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Abstract 

Urban environments, characterized by their complex, multi-layered networks encom-

passing physical, social, economic, and environmental dimensions, present signifi-

cant challenges for sustainable urbanization. These challenges, ranging from traffic 

congestion and pollution to social inequality, call for advanced technological interven-

tions. The technology innovation in big data, artificial intelligence, urban computing, 

and digital twins have laid the groundwork for sophisticated city simulation. However, 

a gap persists between these technological capabilities and their practical imple-

mentation in addressing urban issues because they often fall short of capturing the 

complex and subtle human behaviour in urban space. The recent advance in large 

language model (LLM) agents shows emergent abilities of human-like behaviour 

simulation, presenting important opportunities for characterizing human behaviour in 

urban studies. This paper provides a comprehensive review on the recent literature 

about the technology development of urban computing, digital twins, LLM agents and 

beyond, as well as the interdisciplinary studies on complex urban system and agent-

based modeling. Moreover, we conceptualize a novel Urban Generative Intelligence 

platform that grounded LLM agents in simulated urban environment. The UGI plat-

form allows LLM agents to operate within a textual urban environment emulated by 

city simulator, interact through a natural language interface, offering an open platform 

for diverse intelligent and embodied urban tasks. Such platform unleashes the power 

of LLM agents for complex urban system simulation, providing a novel approach to 

understand and manage urban complexity.

1.  Introduction

Urban are complex systems with dynamic and multi-layered networks encompass-
ing physical elements (buildings, roads, infrastructure), social structures (population 
distribution, organizations, culture), economic activities (industry, services, com-
merce), and environmental factors (natural resources, ecosystems, climate change) 
[13,18,20]. This intricate interplay creates uncertainty and dynamism, reflecting the 
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complex interactions between human activities and the urban environment [20,151]. 
Each individual, community, and organization within these systems is interconnected, 
influencing the city’s overall characters and functionality [97,150]. The primary chal-
lenge in urban complex systems is balancing economic growth, social welfare, and 
environmental sustainability amid rapid urbanization, and it faces critical challenges 
including traffic congestion, environmental pollution, resource scarcity, and infrastruc-
ture strain, all exacerbated by rapid urbanization [182]. Besides, social inequality and 
housing issues further impact residents’ quality of life [178,179]. The growing threats 
of climate change, such as extreme weather and rising sea levels, add to these chal-
lenges, highlighting the urgent need for solutions. Addressing these prominenturban 
issues is essential to ensure sustainable, equitable urban development and maintain 
the vitality of cities in a rapidly evolving global context [2,4].

In order to address above problems, the recent technological evolution began with 
urban data intelligence, which provided rich and variety urban information [3,175]. 
The complexity of this data necessitated the development of artificial intelligence 
(AI) for effective description, prediction and management [5,184]. This synergy led to 
urban computing [182], which applies AI to big data for urban problem-solving. Build-
ing on this, digital twins [14] and city simulations [172,173] emerged, creating virtual 
models of cities using real-time data and AI analysis. These technologies represent 
a progression from data collection (big data), to data analysis (AI), to application 
(urban computing), and finally to advanced simulation and modeling (digital twins and 
city simulators). Each stage builds upon the last, offering increasingly sophisticated 
tool-chain for tackling urban complexities. However, despite these advancements, 
the ability of these technologies to systematically address the complexity of urban 
issues lies in the gap for comprehending and modeling complex human behaviour. 
This shortfall implies that while these technologies are invaluable tools, they cannot 
yet address the intricate and systemic challenges cities face, necessitating further 
advancements in more human-like agents to simulate complex behaviour of urban 
residents.

The advent of artificial general intelligence, particularly large language mod-
els (LLMs), as a form of human-like intelligence presents a unique opportunity in 
addressing urban challenges [28,52,144]. LLMs demonstrate emergent intelligence 
capabilities, mimicking human cognitive process to analyze and reason vast data-
sets. The human-like intelligence of LLMs can significantly contribute to the intelli-
gence of urban systems by providing deep and context-aware insights. They can 
identify patterns, sentiments, and trends within urban discourse, offering a more 
nuanced understanding of the complex social and economic dynamics at play in 
urban environments, which further supports smart decision-making in urban planning 
and policy formulation. Thus, the integration of LLM agents into urban systems holds 
great promise for finding comprehensive solutions to the multifaceted challenges in 
cities, which will push the urban technology to the next stage of urban intelligence.

In this paper, we provide a comprehensive review on the recent literature about the 
technology development of urban computing, digital twins, LLM agents and beyond, 
as well as the interdisciplinary studies on complex urban system and agent-based 
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modeling. On top of these recent studies, we conceptualize Urban Generative Intelligence (UGI), a foundational platform 
that fosters the application and evolution of generative intelligence in urban space. The UGI platform is built on top of 
an open digital infrastructure that consists of the UrbanKG knowledge graph [93] and a city simulator engine [173]. This 
infrastructure is capable of simulating realistic urban interactions based on multi-source urban data and providing embod-
ied feedback to intelligent agents, setting it apart from existing sandboxes [109] or virtual environments [44]. We propose 
to use a standard language interface to expose the access to this digital infrastructure, facilitating the easy plugin of 
language models and the development of generative and embodied agents. Using LLM as a generative intelligence core, 
we propose a general framework of creating embodied agents for various urban tasks, such as planning transportation 
system, assisting policy-making, and simulating urban life and socioeconomic interactions [53]. Moreover, this general 
framework can be easily adapted to build customized agents, fostering the emergence of diverse intelligent agents sup-
porting various aspects of urban intelligence. Through the realistic embodied feedback provided by digital infrastructure 
and the interactions with other agents, the LLM-empowered agents are able to learn from the environment, develop their 
own understanding, and further evolve their intelligence to deal with complicate urban tasks. These components collec-
tively form a foundational platform to facilitate the emergence and advancement of generative intelligence in urban space.

As shown in Fig 1, we summarize the main content and core contributions of this paper. The main
contributions of the present work can be summarized in the following points: (1) We propose a conceptual framework 

for foundational UGI platform, which couples LLM agents with Urban knowledge graph and city simulator via Natural Lan-
guage Interface. This framework enables languagenative, tool-grounded LLM agency in urban tasks. (2) We extensively 
review case studies in LLM agents for social, economic and physical mobility beahviour simulation, which can integrate 
domain knowledge and toolkits, moving from generic role-play to theory-aligned decisions. (3) We connect the UGI design 
with scalable execution and evaluation protocols, enabling empirical assessment against real data and stylized facts. (4) 
We delineate current, emerging, and remote capabilities and discuss assumptions, risks, and ethical guardrails to guide 
responsible adoption.

