerated by
our scalable framework, not only maintain high micro-level
fidelity but also significantly outperform classic rule-based
models (e.g., Social-EPR) in capturing emergent socioeco-
nomic segregation.
• We quantitatively validate that simulation fidelity improves
convergently with scale, proving the necessity of large-scale
agent populations. Furthermore, we demonstrate the frame-
work’s utility as a “policy sandbox” for counterfactual urban
analysis.

2 Related Works
2.1 LLM Agents
With the widespread use of large language models (LLMs) in vari-
ous applications, the limitations of LLMs, e.g., unstable reasoning
abilities, limited memory capacity, and lack of specialized expertise,
have been exposed to the public. As one of the potential solution,
LLM agents are proposed to overcome these limitations and pro-
mote the practical application of LLMs. AutoGPT [7] as one of the
most popular LLM autonomous agent explore the potential of apply-
ing LLM to enable the autonomous planning and task-solving. After
that, LLM agents [24, 27] have made significant progress in two
directions: task-oriented agents and simulation agents. Following
the first direction, researchers aim to improve LLM agent’s ability
to solve complex tasks [11, 21]. For example, lots of programming
agents, such as ChatDev [17], SWEAgent [30], and MetaGPT [8],
are designed to solve the complex programming tasks. As for the
second direction, generative agents [16] have demonstrated the
potential of large models in simulating human behavior, which
has been further validated in subsequent research. S3 [5] explores
the potential of using LLM agents to simulate the social network.
CoPB [22] defines a agentic workflow to simulate the mobility
behaviors. RecAgent [25] simulate the user behavior in the recom-
mendation system. While these works demonstrate the potential
of LLM agents, the large scale efficient simulation of generative
agents becomes the critical bottleneck of further applications. This
work aims to fill this critical gap, proposing a platform that makes
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large-scale LLM agent simulation not just theoretically possible,
but practically achievable.

2.2 LLM Deployment Optimization
To support the efficient inference of LLMs and LLM agents, enor-
mous works and systems [13] are designed to optimize the in-
ference efficiency of LLMs and further accelerate their practical
applications. For example, Flash-attention [4] is an IO-aware ex-
act attention algorithm which uses tiling to reduce the number
of memory reads/writes within GPU. AWQ [12] is an activation-
aware weight quantization to compress and accelerate the LLM
inference. vLLM [10] proposes pagedAttention mechanism to en-
able highly efficient KV cache scheduler during the inference and
becomes the most population open source LLM inference engine.
SGLang [32] provides a flexible frontend language to enable the
efficient autonomous optimization of LLM inference. Synergy-of-
thought [20] proposes to exploit the synergy between larger and
smaller language models for efficient reasoning. While these sys-
tems are designed to process the general LLM inference, specific
characteristics of generative agents especially urban generative
agents are ignored which can be employed to further accelerate the
inference and simulation. In this paper, we explore the potential of
this direction and design the OpenCity platform.

3 Problem Formulation
3.1 LLM Agents for Urban Activities
We aim to simulate urban dynamics by modeling the behavior of a
population of 𝑁 LLM agents within an urban environment 𝐸. The
state of an agent 𝑖 at time 𝑡 is denoted by 𝑆𝑖 (𝑡), which we decompose
into two conceptually distinct components:

𝑆𝑖 (𝑡) = {𝑠𝑖 ,𝑚𝑖 (𝑡)} (1)

Here, 𝑠𝑖 represents the static properties of the agent, such as demo-
graphics (e.g., age, occupation), which remain constant throughout
the simulation. In contrast,𝑚𝑖 (𝑡) represents the dynamic prop-
erties, including the agent’s memory stream and its perception of
the environment, which evolve over time.

The simulation proceeds in discrete time steps, where an agent’s
behavior is governed by a state update function 𝑓 . This function is
not a simple calculation but an entire cognitive process, primarily
implemented via prompting a large language model:

𝑆𝑖 (𝑡 + 1) = 𝑓 (𝑆𝑖 (𝑡), 𝐸) (2)

Conceptually, the function 𝑓 includes the agent’s decision-making
cycle, which involves several steps: Perception, where the agent
processes information about its current surroundings from 𝐸; Re-
flection, where it retrieves relevant past experiences from its mem-
ory𝑚𝑖 (𝑡); andAction Planning, where it synthesizes this informa-
tion to decide on its next action, thereby updating its dynamic state
from𝑚𝑖 (𝑡) to𝑚𝑖 (𝑡 + 1). The sequence of an agent’s physical loca-
tions over time, 𝑇𝑖 = {𝐿𝑖 (0), 𝐿𝑖 (1), . . . , 𝐿𝑖 (𝑡𝑠 )}, forms its trajectory.
Along with individual mobility, we also examine the aggregated
mobility features 𝐴 = {𝑆𝑖 (𝑡)}𝑖,𝑡 , such as Original-Destination (OD)
matrix and income segregation index, which reflects the urban
dynamics involving states of all agents.