Fig 1.  Main content and contributions of this paper.

https://doi.org/10.1371/journal.pcsy.0000093.g001
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2.  Related Work

2.1.  Urban computing

urban issues like traffic congestion, energy consumption, and air pollution with the help of computer science algorithms 
and urban big data. In the early years, the research focused on the spatiotemporal data analytics and management 
[86,164,183,186,187] and its applications in urban planing [149,152,163,185], transportation [95,141,164] and environ-
ment [41,115]. With carefully designed data processing and fusion techniques in different fields, these works achieved 
remarkable results. In the past 10 years, with the application of deep learning methods, urban computing made signifi-
cant process on various prediction problems in the urban space, e.g., traffic prediction [61,82,136] and individual mobility 
prediction [50,159,174] which are widely used in transportation, epidemic modeling and environmental studies. STResNet 
[174] first introduces the convolution neural network into the crowd flow prediction problem to better model the spatial cor-
relation between regions. DeepMove [50] proposes to utilize the power of recurrent neural network and attention mecha-
nism to capture the periodic pattern of individual mobility. ASTGCN [61] applies graph neural network to the traffic network 
to capture the spatio-temporal correlations between road segments.

While these data analytics and prediction methods from urban computing have helped us better understand and predict 
urban spaces from different aspects, they are limited in tackling many reallife issues that require counterfactual inference 
and decision-making capabilities. Thus, recent works have further extended the concept of urban intelligence into new 
fields like behavior simulation [51,165,167] and decision-making [33,142,143,184]. MoveSim [51] simulates human move-
ment behaviors and is applied in epidemic modeling. Additionally, SAND [167] develops a knowledgedriven framework to 
simulate human activities with Maslow’s hierarchy of needs. Intellilight [143] is the first to utilize deep reinforcement learn-
ing for intelligent traffic light control problem. Zheng et al. [184] propose an artificial intelligence urban-planning model to 
generate spatial plans for urban communities using graph neural networks and deep reinforcement learning. Furthermore, 
researchers are also exploring how to extract urban knowledge from the urban big data and utilize the it to address urban 
issues. Knowledge-graph-based approaches become one of the mainstream methods [93,138,190].

However, despite the above advancements, these methods often oversimplify the assumptions of
specific real-life problems and fail to address the complex issues of urban system characterized by high variance and 

requiring common knowledge in practice. Recently, the rapid development of large language models (LLMs) with incred-
ible human-like cognitive abilities and common sense knowledge has provided us new opportunities to address these 
issues. The integration of LLMs and LLM agents into urban computing field will enable the more real-world applicable 
methods and frameworks for pattern discovery, urban dynamics prediction and decision-making in the urban space from a 
systematic perspective.

2.2.  Digital Twin City

Digital Twin City (DTC) refers to the emulation of a city in a digital environment, enabling realtime sensing, analysis, 
and optimization of urban systems through the use of data-driven models [189]. DTC stands as a significant trend in 
smart city research, finding applications in urban planning, traffic management, environmental protection and disaster 
response. Recent years have witnessed substantial progress in various information technologies, significantly acceler-
ating the development pace of DTC. On one hand, advancements in sensor devices have facilitated the collection of 
vast amounts of data from multiple sources, including aerospace satellites [157], aircraft and drones [104], smartphones 
and mobile terminals [30], smart wearable devices [122], industrial and household monitoring equipment [74], and wire-
less sensing devices [116]. A recent focus has been on crowd-sensing methods that leverage distributed smart devices 
within a crowd, exhibiting distinctive characteristics [32,60], focusing on integrating and analyzing digital footprints left by 
large-scale crowds to establish reliable and semantic-rich representations of group behavior across spatial domains. On 
the other hand, the analysis and optimization of urban data heavily rely on machine learning algorithms. The complex 
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spatio-temporal data of DTC present challenges for forecasting and decision-making, and the advent of AI [56] has sig-
nificantly improved data processing efficiency. Advancements like differentiable decision trees [128] or knowledge graphs 
[22,162] can yield more informed and contextually sound outcomes through utilizing inherent comprehension of domain 
intricacies. Deep reinforcement learning provides a direct path to model spatio-temporal data through trial-and-error learn-
ing with agents [166] for urban decision-making tasks including traffic signal [100] or navigation [90].

It is important to acknowledge that the digital twin city technology to solve urban problems still faces several chal-
lenges and problems. Firstly, there is a strong need to enhance the capability to process the multi-source urban data to 
improve credibility and realism. Secondly, the processing and computation of large-scale data pose challenges for real-
time updates and evolution, and how to process complex instructions and provide human-friendly outputs, making DTC 
more accessible to policymakers and urban planners, is crucial for scenario testing and decision-making processes. Our 
proposed LLM-empowered fundamental city platform aims to solve these problems to upgrades DTC into the practice of 
urban problem solving.

2.3.  LLM agents

Large language models [180] such as ChatGPT [108], LLaMA [134], Alphca [132], and GLM [169], are the recent 
advances of artificial intelligence, which learns from the large corpus, with emergent abilities in understanding and gen-
erating language texts. Since language is the most basic tool for humans interacting with the world [62], the human-like 
language ability endows large language models with high-level capacity, including reasoning [125] and decision-making 
[34]. Therefore, large language models are considered a promising approach for artificial general intelligence [29].

To achieve urban generative intelligence, it is required to endow the existing large language with essential abilities for 
urban scenarios. It is worth mentioning that there are some recent attempts to build city-related large language models. 
Deng et al. [40] proposed to fine-tune Llama-7B with Geoscience Academic Knowledge Graph and relevant research 
papers in the geoscience field. The fine-tuned model obtained the ability to understand these professional concepts, 
and support the basic QA tasks. Similar solutions with fine-tuned large language models with geo-related corpus include 
GeoLM [88] and GeoLLM [101]. Zhang et al. [176] utilize the large language model to help process the user query in 
traffic-related tools. GeoGPT [177] took advantage of the ability in tool usage, considering large language model a bridge 
in connecting the practitioners with GIS software. Despite these efforts, they are still limiting in only understanding some 
city-related concepts, without fully considering what abilities a real human has in the urban scenarios, i.e., urban genera-
tive intelligence, limiting these works’ application. In this paper, we pay attention to the construction of foundational model, 
simulation environment, and embodied agents for the urban context

Despite the astonishing performance in various tasks of natural language processing, the large language models can 
also be used as an agent [140,147], which can act and behave like a real human, serving as a virtual agent for personal-
ized purposes. That is, the agent can be a digital twin in various scenarios, such as representing a real human to interact 
with other humans in social networks in Metaverse applications. One of the most critical challenges is to extend the lan-
guage ability to more dimensions of models, from environment perception and action execution [170]. On the one hand, 
the environment can be represented as textual descriptions [109], which can be naturally perceived by the large language 
models; on the other hand, recent advances build the multi-modal ability by the alignment among different modals [68], 
including textual, visual, etc. As for action execution, it is widely acknowledged that the agent can leverage various tools 
well, which extend the action space to language into real-world actions, supporting various interactions between the large 
language model agent and the environment. That is, it endows the large language models with the ability of embodied 
perception, reasoning, and action, which is also known as embodied agent [43,105,137,171]. Specifically, these works 
approach the embodied tasks in the real-world environment, such as navigating and controlling robots, and take advan-
tage of the reasoning and decision-making abilities of large language models. Moreover, to ensure the agents can take 
embodied actions, these works connect the textual output with a tool or another action-execution module.
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However, these works only consider simple environments such as a room or virtual game environment. In addition, the 
tasks are relatively simple. Unlike these works, in this paper, we present a far more complex problem in building funda-
mentally embodied agents in the city environment, and the agents can have almost all kinds of embodied behaviors of 
real humankind.

2.4.  Metaverse

The Metaverse epitomizes a collective virtual shared space, formed from the fusion of physical and digital realities, 
typically accessed through immersive technologies such as virtual reality (VR) [81] and augmented reality (AR) [107]. 
This digital universe offers an array of interactive experiences, social interactions, and economic activities, presenting 
various research questions and avenues for advancement. At its philosophical core, the Metaverse is entwined with the 
reality-virtuality continuum [35]. On the reality aspect, it draws inspiration from the concept of the digital twin, meticulously 
replicating the physical world within the virtual sphere. This comprehensive replication captures physical objects, inter-
actions, and dynamics, integrating reality into the digital landscape [48]. Conversely, the virtuality facet of the Metaverse 
revolves around generating entities within the digital realm [23]. These virtual creations, born from human imagination and 
innovation, surpass physical limitations and showcase human ingenuity in the virtual domain. Recent strides in Artificial 
Intelligence Generated Content (AIGC) notably advance this field [96,114].

Therefore, it comes as no surprise that research in this field is currently focused on two primary directions, one of which 
involves progress related to devices closely associated with the physical world. In contemporary times, Metaverse appli-
cations vary based on execution devices, such as tabletops, projectors, hand-held touchscreen devices, and headsets 
[10,58,103]. These devices play a pivotal role in creating seamless, immersive experiences. Recent studies have delved 
into innovative solutions aiming to prevent information overload [42], alleviate cognitive load [75], explore eye-tracking 
technologies [118], synchronize visual-motor responses [76], or leverage natural finger positioning [154]. These efforts 
aim to create more accessible and intuitive entry points into the physical world. In the virtual realm, advancements in 
Artificial Intelligence (AI) have revolutionized artistic creation. With the success of diffusion models [119] and applications 
like Midjourney, demonstrating high-quality, real-life image generation capabilities, creators within the Metaverse can now 
generate diverse types, contents, and styles of artworks through simple textual prompts. Similarly, generative works in 
film [46], audio [72], or poetry [91] have produced impressive content, ultimately providing users with experiences derived 
from reality but elevated beyond it. This revolution extends further to architectural designs [69], landscape design [11], and 
urban planning [184], offering exciting possibilities to create a metaverse city.

Looking ahead, the Metaverse is poised for rapid evolution and expansion, particularly in encompassing entire cit-
ies and creating an equitably accessible City Metaverse. Future developments may involve enhanced interoperability 
between diverse virtual environments, integration of AI for personalized experiences, advancements in haptic feedback 
systems [39], and exploration of blockchain [77] for decentralized virtual economies. Our proposed foundational platform 
aims to build the future city metaverse with embodied agent to achieve urban generative intelligence.

2.5.  Complex urban system

Cities have long been viewed as a complex system of interconnected humans, things and space [13]. Extensive research 
attentions are devoted to review the universal patterns of various statistics in complex urban system, such as city size 
and morphology shape [12]. Specifically, previous works find cities exhibit typical fractal morphology [15], contradicting 
the common practice in urban planing, but is a symbolic feature of complex system. Besides, a large body of literature is 
devoted to reveal the scaling laws in urban space [21]. They find universal patterns of super-linear growth of economy, 
innovation and crimes, and sub-linear growth of infrastructure investment as city size increases. Previous works build 
theoretical framework to explain these scaling laws from the interaction mechanisms of urban agents [19], which root in 
the increased interaction frequency in the compact urban space of large cities [124]. In recent years, increasing research 
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attention is drawn to the complex challenges faced by modern cities, ranging from climate change to economic inequality, 
especially as the detailed data of social fabric is increasingly available [33,161]. Researchers are dedicated to under-
standing the complex and concerning phenomena of experienced segregation [106], widening socioeconomic gaps [25], 
and prevalence of slums [26].

Motivated by these empirical studies, extensive previous works aim to design agent-based model to explain complex 
urban system from a bottom up perspective. For example, researchers propose to use diffusion limited aggregation model 
to reproduce fractal urban morphology as the process of physical particles [16]. A later study uses correlated percolation 
model on spatial lattice to explain urban morphology [99]. Recent study finds the scaling laws of urban growth and frac-
tal urban morphology can naturally emerge from agent-based model of human mobility [148]. In terms of complex urban 
challenges, agent-based model has been leveraged to reproduce and explain the ubiquitous segregation in urban space 
[123]. Researchers have also developed bottom up model to explain the emergence of varying levels of socioeconomic 
inequality as the provision of universal basic urban service change [25].

However, previous studies mainly use agents guided by simple rules. The recent advance of large language mod-
els provides unique opportunity to design generative agents with much more sophisticated intelligence. Such agents 
have been proved feasible in simulating virtue village [109] and company [66]. By leveraging the human like intelli-
gence and bias encoded in large language model, these generative agents have the potential to explain more complex 
social phenomena. For example, recent studies show large language model-driven agents exhibit similar content bias 
in transmission chain [1], and can reproduce the typical social processes like wisdom of crowd [6] and social conformity 
[188]. However, these agents are all simulated in simple and virtual environment. It is still unclear if they are sophisticated 
enough to interact with complex urban environment. Hence, it is an important research direction to expose language 
model-driven agents to the rich information collected from urban systems or generated by realistic simulators.

2.6.  Agent-based modeling

Agent-based modeling is an important and powerful approach to modeling complex systems, such as the city system, 
understanding, analyzing, explaining, and even predicting the dynamics of the systems [17]. Generally speaking, simu-
lation can be divided into macrosimulation and microsimulation. Macrosimulation refers to simulating the system from an 
aggregate or high level, which focuses on the trends and behaviors within a system or a population without focusing on 
the individual-level characteristics. Specifically, macrosimulation may deploy several equations to describe how the critical 
variables in the system affect each other. However, it is quite challenging to formulate the equations since real-world sys-
tems are always very complex, which motivates the microsimulation, which is also known as agent-based simulation. On 
the other hand, microsimulation focuses on individual entities within a system.

In general, agent-based simulation aims to model the behavior of individual components or agents to understand their 
interactions and how they collectively contribute to the overall system. For example, the famous Cellular Automata [146] 
is comprised of discrete cells, each following a set of rules based on their neighboring cells. The simulations based on 
setting rules for each individual can often showcase emergent behaviors, where complex patterns arise from simple inter-
actions between individual components. Since it is general, agent-based simulation is extensively used in various fields, 
such as biology [9], ecology [102], sociology [98], etc., to model systems where individual entities influence collective 
behavior.