3.2 The Scalability Bottlenecks Analysis
To simulate urban dynamics, the state update function (Equation 2)
must be applied to all 𝑁 agents at each time step. When 𝑁 grows
to thousands (a scale necessary for meaningful urban analysis), this
process faces two critical, interconnected bottlenecks that render
naive implementations intractable. The first is the prohibitive
cost of ensuring agent heterogeneity at scale, which prevents
simple response reuse. The other is the severe I/O latency inher-
ent in remote model invocations. To empirically validate these
bottlenecks, we conducted a preliminary analysis, with the results
shown in Appendix Figure A1.

The challenge of ensuring heterogeneity is an application-level
bottleneck. As established, in the urban environment an agent’s
state 𝑆𝑖 (𝑡) includes a dynamicmemory component𝑚𝑖 (𝑡) that evolves
with every action. This continuous evolution requires a distinct
LLM request to update each agent’s state, ensuring that its future
actions are grounded in its unique history. A seemingly obvious
optimization is to reuse a single LLM response for multiple “similar”
agents [3]. However, this strategy is fundamentally incompatible
with realistic social simulation due to the path-dependent nature
of agent experience. This necessitates a more nuanced approach.
To investigate the potential for such an approach, we analyzed the
semantic and syntactic properties of agent prompts. The t-SNE vi-
sualization in Figure A1(a) clearly shows that agents’ static profiles
form distinct semantic clusters. Figure A1(b)’s cumulative distri-
bution plots confirm that agent profiles are semantically coherent
(Embedding Distance, solid lines, skewed left) yet syntactically
diverse (Edit Distance, dashed lines, skewed right). This finding
confirms that while agents are too unique for simple reuse, their un-
derlying similarities present a clear opportunity for a group-based
optimization strategy.

The second bottleneck is technical: the severe I/O latency of
remote model invocations, which makes the simulation an over-
whelmingly I/O-bound process. As profiled in Figure A1(c), over
99% of a naive simulation’s runtime is consumed by network I/O
(waiting for remote server responses), while local CPU computation
accounts for less than 1%. Large-scale simulations require many
such requests, and these waiting times greatly reduce efficiency.
The figure also starkly illustrates the potential of concurrency: a
simple parallel implementation with 50 workers reduces the total
time from 442.6 seconds to just 19.06 seconds. It confirms that sys-
tem resources also remain underutilized. Thus, effective scheduling
of LLM requests is crucial for improving both resource utilization
and overall simulation efficiency. Furthermore, since inference cost
is proportional to token count, a comprehensive solution must ad-
dress both the high latency of individual calls and the cumulative
token consumption of the entire agent population.

Based on these observations, this work introduces a novel prompt
distillation method and an efficient LLM request scheduler to signif-
icantly improve the efficiency of large-scale LLM agent simulations.

4 OpenCity Framework
To address the scalability challenges of large-scale agent simulation,
we developed OpenCity, a framework that improves efficiency on
two complementary levels. At the prompt level, we propose a novel
“group-and-distill” Optimizer to reduce token consumption and
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Figure 1: Overview of Group-and-Distill Meta-Prompt Optimizer.

request counts while preserving agent individuality. At the system
level, we introduce a high-throughput LLM Request Scheduler to
manage network operations and mitigate the high latency of API
calls. Together, these components enable efficient simulation at an
unprecedented scale while maintaining high behavioral fidelity. We
describe each in turn.

4.1 Group-and-Distill Meta-Prompt Optimizer
The sheer number of requests and tokens in large-scale simulation
remains a significant cost and performance bottleneck. A naive
solution like reusing a single LLM response for multiple agents is
untenable, as it compromises the agents’ individuality and behav-
ioral fidelity, a core tenet of ABM. Our key insight is to separate an
agent’s prompt into two parts: a shared context derived from its
immutable static properties (𝑠𝑖 ), and a unique payload containing
its evolving dynamic properties (𝑚𝑖 (𝑡)) as illustrated in Figure 1.
By grouping agents with similar static properties, we can send the
shared context only once for the entire group, drastically reducing
token count, while the unique payload ensures each agent acts
based on its own experience. This is achieved through a two-stage
process detailed below.

Stage 1: Agent Grouping via In-context Prototype Learn-
ing (IPL). The first stage is to cluster the population of 𝑁 agents
into meaningful groups based on their static profiles 𝑠𝑖 . Traditional
clustering algorithms (e.g., k-means) are not enough for this task, as
they require converting rich, textual profiles into numerical feature
vectors, a process that often loses critical semantic nuance (e.g.
different group have different lifestyles). We instead leverage the
LLM’s own powerful in-context semantic understanding to per-
form the clustering in a zero-shot manner. In this way, we use the
semantic prototypes rather than the abstract centroids to ensure

that the grouping logic remains aligned with the social variables
being modeled. The process is formalized in Algorithm 1 in Ap-
pendix. To maintain system scalability, IPL is implemented as a
one-time offline initialization step. We optimize the process by us-
ing batched similarity queries, where the LLM evaluates an agent’s
profile against multiple candidate prototypes in a single prompt,
rather than through individual pairwise comparisons.

Hyperparameter Discussion. The IPL algorithm has two key hy-
perparameters. 𝑀 is a small integer (e.g., 20-50) used to seed the
initial set of prototypes. Its exact value has minimal impact on the
final clustering for a large population. 𝑇 is the similarity threshold
(e.g., 0.8), which controls the granularity of the agent groups. A
higher 𝑇 results in more, smaller, and more homogeneous groups,
while a lower 𝑇 results in fewer, larger, and more diverse groups.
We selected𝑇 = 0.8 based on empirical validation to achieve a good
balance between intra-group similarity and the total number of
groups.

Stage 2: Distilled Prompt Generation and Execution. With
agents clustered into groups, we can now “distill” the prompts at
runtime. A conventional, unoptimized prompt for a single agent
would contain its entire verbose static profile, followed by its dy-
namic state. For example: “Your full profile is: You are Isabella, a
28-year-old software engineer... Your current memory is: ...”. This leads
to significant redundancy when repeated for thousands of agents.

Our distilled prompt, in contrast, is structured as a single batch
request for an entire group. It consists of two parts. The prompt
begins with a Shared Context derived from the group description
𝑑𝑔 generated by the IPL algorithm, such as: “You are all part of a
group of: ’Young, high-income tech professionals living downtown who
prefer quiet recreational activities.’ Based on this shared identity and
your unique individual states below, decide on your plan...”. This is



Designing A Scalable LLM Agent Framework for Large-scale Urban Segregation Simulation Conference acronym ’XX, June 03–05, 2018, Woodstock, NY

followed by a series of Individual Payloads, where each payload
contains only the dynamic properties 𝑚𝑖 (𝑡) for a specific agent
in the group (e.g., “Person 1 (Isabella): Memory: ..., Location: ...” ).
This aggregated request is sent to the LLM, which processes the
batch and returns a corresponding set of individual decisions. This
method drastically reduces the number of API calls (from one per
agent to one per group) and total token count by eliminating the
redundant transmission of static profile information.

4.2 LLM Request Scheduler
The other primary performance limitation is the cumulative time
spent waiting for network responses from thousands of individual
API calls. Our LLM Request Scheduler is designed specifically to
mitigate this bottleneck through three complementary techniques.

Waiting for Response

Timeline

(a) LLM requests time decomposition

Initialization and Reception Connection and Destruction Waiting for Response

Request Start

Baseline Method(b) Methods Comparison
LLM Request #1 CPU Task #1 LLM Request #2

Eliminate wait

CPU Task #1

LLM Request #1 R2 R3

Task parallelismReusable Connection Pool

IO Multiplexing OpenCity Method

Saving#1 Saving#2Saving#3

Figure 2: The functionality of the LLM Request Scheduler.
Asynchronous I/O with Multiplexing: Our scheduler is built

on a non-blocking event loop using efficient I/O notification mech-
anisms (e.g., epoll on Linux [1]). Agent requests are dispatched
asynchronously, allowing the main simulation thread to continue
processing other agents and I/O events without blocking. Network
responses are handled only when ready, enabling a single thread
to manage thousands of concurrent LLM requests and effectively
hide network latency (Time saving #1 in Figure 2(b)).

Reusable Connection Pooling: To avoid the overhead of re-
peatedly establishing TCP connections, we maintain a pool of per-
sistent connections to the LLM service. Agents borrow and return
connections as needed, amortizing connection setup costs and re-
ducing per-request latency (Time saving #2 in Figure 2(b)).

Decoupled CPU-Bound Task Execution: LLM calls are I/O-
bound, but agents also perform CPU-bound local computations. To
prevent these tasks from blocking the event loop, all non-trivial
CPU-bound operations are offloaded to a worker thread pool. This
design keeps the I/O loop responsive and ensures efficient parallel
execution (Time saving #3 in Figure 2(b)).

Collectively, these techniques transform the simulation from a
slow, sequential process into a highly parallel and efficient system
capable of handling massive-scale agent-environment interactions.

5 Experiments
5.1 Dataset and Setup
Datasets.We conduct our experiments on urbanmobility data from
six major cities: Beijing, New York, San Francisco, London, Paris,

and Sydney. The data sources are diverse to ensure the generality
of our findings. The Beijing’s data comes from a related work [22],
which collected from social network platform. The New York and
San Francisco data consist of aggregated population flows from
Safegraph, which is a wide-used dataset for segregation research.
Data for the remaining three cities are based on user check-ins from
Foursquare. All datasets underwent a standardized preprocessing
pipeline, including trajectory filtering, home location extraction,
and user profile sampling based on census data where necessary.
Further details on each dataset and the preprocessing steps are
provided in Appendix A.

LLM Agent Configuration. The agents in OpenCity are im-
plemented based on the widely adopted “Generative Agent” archi-
tecture [16], which encompasses a perception-planning-reflection
cognitive cycle. At each step, an agent perceives its environment,
makes a plan, and acts upon it, recording the experience into a
memory stream for future reflection. Unless otherwise specified,
the underlying large language model for all agents in our experi-
ments is OpenAI’s GPT-4o-mini, accessed via their official API.
For the faithfulness analysis presented in Section 5.2.2, we also
report results using the more powerful GPT-4o model to evaluate
the impact of model capability.