The early attempts at agent-based simulation [27,133] used some simple rules or formulas to guide how each 
individual behaved when faced with environmental change, which is easy to implement but makes it hard to capture 
complex individual behaviors accurately. After that, with the development of neural networks, for those individual deci-
sion factors that the simple rules cannot well capture, the neural networks are leveraged [47,55]. Furthermore, recent 
works tend to deploy reinforcement learning-based agents [181], for which each individual’s goal in the simulation is to 
maximize the reward.
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However, these agents are limited since they are not autonomous and require human-defined goals or rules, which 
motivates the large language model-driven agents. In this paper, we present the UGI system, one of the main goals of 
which is to deploy large language model-based agents to simulate the complex dynamics of the city and further support 
various applications such as decision-making, etc. The large language model agents are the up-to-date solution for agent-
based modeling and simulation for the complex city system.

3.  Architecture of urban generative intelligence platform

Here, we present the overall architecture of our proposed Urban Generative Intelligence (UGI) platform (see Fig 2). The 
key idea is to assemble the powerful city simulator, urban knowledge graphs and various data streams as an open digital 
infrastructure. More importantly, the infrastructure will provide a standard language interface that enables the easy plugin 
of large language models and generative agents. It allows the generative intelligent models to conveniently access the 
computation power and factual knowledge in digital infrastructure, test strategies in various simulated scenarios and learn 
to evolve based on the feedback. Consequently, these empowered generative models will facilitate various downstream 
urban applications. The key components of the presented architecture are elaborated as follows:

Open Digital Infrastructure: This component aims to provide a backbone system that integrates the data science 
resources and computational tools designed for urban problems. Specifically, it accesses various data streams in urban 
systems to collect massive spatial-temporal data of empirical urban activities, covering the aspects of spatial layout (e.g., 
points-of-interest and areas-of-interest), infrastructure distribution (e.g., road network and subway network), human 
behaviour (e.g., individual movements and collective mobility flows) and urban dynamics (e.g., traffic jams). These rich 
datasets are fed into a powerful city simulator, Mirage [173], which can simulate the complex interactions between human, 
thing and space in an efficient and extensible manner. On top of the empirical observational data, this module can simu-
late various hypothetical scenarios efficiently, providing diverse environment to host intelligent agents. Besides, UrbanKG 
module [93] fuses various data streams and extracts factual knowledge, such as the spatial relation like “border by” and 

Fig 2.  Architecture of the foundational platform for urban generative intelligence.

https://doi.org/10.1371/journal.pcsy.0000093.g002

https://doi.org/10.1371/journal.pcsy.0000093.g002
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semantic relation like “category of”. UrbanKG provides the functions of construction, storage, and basic operations and 
algorithms of factual knowledge, which can facilitate easy access in generative intelligence models.

Language Interface: We design a standardized language interface to fully release the power of open digital infrastruc-
ture. City simulator, UrbanKG and diverse data sources used to be difficult to access. They often require customized 
algorithms to configure city simulator, retrieve factual knowledge from UrbanKG and integrate various data sources. Such 
obstacles limit their application in downstream tasks, and make their power inaccessible to advanced AI models. In our 
architecture, we design a user-friendly language interface to fully unleash the potential of the open digital infrastructure. It 
uses predefined natural language protocol to allow large language models and generative agents to conveniently lever-
age the computation power of city simulator and access factual knowledge from UrbanKG. The standardized language 
interface reduces the barrier of developing language model-driven agents on top of the open digital infrastructure, which 
hopefully will foster the proliferation of generative urban agents.

Generative Intelligence: On top of the language interface, we propose to use a foundation model pre-trained for urban 
problems, CityGPT [49]. Specifically, CityGPT is a pre-trained large language model that encodes local urban knowledge 
via the language interface. It effectively leverages the reasoning capability and common sense in large language model, 
and greatly reinforced for specialized local urban problems. Empowered by this powerful city foundation model, we will 
design a series of generative agents in the dimensions of urban mobility, economy, community and society. These agents 
not only are capable of high quality decision making in various scenarios, but also can enable realistic agent-based sim-
ulations. Such agents combined with CityGPT will release the power of generative intelligence to solve various important 
urban problems, such as urban planning, climate adaptation, inequality reduction, etc.

4.  Generative agents

4.1.  General framework for generative city agents

Here, we present a general framework for embodied generative agents in urban space (see Fig 3). This framework lever-
ages generative foundation model as intelligence core, and it is built upon the open digital infrastructure of city simulator 
and UrbanKG knowledge graph. Following embodied cognition hypothesis [145], this framework allows generative agents 
to harness the realistic embodied feedback provided by the digital infrastructure and evolve its intelligence in simulated 
urban environment. Specifically, the autonomous agents under this framework have the Mental States components of 
memory, persona and preference. The memory component stores the history of past behaivour and interactions, persona 

Fig 3.  A general framework for embodied generative agents in urban space.

https://doi.org/10.1371/journal.pcsy.0000093.g003

https://doi.org/10.1371/journal.pcsy.0000093.g003
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component assigns the agents a specific profile to leverage the role play capability of language model, and preference 
component allows personalizing the agents with high-level language description. These LLM agents use city foundation 
model (such as CityGPT [49], UrbanGPT [89]) as its generative intelligence core, which can comprehensively model the 
internal Mental States and external Interactions to generate appropriate behaviours. The proposed framework aims to 
provide a unified conceptual blueprint for most generative city agents, and provide enough flexibility for customization in 
various applications.

One key element of generative city agents is the Interaction components, including the perceive module that senses 
the simulated urban environment; act module that registers behaviours or status changes in city simulator; and communi-
cate module to exchange information with other agents.

These components will allow generative city agents to ground their reasoning and action on reliable City Simulators 
and Urban Knowledge Graphs. On one hand, LLMs excel at understanding multi-modal context, enabling rich conversa-
tions and simulating human-like decision-making, but they also exhibit certain unreliability when performing more complex 
or specialized tasks. Their behavior can be inconsistent and error-prone when faced with highly specific urban scenarios. 
On the other hand, City simulators and Urban Knowledge Graphs offer efficiency, accuracy, and simplicity in modeling 
urban environments and dynamics. However, these tools lack the flexibility and versatility offered by LLMs. These Interac-
tion components enable generative city agents to grouded on city simulators and UrbanKGs through a natural language 
interface like Model Context Protocol(MCP) [67], allowing them to invoke simulators as tools. NLI improves the efficiency 
and accuracy of LLM agents. This integration facilitates the construction of a more robust and scalable urban simulation 
platform to support complex urban tasks. Through this synergy, LLMs can leverage specialized simulators for data-driven 
decision-making, while simulators benefit from the flexibility offered by LLMs, taking a significant step toward creating a 
foundational platform for generative urban intelligence.

To better illustrate our framework, we provide several concrete agent designs as below, focusing on two major catego-
ries of urban problems, i.e., simulating urban phenomena and informing complex decision making.