Baselines for Comparison.We evaluate OpenCity against two
distinct types of baselines, each serving a different purpose:
• Performance Baseline (Unoptimized LLM Agent): To
quantify the acceleration achieved by OpenCity, our primary
performance baseline is an unoptimized LLM agent implemen-
tation. This baseline follows the standard generative agent
framework but makes serial, blocking API calls for each
agent’s decision step. It does not include any of OpenCity’s
system-level scheduling or prompt-level optimizations and
thus represents the naive approach to implementing a large-
scale simulation.
• Urban Dynamics Baseline: To validate the fidelity of our
simulation’s outcomes, we compare it against three baselines:
(i) the Explore and Preferential-Return (EPR) model [23], a
classic rule-based model, which determines an agent’s next
location based on a probabilistic choice between exploring
new locations and returning to previously visited ones. For
our experiments, we use the standard parameter settings:
exploration rate 𝜌 = 0.6, trade-off parameter 𝛾 = 0.21, and
waiting time distribution parameters 𝜏 = 17, 𝛽 = 0.8. (iii)
the Social-EPR model [14], which is incorporates a “social
exploration” parameter (𝜎𝑠 ) in EPR to better simulate experi-
enced income segregation. (ii) the CoPB model [22], a hybrid
method that uses LLMs for activity planning and reverts to
Gravity Models for location selection.

5.2 OpenCity Platform Evaluation
We conduct a two-part evaluation of the OpenCity. First, we mea-
sure its performance in terms of simulation speed and scalability.
Second, we assess the fidelity of the simulated agent behaviors to
ensure our optimizations do not compromise the quality of the
results.

5.2.1 Performance Evaluation: Scalability and Efficiency. This sec-
tion quantifies the acceleration and resource savings provided by
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Table 1: Faithfulness experiment results

Model and Cities Inherent Batch prompting Archetype prompting Ours
𝐽 𝑆𝐷 𝑇 1 𝐽 𝑆𝐷 𝑇 1 𝐽 𝑆𝐷 𝑇 1 𝐽 𝑆𝐷 𝑇 1

4o-mini

Beijing 0.04 ± 0.02 90% 0.11 ± 0.05 76% 0.89 ± 0.04 8% 0.13 ± 0.02 74%
New York 0.02 ± 0.01 92% 0.07 ± 0.03 81% 0.84 ± 0.11 13% 0.06 ± 0.04 86%

San Francisco 0.03 ± 0.02 88% 0.09 ± 0.04 77% 0.91 ± 0.03 11% 0.10 ± 0.03 85%
London 0.06 ± 0.04 89% 0.12 ± 0.07 79% 0.86 ± 0.06 9% 0.12 ± 0.04 78%
Paris 0.05 ± 0.02 86% 0.17 ± 0.11 69% 0.94 ± 0.03 4% 0.14 ± 0.04 71%
Sydney 0.04 ± 0.03 85% 0.08 ± 0.03 75% 0.88 ± 0.05 5% 0.07 ± 0.04 75%

GPT-4o New York 0.003 ± 0.002 98% 0.012 ± 0.007 94% 0.89 ± 0.09 10% 0.009 ± 0.004 97%
Paris 0.004 ± 0.002 99% 0.021 ± 0.009 93% 0.91 ± 0.04 7% 0.010 ± 0.006 96%

Table 2: Acceleration experiment results

Cities Time 𝑆𝑝𝑒𝑒𝑑𝑢𝑝 𝑅𝑟 𝑇𝑟

Beijing 0.07s 521.7 73.2% 38.7%
New York 0.06s 624.7 67.3% 37.6%

San Francisco 0.07s 588.6 80.3% 51.3%
London 0.04s 792.5 74.6% 49.9%
Paris 0.06s 640.0 76.3% 48.6%
Sydney 0.05s 644.0 70.7% 46.6%
Average 0.058s 635.3 73.7% 45.5%

OpenCity. We compare its performance against the unoptimized
LLM agent baseline defined in our setup, which makes serial,
blocking API calls.

Overall Acceleration. The performance was evaluated in six
major cities, each with 10,000 agents. The test environment was a
cloud server with an Intel Xeon Platinum 8378C CPU and 256 GB
RAM. The results are presented in Table 2. We measure four key
metrics: simulation time per agent (Time), the overall speedup factor
(Speedup), the reduction rate in LLM API requests (Rr), and the re-
duction rate in total tokens consumed (Tr). The substantial average
speedup of 635.3x stems from two synergistic dimensions: system-
level parallelization and algorithmic compression. Specifically, the
Request Scheduler manages high-concurrency asynchronous I/O to
mitigate network latency, while the IPL module achieves a funda-
mental reduction in the computational workload on requests and
tokens. The results demonstrate that IPL markedly reduces API
calls and token consumption by an average of 73.7% and 45.5%,
respectively. Together with these two layers, OpenCity reduces the
average runtime per agent to just 0.058 seconds, enabling city-scale
agent simulation that was previously computationally prohibitive.

Scalability Analysis. To assess how OpenCity’s performance
scales with the number of agents, we conducted simulations with
agent populations ranging from 10 to 10,000. The results are shown
in Figure 3(a). The platform demonstrates strong scalability, with
the time-per-agent decreasing significantly as the population grows.
This is because larger simulations provide greater opportunities
for both of our optimization strategies: the LLM request scheduler
can more effectively hide network latency with a larger pool of
concurrent requests, and the “group-and-distill” optimizer can form
more and larger groups, leading to a higher token-saving efficiency.

5.2.2 Fidelity Evaluation: Preserving Agent Individuality. A fast sim-
ulation is only useful if its results are believable. This section eval-
uates whether our “Group-and-Distill” optimizer preserves the nu-
anced, individualistic behavior of the agents.

Experimental Design. The testbed for this evaluation is lo-
cation choice generation. We randomly selected 100 agents and,
for each agent, prompted for a location choice 100 times using the
same context. We compared four methods: (1) Raw Prompting,
which is the unoptimized, one-agent-one-promptmethod; (2)Batch
Prompting [2]; (3) Archetype Prompting [3], which represents
the naive reuse strategy; and (4) Ours (OpenCity).

Metrics.We use two metrics to evaluate fidelity:

• Jensen-Shannon Divergence (JSD): This measures the dif-
ference between the distribution of an agent’s 100 choices
using an optimized method versus the “ground truth” distri-
bution from Raw Prompting. A lower JSD indicates higher
fidelity.
• Top-1 Hit Rate (T1): This measures the consistency of an
agent’s single most frequent choice, reflecting the stability
of its core preferences.

Results and Analysis. The results are shown in Table 1. Here,
the ‘Inherent’ row denotes the inter-run consistency of the unopti-
mized Raw Prompting, serving as a reference for the upper bound of
behavioral stability. As expected, the Archetype Prompting method
performs poorly, with high JSD, demonstrating its inability to cap-
ture agent individuality. In contrast, our method achieves a JSD
and T1 rate comparable to the standard Batch Prompting tech-
nique, confirming its ability to maintain high behavioral fidelity.
To investigate the impact of the underlying model’s capability, we
conducted a focused experiment on two cities using the more pow-
erful GPT-4o model. This test was limited to two cities due to the
significantly higher computational cost and API expense of GPT-4o.
The findings indicate that with a more capable model, our method’s
output closely approximates that of Raw Prompting, achieving a
T1 rate of up to 97%.

In summary, the evaluation demonstrates that OpenCity not
only enhances the efficiency of large-scale simulations by orders
of magnitude but also does so while preserving the distinctive
characteristics of the agents, making it a robust and reliable platform
for large-scale social simulation.
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Figure 3: Scalability experiments. (a) Runtime scalability, and (b) simulation fidelity under increasing scale.
5.3 Reproducing Urban Dynamics
The efficiency of OpenCity enables us, for the first time, to bench-
mark the ability of large-scale LLM agents to reproduce real-world
urban dynamics. We use a comprehensive, multi-level set of met-
rics to evaluate the simulation fidelity. At the individual level,
we measure the Jensen-Shannon Divergence (JSD) of the Radius of
Gyration (𝑟𝑔) distributions [6]. At the group level, we assess the
structural similarity of city-wide flows using the Common Part of
Commuters (CPC) of the Origin-Destination (OD) matrix [9]. In the
social domain, we evaluate the emergence of socioeconomic pat-
terns using both the JSD and Correlation (Coor) of the experienced
income segregation index. [14]. Further details on these metrics are
available in Appendix B.

We analyze the performance of our LLM-based Generative Agent
against the EPR/Social-EPR and CoPBAgent in six major cities, each
simulated with 1,000 agents. The results are presented in Table 3.
Note that the 𝑟𝑔 (𝐽𝑆𝐷) metric, which is calculated from individual
trajectories, is not applicable (N/A) for New York and San Francisco,
as their SafeGraph datasets provide aggregated population flows
rather than individual user paths.

The results indicate that the LLM-powered Generative Agent is
highly competitive with, and in several aspects superior to, the well-
established EPR/Social-EPR model and LLM-based CoPB Agents.

• On individual mobility (𝑟𝑔), the OpenCity-GA generally
capture the spatial extent of individual human movement,
achieve the competitive JSD against EPR/Social EPR Model.
While it performs slightly worse than CoPB in some cities,
this is because CoPB’s hybrid architecture is explicitly de-
signed to optimize for physical distance distributions, whereas
our GA is driven by semantic reasoning.
• On aggregate flows (𝑂𝐷), the GA achieve superior perfor-
mance in five out of six cities. This indicates that the seman-
tic advantage of LLMs becomes more obvious as individual
behaviors aggregate into macro-level flows.
• On social dynamics (𝑆𝑒𝑔𝑟𝑒𝑔𝑎𝑡𝑖𝑜𝑛), the Generative Agent
generally achieves its most significant advantage in repro-
ducing the income segregation. While Social-EPR is carefully
designed to reproduce segregation by introducing social ex-
ploration factors, the GA’s accurate segregation patterns
emerge naturally from high-fidelity, autonomous decision-
making. This validates the necessity of cognitive micro-
foundations in modeling complex socioeconomic drivers
of location choice.