4.2.  Simulation Agent: Generating individual and collective behaviour

Complex urban phenomena are driven by the spatiotemporal agglomeration of micro activities in physical, economic and 
social domains. Understanding the underlying micro mechanisms and the emergence process plays an important role in 
modeling and managing urban systems, necessitating the simulation of complex urban phenomena with micro autono-
mous agents. Here, we present three design examples of embodied agents under the proposed general framework, which 
are customized for the simulation of the basic urban activities in physical, economic and social domains, respectively.

Physical mobility This agent aims to simulate individual activities and movements within urban environments, with the 
objective of creating trajectories that mirror real-life patterns. In addition to generate logical individual mobility behavior, we 
also want to reproduce the statistical distribution of collective movements by simulating a population of these agents, such 
as reproducing the daily number of commuters between two locations. Traditional simulation models often use simplified 
rules to guide agent’s mobility behaviour, but they lack depth in understanding the rich semantic in urban mobility, such as 
the function of a specific place and characteristics of diverse demographic profile. The generative intelligence in city foun-
dation model offers a promising alternative. It excels in common sense reasoning and has deep knowledge of the local 
environment. These features equip simulation agents with accurate prior of social norms and human behaviour patterns, 
contributing to more plausible simulation outcomes. Besides, the flexibility of language models, particularly through their 
prompt-based mechanism, enables more logical and realistic reasoning in behavior simulation.

One recent work found the Theory of Planned Behaviour [7] can be leveraged for simulating human mobility behaviour 
and proposed an agentic workflow, called Chain-of-Planned-Behaviour (CoPB) [126]. Specifically, CoPB imitates human 
cognitive process to generate the factors of attitude, subjective norm, and perceived behaviour control that govern the 
intention of human mobility. The designed agent will simulate human mobility behaviour as a step-by-step reasoning 
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process that comprehensively consider all three factors. The attitude factor will generate the personal preference for each 
mobility intention, while the perceived behaviour control factor will evaluate its feasibility given the dynamic context. The 
subjective norm factor will generate a routine for each agent based on its profile, such as the work schedule, serving as 
the anchor points of its daily life. The reasoning core is prompted to avoid violation with these anchor points during gener-
ation. Such agent designs allow the simulation of realistic, personalized and coherent urban mobility behaivours, Besides, 
the ability to reason human mobility intention can also be beneficial to predict future mobility behaviour [87]. These agents 
unleash the reasoning power of LLM for the most essential micro urban activities in physical domains, reflecting the inter-
actions between urban dwellers and the access of various urban resources.

Economy activity:For the economy, agent-based modeling and simulation is a promising solution for understanding 
and predicting the dynamics of economic systems [47]. Specifically, when predicting economic indicators such as GDP, 
unemployment rate, etc., Traditional methods, such as econometrics [129], cannot handle some complex real-world 
scenarios. For example, for one of the most famous econometrics methods, Dynamic Stochastic General Equilibrium 
(DGSE) [63], sometimes there is no feasible solution for the equilibrium. That is, the agent-based simulation can construct 
multiple heterogeneous agents to describe each user in the ecosystem and then define what kind of economic behaviors 
the agents can have. The major objective of the agent-based simulation in the economy is to observe both the emerging 
phenomenon from the perspective of macroeconomics and behavioral economics, which can regarded as an environment 
to support theory validation and decision-making. To construct the economic agents, one recent work [84] adopted the 
well-acknowledged simulation mechanism with four components: labor, consumption, financial markets, and government 
taxation, covering the primary components of existing macroeconomic simulations. The agent is deployed to simulate the 
two most critical decisions the real human will make in real life: going to work (earning money) and consumption (spend-
ing money). The government agents decide the tax policy, and the bank agents adjust interest rates based on market 
inflation or deflation. From the macroscopic perspective, the system can observe the dynamics of overall labor and con-
sumption markets.

Social interaction: Human social behaviors can also be simulated with large language modelempowered agents. 
Specifically, the social agents require human-like abilities in social behaviors, i.e., interacting with other individuals in the 
city system. For social activities, there are both online and offline social networks, i.e., the communication can occur in 
both online social networks or just via chatting in a room. The social agent simulation mainly focuses on how information 
propagates on the social network and its further impact on the individuals. That is, the LLM-driven agent can first shape 
their social awareness, i.e., distinguishing the friends and other individuals and distinguishing different social-tie strengths. 
The agents can further make their own daily schedule autonomously in the city environment, which further leads to social 
activities, yielding interaction between different agents, including chatting, cooperation, or even conflicts. Last, the online 
social network, which is not restricted by the physical space, also provides the environment for social activities. The 
agents can post new content or propagate content of the other users. Despite the behavior itself, the internal charac-
teristics, including the emotion and attitude of the agent, are also contained in the memory and mechanism of the large 
language model-based social agents. Overall speaking, the simulation can be evaluated from both individual-level and 
population-level perspectives. Regarding individual-level simulation, the aim is to generate social behaviors, attitudes, and 
emotions by leveraging user characteristics and the informational context within social networks. In the social simulation 
system S3 [54] built based on the UGI framework, the social agents can accurately simulate the propagation process of 
information, attitude, and emotion on two representative events about nuclear energy and gender discrimination. To sum-
marize, the UGI system provides a good platform to support understanding and simulate social behaviors, including the 
emerged social phenomenon.

4.3.  Decision Making Agent: Task solving and personal assistance

We present the design cases of decision-making agents in the following two scenarios.
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Location recommendation: Location recommendation is one kind of new infrastructure in the area of information over-
load. That is, there are too many points of interest (locations) in the city environment, and the individual living there finds 
it hard to determine where to visit to meet the demands. Furthermore, each individual may have his/her own preferences 
and interests, which motivates the construction of personalized assistants based on large language model-empowered 
agents. We propose to build LLM-driven agents for location recommendation based on the LLM’s strong ability to under-
stand both user preferences and decision-making. Such agents can extract critical information from the profile, attributes, 
and other basic information for a given user. In other words, the LLM agent can be a personal assistant with essential 
information about the user. Besides, the agent will be good at planning and scheduling based on the city environment’s 
feedback. Specifically, it is always challenging for a human to directly query or search for locations for visitation since the 
searching or filtering process will be faced with abundant data and information. To address it, the agent can organize the 
output of the traditional search and recommendation engines well and even adjust the engine if the results cannot meet 
the requirements. Last, the agent can communicate well with the user, understand the user’s new and instant feed-
back, and provide textual explanations for recommendation results based on the users’ historical behaviors, personal 
demands, or spatial-temporal context. Under the UGI framework, the LLM-based agents will have three major abilities, 
including 1) understanding the mixed and complex user intents, 2) detecting the user profiles and interests based on 
historical data and then adjusting recommendations, and 3) identifying the improper user demands given the real-world 
city environment.