The Necessity of Scale. The scientific utility is further demon-
strated by the scalability analysis in New York as illustrated in
Figure 3(b). The results show a clear trend: as the simulation scale
(𝑁 ) increases from 2,000 to 20,000 agents, the 𝐽𝑆𝐷 monotonically
decreases. This quantitatively validates that emergent urban phe-
nomena are population-level properties that become distinguish-
able only at a certain magnitude. By enabling simulations at the
scale of 𝑁 ≥ 104, OpenCity provides the necessary infrastructure
to move into more meaningful city-scale scientific discovery.

6 Case Study
OpenCity supports two capabilities that are difficult for conven-
tionalmodels: large-scale counterfactual experimentation andmicro-
level analysis through direct interrogation of individual agents. We
demonstrate these capabilities in a case study on experienced urban
segregation. Experienced urban segregation arises from a complex
interplay between where people live (residential segregation) and
where they go (mobility patterns) [14]. A key policy question is to
disentangle the impact of these two factors. We use OpenCity to
conduct a counterfactual experiment in New York and San Francisco
to investigate this.

Experimental Design. We simulate two scenarios. The ‘Origi-
nal’ scenario initializes agent home locations based on real-world
census data, reflecting the existing residential segregation. The
‘Even’ counterfactual scenario programmatically eliminates resi-
dential segregation by evenly distributing agents from all income
levels across the city’s neighborhoods, while keeping their behav-
ioral models unchanged.

Figure 4: The distribution of income segregation index.
Results and Interpretation. The results, shown in Figure 4,

reveal a dramatic shift. In New York City, eliminating residential
segregation causes the mean experienced segregation index to de-
crease from 0.845 to 0.172. Similarly, in San Francisco, the index
drops from 0.665 to 0.232. This result indicates that, under the as-
sumption of stable behavioral preferences, the structural factor of
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Table 3: Benchmarking Urban Dynamics across Six Cities.

City Beijing New York San Francisco

Metric 𝑟𝑔 OD Segregation 𝑟𝑔 OD Segregation 𝑟𝑔 OD Segregation

Method 𝐽𝑆𝐷 ↓ 𝐶𝑃𝐶 ↑ 𝐽𝑆𝐷 ↓ 𝐶𝑜𝑜𝑟 ↑ 𝐽𝑆𝐷 ↓ 𝐶𝑃𝐶 ↑ 𝐽𝑆𝐷 ↓ 𝐶𝑜𝑜𝑟 ↑ 𝐽𝑆𝐷 ↓ 𝐶𝑃𝐶 ↑ 𝐽𝑆𝐷 ↓ 𝐶𝑜𝑜𝑟 ↑
EPR 0.427 0.299 0.166 0.317 - 0.088 0.534 0.0511 - 0.181 0.330 0.254
Social-EPR 0.339 0.291 0.171 0.120 - 0.092 0.560 0.1025 - 0.149 0.309 0.285
CoPB 0.069 0.298 0.141 0.098 - 0.066 0.588 0.1236 - 0.149 0.319 0.203
OpenCity-GA 0.221 0.327 0.126 0.572 - 0.157 0.421 0.1352 - 0.242 0.299 0.232

City Paris London Sydney

Metric 𝑟𝑔 OD Segregation 𝑟𝑔 OD Segregation 𝑟𝑔 OD Segregation

Method 𝐽𝑆𝐷 ↓ 𝐶𝑃𝐶 ↑ 𝐽𝑆𝐷 ↓ 𝐶𝑜𝑜𝑟 ↑ 𝐽𝑆𝐷 ↓ 𝐶𝑃𝐶 ↑ 𝐽𝑆𝐷 ↓ 𝐶𝑜𝑜𝑟 ↑ 𝐽𝑆𝐷 ↓ 𝐶𝑃𝐶 ↑ 𝐽𝑆𝐷 ↓ 𝐶𝑜𝑜𝑟 ↑
EPR 0.528 0.159 0.159 0.048 0.491 0.168 0.154 0.270 0.487 0.161 0.257 0.314
Social-EPR 0.017 0.156 0.148 0.087 0.481 0.176 0.172 0.149 0.486 0.155 0.278 0.341
CoPB 0.459 0.150 0.158 0.041 0.456 0.159 0.128 0.265 0.092 0.143 0.211 0.126
OpenCity-GA 0.363 0.194 0.102 0.419 0.362 0.121 0.193 0.213 0.355 0.191 0.221 0.401

residential location remains the dominant driver of experienced seg-
regation within our simulation framework. This demonstrates the
platform’s utility for policymakers to test hypotheses and estimate
the potential impact of interventions, such as policies promoting
mixed-income housing.

Interrogating Agent Motivations. A unique capability of LLM
agents is that they are interrogable. Beyond aggregate statistics,
OpenCity enables researchers to query individual agents in natural
language after simulation to uncover the reasoning behind their be-
haviors. As shown in Figure A3 (Appendix), agents can narrate their
daily activities, justify decisions (e.g., “enjoying a leisurely meal”),
and recall social interactions. While these responses represent the
LLM’s generative reasoning rather than verified biological intent,
they provide valuable interpretability for agent-based simulations,
allowing researchers to examine the internal consistency of the
simulated social dynamics. This capability transforms agents from
mere data points into virtual subjects that can be “interviewed.” It
allows researchers to move beyond quantitative metrics and col-
lect rich, qualitative data on agents’ perceived experiences, social
circles, and decision-making logic.

7 Conclusion
In this work, we introduced OpenCity, a scalable framework de-
signed to tackle the computational and communication challenges
of deploying large-scale LLM-based urban agents in city simula-
tions. By integrating a novel "group-and-distill" prompt optimiza-
tion strategy and an LLM request scheduler, we achieved a 600×
increase in simulation efficiency, with major reductions in both
LLM requests and token usage. We evaluated OpenCity through
experiments in six global cities. The results showed that the plat-
form can simulate the daily activities of 10,000 agents at an hourly
level, setting a new benchmark for generative agent performance
in urban environments. OpenCity’s ability to align simulated be-
haviors with real-world data highlights its promise for practical,

city-scale applications. Beyond large-scale counterfactual analy-
ses, the platform uniquely enables researchers to interact directly
with individual agents in natural language to explore their moti-
vations—combining quantitative scale with qualitative insight. As
a robust and extensible foundation, we believe OpenCity will em-
power the research community to study complex societal dynamics
at a scale and depth that were previously out of reach.

Limitations and Ethical Considerations
Despite the efficiency gains of OpenCity, several limitations remain.
First, while the framework supports city-scale simulations with re-
duced computational cost, scaling to fully million-level populations
remains challenging under current LLM inference budgets. More-
over, since inherent socioeconomic and cultural biases in LLMs
may influence simulated dynamics and our validation benchmarks
rely on existing mobility models, simulation results should be inter-
preted as heuristic insights into complex urban systems rather than
exact real-world predictions. Regarding data ethics, all real-world
datasets utilized in our experiments were rigorously anonymized
and aggregated to ensure that no individual-level sensitive infor-
mation could be reconstructed.
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A Urban Mobility Dataset
As shown in Table A1, we collect urban mobility data of 6 major
cities around the world. The data sources vary. In Beijing, the data is
from a related work [22], which gathered through a social network
platform and tracking users’ mobility trajectories. Additionally,
users’ profiles, such as income level, gender, occupation, education
level and age, are collected through digital surveys. In New York
and San Francisco, the data comes from Safegraph, which provides
aggregated population flow among Points of Interest(POIs) and
Census Block Groups(CBGs). The other three cities—London, Paris
and Sydney—use data are from Foursquare. Foursquare data consist
of thousands of check-ins data of users and the corresponding venue
position.

To make better use of the datasets, we apply several prepro-
cessing methods. We firstly arrange the trajectory points in time
sequence, and divide the trajectory into units of one day. Then we
filter out trajectories with fewer than 4 points in a day, as they
do not fully capture users’ mobility patterns. For home extraction,
we identify the most frequently visited location of the useres the
home. Since only the Tencent dataset includes user profiles, we
make profile sampling for users of each city based on local census
data for the other two datasets. In the end, our dataset is optimized
for easy use in urban mobility simulations.

B Urban dynamic metrics
We use comprehensive metrics in three-levels to evaluate the simu-
lation performance, from individual-level to group level, and also
from physical domain to social domain. These metrics allows us to
gain a full understanding of mobility patterns and their implications,
and can also help us evaluate the performance of the simulation by
analysing the generated trajectory.

At the individual level, we calculate radius of gyration 𝑟𝑔 [6]
for each user, which is a measure of the spatial extent of their
movements. The radius of gyration is defined as follows:

𝑟𝛼𝑔 =

√√√
1
𝑁𝛼

𝑁𝛼∑︁
𝑖=1
(®𝑟𝛼
𝑖
− ®𝑟𝛼𝑐𝑚)2 (3)

where ®𝑟𝛼
𝑖
represents the 𝑖 = 1, 2, ..., 𝑁 positions recorded by user 𝛼 ,

and 𝑟𝛼𝑐𝑚 = 1/𝑁𝛼
∑𝑁𝛼

𝑖=1 (®𝑟𝛼𝑖 ) is the center of mass of the trajectory.
The radius of gyration provides an indication of the size of a user’s
activity range.

To analyze movement patterns and other aggregated features,
we define block areas as spatial units within the city. For cities with
Safegraph data, we use existing Census Block Group (CBG) areas.
For other cities, we divide the map area into evenly spaced grids,
with each grid cell representing a block area.