Schedule planning: Effective schedule planning is crucial for efficient daily activity management. Traditional methods, 
often relying on shortest path algorithms [45], provide time-saving solutions but lack personalization and flexibility. They 
fail to account for user-specific preferences and cannot dynamically adapt to evolving or abstract requirements, potentially 
leading to suboptimal scheduling and conflicts. To overcome these limitations, we propose to design an LLM-driven agent 
to help users make high quality decisions for nuanced schedule planning. This agent leverages CityGPT capabilities, inte-
grating common-sense knowledge to contextualize tasks and offering logical, user-centric planning solutions. Its natural 
language interface ensures a seamless, intuitive human-computer interaction, significantly enhancing the user experience.

The proposed agent comprises several key components. Upon receiving user’s schedule input, the agent will use 
the comprehension and reasoning skills of its generative intelligence core to formulate optimal schedule. It will respect 
the fixed commitments specified by users while accommodating preferences and time constraints. The memory module 
continuously integrates new information, facilitating dynamic adjustments. Through its interfaces for perceive and commu-
nicate, the agent evaluates the feasibility of plans, considering travel time and proximity. It finalizes the schedule with the 
user preference inferred from persona module, ensuring logical coherence and user satisfaction. This approach rep-
resents a significant advancement in personalized schedule planning, harnessing foundation model’s deep understanding 
and reasoning for more tailored and efficient daily organization. The design of schedule planning agent represents the 
basic decision making capability in urban daily life, which can also serve as a useful personal assistance that continuously 
learns user preference and evolves with urban environment.

5.  Enabled urban applications

In this Section, we take several typical examples to discuss how our proposed UGI foundation platform enables to deal 
with complicated urban tasks and issues from four important urban systems of transportation, business, economy, and 
society.

5.1.  Transportation system

Travel surveys have long been a cornerstone in transportation research, providing indispensable insights into travel 
behaviors and patterns. These surveys inform urban planning, infrastructure development, and transportation pol-
icy, aiding in the creation of more efficient and user-centric transport systems. However, traditional travel surveys, 
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such as household travel surveys and on-board transit surveys, come with significant challenges. They are often 
expensive and time-consuming to conduct, involving face-to-face interviews, manual data collection, and extensive 
processing [131]. Additionally, the data collected may not adequately capture rapid shifts in travel behavior due to 
its infrequent nature [117]. Recent advancements in technology have led to the exploration of data science research 
in human mobility [59]. Researchers leverage the increasingly available mobility data to identify the universal rules 
in human mobility [130], and design rule-based generator of urban mobility behaviour [71]. This shift is significant 
as it promises to overcome the limitations of traditional surveys, offering real-time data collection and analysis 
capabilities.

However, the classic rule-based mobility generator model, such as TimeGeo [71], leverages simplified statistics rules 
to simulate individual movements between several frequent locations like home, work, and other. However, they lack a 
in-depth understanding of mobility intent and user profiles, and hence the travel behaviour they generate are not realis-
tic and diverse. LLM-based generative agents bring about important opportunities. The reasoning capability of language 
model possesses not only robust comprehension capabilities for commonsense, but also could make high quality rea-
soning based on contextual information. For example, our recent study shows LLM agents can navigate in complex 
urban environment based on goal description and street view images [170]. In this paper, we describe a generative 
agent for physical mobility behaviour, which can generate realistic and intention-aware travel behaviour. Such genera-
tive model will provide an important opportunity for high-quality and efficient alternative for travel survey. In addition, the 
Chain-of-PlannedBehavior (CoPB) workflow [126] integrates the powerful reasoning capabilities of LLMs with the Theory 
of Planned Behavior (TPB) to substantially improve the inference of next-step movement intentions. By incorporating key 
cognitive constructs from TPB—such as attitudes, subjective norms, and perceived behavioral control—CoPB enables 
LLMs to generate more accurate behavioral predictions. Compared with conventional LLM-based generation methods, 
CoPB markedly reduces the error rate in travel intention inference. Furthermore, when combined with a gravity model that 
maps intentions to physical movements in real space, it produces travel trajectories that align more closely with observed 
geographical patterns.

5.2.  Business Intelligence

Business site selection plays a key role in the interdisciplinary areas of urban planning, economic growth, and social 
development. Traditional site selection methods, often reliant on expert consultants and manual surveys, are resource-
intensive and time expensive [24,78,111]. In contrast, research interests have shifted towards a data-driven paradigm, 
employing machine learning models fed with diverse urban data to evaluate potential sites [73,85,92,153]. These models, 
however, often lack comprehensive feature representation and logical reasoning in their analysis [160]. Recent advance-
ments have introduced knowledge graphs in business site selection, integrating multifaceted data into a graph structure 
for enhanced knowledge representation without complex feature engineering [70,94]. Despite their potential, knowledge 
graphs face challenges in assimilating varied urban data, refining knowledge for different factors, and ensuring interpret-
ability in decision-making. LLMs have emerged as a promising tool, capable of automating text-related tasks with exten-
sive domain knowledge, advanced language generation abilities, and efficient data processing [29,144]. Their application 
in business site selection offers capabilities like comprehensive information retrieval and real-time decision support. 
However, LLMs often struggle with accurately recalling facts in knowledge-based content generation [156]. Here, we 
propose to address these gaps with an integrated intelligent site selection model. It combines the structured knowledge of 
knowledge graphs with the common-sense reasoning powers of LLMs, which is particularly enhanced for urban problems 
in CityGPT. Utilizing algorithms of reasoning on knowledge graph, this model is designed to deliver precise site selection 
results with enhanced decision-making quality, clear interpretations and improved efficiency and breadth. Therefore, we 
can leverage city foundation model to unleash the power in urban knowledge graph and various empirical data to trans-
form business site selection.
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5.3.  Urban economy system

Agent-based modeling and simulation are of great importance for the research of the economy due to the limitations of 
other approaches. Early empirical statistical models, such as the Phelps Model [110] highlighted in the pioneering works 
of Hendry [64], delved into data-driven analyses of macroeconomic phenomena. These models unraveled relationships 
among pivotal variables. Kydland and Prescott [80] crafted a computational model geared toward predicting policy out-
comes. Later, the advent of Dynamic Stochastic General Equilibrium (DSGE) models [38] aimed to encapsulate the 
dynamics of diverse economic variables like output, inflation, consumption, and investment, while accommodating the 
inherent uncertainty and randomness within economic processes. However, as pointed out by Farmer [47], these models 
operate under the assumption of a perfect world, which motivates agent-based modeling and simulation for the economy. 
That is, the LLM-based economic simulation based on our system can be an environment to deploy various relevant 
applications.