At the group level, we count the inflow and outflow of agents
between block areas, calculate the Origin-Destination (OD) ma-
trix [9], and normalize it. To compare real data with simulation
data, We utilize the Common Part of Commuters (CPC) to measure
the structural similarity between the simulated matrix 𝑇 and the
ground-truth matrix 𝑇 :

𝐶𝑃𝐶 (𝑇,𝑇 ) =
2
∑

𝑢,𝑣 min(𝑇𝑢𝑣,𝑇𝑢𝑣)∑
𝑢,𝑣 𝑇𝑢𝑣 +

∑
𝑢,𝑣 𝑇𝑢𝑣

A higher 𝐶𝑃𝐶 value demonstrates the system’s proficiency in re-
producing city-wide commuting patterns and traffic distributions.

At the social domain, we calculate the income segregation in-
dex [14] for each block area. The income segregation of a place 𝛼
is defined as 𝑆𝛼 = 2

3
∑

𝑞 |𝜏𝑞𝛼 − 1
4 |, where 𝜏𝑞𝛼 is is the proportion of

visitors in each income quartiles for place 𝛼 . The 𝑆𝛼 ranges from 0
to 1. A high 𝑆𝛼 indicates that the place 𝛼 is predominantly visited
by a single income group, suggesting a high level of income segre-
gation. We calculate the Pearson correlation coefficient between the
simulated and real-world mean 𝑆𝑖 across different urban regions.
This assesses the framework’s ability to identify spatial segregation
hotspots. We measure the overall distributional consistency (JSD)
of the experienced segregation index across the entire population.

C The IPL Algorithm

Algorithm 1 In-context Prototype Learning (IPL) Algorithm

1: Input: Set of all agent static profiles {𝑠𝑖 }𝑁𝑖=1; initial group size
𝑀 ; similarity threshold 𝑇 .

2: Output: A set of agent groups G = {𝑔1, . . . , 𝑔𝑘 }; a set of corre-
sponding group descriptions D = {𝑑1, . . . , 𝑑𝑘 }.

3: // Initialization Phase
4: Let {𝑠𝑖 }𝑀𝑖=1 be the profiles of the first𝑀 agents.
5: Send {𝑠𝑖 }𝑀𝑖=1 to an LLM with a prompt to cluster them and

generate a concise textual description for each resulting cluster.

6: Initialize G and D with the clusters and descriptions returned
by the LLM.

7: // Iterative Classification Phase
8: for each remaining agent 𝑗 from𝑀 + 1 to 𝑁 do
9: 𝑚𝑎𝑥_𝑠𝑐𝑜𝑟𝑒 ← −1
10: 𝑏𝑒𝑠𝑡_𝑔𝑟𝑜𝑢𝑝 ← null
11: for each group description 𝑑𝑘 ∈ D do
12: Send 𝑠 𝑗 and 𝑑𝑘 to an LLM with a prompt to evaluate their

semantic similarity score (from 0.0 to 1.0).
13: Let 𝑠𝑐𝑜𝑟𝑒𝑘 be the returned similarity score.
14: if 𝑠𝑐𝑜𝑟𝑒𝑘 > 𝑚𝑎𝑥_𝑠𝑐𝑜𝑟𝑒 then
15: 𝑚𝑎𝑥_𝑠𝑐𝑜𝑟𝑒 ← 𝑠𝑐𝑜𝑟𝑒𝑘
16: 𝑏𝑒𝑠𝑡_𝑔𝑟𝑜𝑢𝑝 ← 𝑔𝑘
17: end if
18: end for
19: if 𝑚𝑎𝑥_𝑠𝑐𝑜𝑟𝑒 ≥ 𝑇 then
20: Add agent 𝑗 to 𝑏𝑒𝑠𝑡_𝑔𝑟𝑜𝑢𝑝 .
21: else
22: Create a new group 𝑔𝑛𝑒𝑤 with agent 𝑗 .
23: Generate a new description 𝑑𝑛𝑒𝑤 for 𝑔𝑛𝑒𝑤 using the LLM.
24: Add 𝑔𝑛𝑒𝑤 to G and 𝑑𝑛𝑒𝑤 to D.
25: end if
26: end for
27: return G,D

D Image supplements
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Table A1: Basic information about the dataset

Source City Users Trajectory Points Duration

[22] Beijing 100000 297363263 Oct. 2019 - Dec. 2019

Safegraph
New york Aggregated 760493

May 2023 - July 2023San Francisco Aggregated 316732

Foursquare
London 9409 173268

Apr. 2012 - Sept. 2013Paris 5809 85679
Sydney 1720 54170

(a) (b) (c)

Figure A1: Empirical analysis of the scalability bottlenecks. (a) A t-SNE visualization of agent profiles reveals distinct semantic
clusters. (b) Cumulative distribution plots show that agents within a cluster are semantically similar (low embedding distance)
but syntactically diverse (high edit distance). (c) A time cost breakdown confirms the simulation is I/O-bound and highlights
the potential of parallelization.

Figure A2: Distill meta-prompt generation through CoT inference.
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Figure A3: Illustation of the case study.
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