This simulation offers an ideal platform to scrutinize and emulate complex macroeconomic behaviors. By leveraging the 
interplay of diverse agents and institutions, the model can elucidate emergent behaviors, market dynamics, and the ripple 
effects of economic decisions. Understanding these behaviors is crucial for forecasting economic trends and devising 
resilient strategies in response to varying scenarios. Through this simulation framework, the intricate landscape of mac-
roeconomic activities can be explored comprehensively. From trade dynamics and investment patterns to consumption 
trends and labor market behaviors, the model provides a simulated environment to examine and evaluate diverse eco-
nomic activities. This simulation serves as an invaluable tool for policymakers to test and assess the efficacy of different 
policy interventions in a controlled environment. By simulating policy scenarios and their potential impacts on various 
economic indicators, policymakers can fine-tune strategies, evaluate trade-offs, and anticipate unintended consequences 
before implementation. This proactive approach to policymaking helps in devising robust, adaptive policies conducive to 
sustainable economic growth.

EconAgent [83] serves as a representative example. It leverages LLMs to conduct experiments within a constructed 
macroeconomic simulation environment that encompasses labor markets, consumer markets, financial markets, and 
government taxation. Within this framework, many classic economic phenomena naturally emerge, including consumer 
market inflation, labor market unemployment, and income dynamics under taxation and redistribution mechanisms. 
Compared with traditional rule-based or neural network–based agents, EconAgent produces more realistic macroeco-
nomic behaviors. Experimental results further demonstrate its capacity to reproduce patterns consistent with established 
economic laws and to exhibit human-like decision-making, such as sensitivity to unemployment, wage fluctuations, and 
market shortages.

In essence, our system’s LLM-based economic simulation platform offers a versatile and robust framework for investi-
gating, understanding, and shaping macroeconomic behavior, activities, and policy outcomes.

5.4.  Urban society

Understanding our society is the core of social sciences, for which the proposal and validation of theory highly relies on 
social experiments. Due to the high cost of real-world social experiments, the simulation is a very promising approach. 
There are two key perspectives in social simulation, as outlined by Gilbert [57]: 1) the dynamic interaction among individ-
uals, and 2) the status evolving of the population. By simulating social activities, both researchers and practitioners gain 
the ability to forecast the future progression of individual behaviors and the overall status of populations. Moreover, these 
simulations provide experimental arenas where interventions can be implemented and their effects observed.

Numerous studies have empirically validated the simulation of urban societies in real-world contexts, including 
OpenCity [155], AgentSociety [112], YuLan-OneSim [139], and OASIS [158]. OpenCity leverages six global cities as case 
studies to assess the realism of LLM agents in simulating urban mobility and daily activities. AgentSociety conducts four 
types of social experiments—political polarization, the spread of inflammatory messages, universal basic income (UBI), 



PLOS Complex Systems | https://doi.org/10.1371/journal.pcsy.0000093  March 13, 2026 15 / 26

and external shocks such as hurricanes. These experiments not only replicate well-documented social phenomena but 
also align closely with findings from real-world surveys, interviews, and in-tervention studies, thereby demonstrating the 
realism and interpretability of LLM-powered social simulators. YuLan-OneSim offers a library of 50 default scenarios 
spanning eight domains, including economics, sociology, political science, and psychology. Its evaluation encompasses 
both the validation of established social theories (e.g., the theory of planned behavior and social capital theory) and the 
fitting of simulated outcomes to real-world data, confirming the system’s ability to generate trends consistent with empirical 
observations. OASIS models various social phenomena on platforms such as X and Reddit, including information diffu-
sion, group polarization, and herd effects. Experiments show that its results reliably reproduce actual societal dynamics, 
such as patterns of information spread and the differentiation of public opinion.

The applications supported by our system and agents can be summarized as follows.The simulation system, along with 
the LLM-driven agents, enables a deep dive into individual behaviors within social contexts. By emulating these behaviors, 
researchers and practitioners can forecast and comprehend how individual actions are driven by internal mechanisms 
and external contexts or factors. Beyond individual behaviors, the system facilitates the prediction of broader popula-
tion dynamics. It offers insights into how collective behaviors, trends, and group interactions evolve over time, aiding in 
anticipating societal shifts and trends. The simulation serves as an experimental ground for testing interventions in sim-
ulated social environments. Researchers and practitioners can implement and study the impact of various interventions, 
policies, or changes within these controlled settings, providing crucial insights into potential real-world outcomes. Thus, 
policymakers can develop and evaluate policies in a simulated societal landscape. By testing proposed policies virtually, 
they can assess their potential effects and fine-tune strategies before real-world deployment. In the real-world scenario, 
emergency-related data is always sparse, which leads to the challenge of risk prevention. By exploring different potential 
outcomes based on varying parameters, the government can prepare strategies to mitigate risks and adapt to changing 
circumstances, supported by the simulation system and LLM-driven agents in simulated society.

6.  Implementation, ethics, and governance of urban generative intelligence

6.1.  Practical implementation strategies and challenges

The implementation of an Urban Generative Intelligence platform requires a systematic approach to integrating diverse data 
sources, simulation environments, and large language models. We identify three critical aspects of the implementation process:

•	 Data Access and Standardization: The foundation of UGI lies in the seamless integration of the Urban Knowledge 
Graph, which must encompass data from multiple domains, such as transportation, energy, health, and demographics. 
To ensure interoperability, the use of standardized ontologies and data exchange protocols is crucial. We propose a pro-
cess that begins by harmonizing raw data into the UrbanKG schema, followed by the linking of this data to simulation-
ready datasets through automated preprocessing.

•	 Simulation Environment Configuration: Dynamic, multimodal representations of urban systems can be constructed 
using advanced scenario configuration tools, such as Mirage Environment. By aligning UrbanKG entities with simulation 
objects and processes, Mirage enables flexible experimentation under various urban conditions, including transportation 
disruptions, disaster responses, and policy interventions.

•	 LLM Interface Deployment: The large language model (LLM) serves as an intermediary between the CityGPT agent, 
the UrbanKG, and the simulator, utilizing a natural language interface such as the MCP protocol. Through structured 
prompts and API-based tool usage, the LLM can query data, generate hypotheses, and perform simulation operations. 
This modular architecture reduces system complexity while enhancing scalability and user accessibility.

Despite these opportunities, several technical challenges persist. Urban simulation and decision support systems often 
require real-time processing and feedback for timely responses. However, UGI systems involve extensive computational 
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tasks, necessitating the processing of large volumes of data and the execution of complex simulation operations, all of 
which demand significant computing power. For LLMs, this computational requirement can grow exponentially. Addition-
ally, the substantial computing load can lead to high latency. Furthermore, the data used in UGI systems is often hetero-
geneous, coming from various sources and formats, including structured data (e.g., traffic flow, energy consumption), 
semi-structured data (e.g., social media and news), and unstructured data (e.g., images and videos). This diversity in data 
types presents significant challenges. Effectively integrating, transforming, and utilizing this heterogeneous data remains a 
key obstacle to the implementation of smart city simulations and decision support systems.

6.2.  Ethics, Privacy, and Social Impacts

The deployment of Urban Generative Intelligence platforms presents several ethical and social challenges. Urban data 
often includes sensitive information, such as travel trajectories, health indicators, and socioeconomic attributes. Without 
adequate protections, this data could expose individuals or vulnerable groups to surveillance or misuse. To mitigate these 
risks while preserving analytical utility, we recommend the use of techniques such as differential privacy, federated learn-
ing, and robust access control mechanisms. Furthermore, agents powered by LLMs are vulnerable to algorithmic bias, 
which can lead to unjust outcomes when simulating urban scenarios. For example, generative agents might inadvertently 
reinforce stereotypes or misrepresent the preferences of marginalized groups. To address this, we propose the integra-
tion of fairness-aware learning objectives, multi stakeholder evaluation processes, and continuous bias audits into urban 
governance workflows. The legitimacy of AI-enabled urban governance hinges on citizen trust and active participation. 
Thus, transparent communication, explainable agent decisions, and participatory modeling workshops involving commu-
nity stakeholders are essential for fostering social acceptance and ensuring equitable outcomes. In the digital age, urban 
resilience depends on the adaptability of information systems and the inclusiveness of governance frameworks. [3,4], 
These findings resonate with our design philosophy for a UGI platform that considers generative agents as participatory 
tools rather than autonomous decision-makers to enhance human-centered urban planning. [5]

Social experiments have shown that the performance of LLMs simulated with actual results is strongly correlated 
(r = 0.85), even exceeding human performance [65]. Leveraging the cognitive constructs of attitude, subjective norm, 
and perceived behavioral control in the TPB, COPB significantly enhances the ability of LLMS to reason about next-
step movement intentions [126]. Specifically, COPB effectively reduces the error rate of mobility intentions from 57.8% 
to 19.4%. While synthetic urban data generated by LLM agents is highly scalable, its epistemic value—specifically, how 
well it mirrors real-world human behavior—remains a subject of debate [135]. Agents may exhibit behaviors that appear 
reasonable but are ineffective, particularly in complex sociocultural contexts. Without proper validation or calibration 
using empirical data, synthetic outputs risk reinforcing simulation-driven misconceptions rather than contributing to 
evidence-based policy. We advocate for the cautious use of synthetic data and call for further research and attention in 
the future.

6.3  Policy Framework and Governance Model

For Urban Generative Intelligence to be effective, it requires a supportive institutional and policy environment. Currently, 
urban governance is fragmented across various institutions, making cross-sector coordination challenging. To address 
this, we recommend aligning urban governance frameworks with existing smart city strategies and national AI governance 
policies to ensure compliance while fostering innovation. Drawing inspiration from regulatory sandboxes in sectors like 
fintech and healthcare, we propose the creation of policy sandboxes for urban AI. These sandboxes would provide a 
controlled environment for testing new UGI applications, with limited scope and regulatory oversight. This approach allows 
regulators to observe potential risks in practice while encouraging experimentation and innovation. Urban intelligence 
should not be viewed as a unilateral responsibility of the government; rather, it must be developed collaboratively by gov-
ernment agencies, private enterprises, research institutions, and civil society. We advocate for a polycentric governance 
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model, where responsibilities are decentralized and adaptable, ensuring both accountability and inclusiveness in the 
deployment of urban smart systems.

7.  Discussion

7.1.  Dive into complicated urban issues

Urban environments are dynamic and multifaceted, which are increasingly confronted with a myriad of complex issues stem-
ming from their intricate networks encompassing physical, social, economic, and environmental factors. As mentioned in the 
Introduction, the rapid urbanization exacerbates challenges like traffic congestion, environmental pollution, resource scarcity, 
and infrastructure strain, alongside socio-economic issues like social inequality and housing crises. Addressing these issues 
is crucial for sustainable, equitable urban development and maintaining the vitality of cities in a global context.

To navigate these complexities, our proposed foudation platform of Urban Generative Intelligence(UGI) can foster 
emergent and sophisticated urban solutions. By leveraging the multi-source urban data and creating a real urban environ-
ment for interaction beyond traditional sandboxes or virtual simulations, with the LLM-empowered embodied agents, UGI 
enables deep, context-aware insights, offering nuanced understandings of urban dynamics. Morevoer, UGI allows for the 
emergence of intelligent solutions, which is able to address complex urban issues through advanced cognitive capabilities 
similar to human intelligence, while with the power of computational intelligence.

While UGI holds promise in tackling urban complexities, several challenges necessitate further exploration. Bridging 
the gap between advanced technological capabilities and practical, real-world urban applications remains a crucial hurdle. 
This includes adapting UGI to rapidly evolving urban dynamics and policy landscapes. Moreover, there is a pressing need 
to develop advanced embodied agent for a more nuanced, systematic understanding of urban complexities, integrating 
the diverse social, economic, and environmental aspects of urban life. Additionally, adapting these solutions to the escalat-
ing challenges of rapid urbanization and climate change is vital for ensuring sustainable and resilient urban development. 
Addressing these problems is critical for the successful implementation and evolution of UGI, making it a truly transforma-
tive tool for urban problem-solving.

7.2.  Scale up to large city

Recent advancements in LLMs have opened new frontiers in simulating complex urban systems. Studies reveal that LLM 
agents, when personalized with diverse roles such as executives, engineers, and designers, can synergistically solve 
complex tasks like software development, making significant strides in designing, coding, testing, and documentation 
processes [113]. The scalability of these simulations, introducing more varied personas, has been shown to be beneficial 
across various domains [192], which are particularly of simulating large urban systems.

However, simulating societies of large-scale LLM agent, reflecting the complex constraints in urban environments, 
faces substantial computational challenges. Research efforts are geared towards optimizing the memory footprint and 
operational efficiencies of these models [8,127]. Techniques like model compression through knowledge distillation and 
quantization have been proposed [79,191]. Specifically, in urban simulations, batch prompting has emerged as a crucial 
technique, enhancing efficiency by simulating multiple agents concurrently, showing up to a 5x improvement in inference 
time and cost [36]. AgentTorch [37] leverages simple LLM archetypes shared across a population to scale up the simu-
lation of simple behaviors. Moreover, the MetaGPT framework, initially applied in virtual software companies, presents a 
promising approach for efficient multi-agent collaboration in urban simulations [66]. Its shared message pool and subscrip-
tion mechanism offer significant reductions in resource consumption. Despite these advancements, simulating expansive 
urban societies with LLM agents remains a formidable challenge, limiting the full potential of these simulations. Success-
fully simulating large-scale urban environments with LLM agents could not only enhance performance in specific tasks but 
also mimic emergent properties of human societies, offering insights into complex urban dynamics [31]. Thus, achieving 
full-process acceleration in LLM agent simulations remains a critical, yet unresolved, task in urban science.
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7.3.  Openness of the environment

As a foundational platform that integrates advanced technologies such as big data, simulation, and LLMs, UGI’s capabili-
ties are not limited to providing realistic urban environments. With UGI’s open capabilities, users can transform their envi-
ronments at will based on real cities, or even create a new city. Specifically, users can adjust AOI, POI and other data to 
change the urban spatial structure, land use type, so as to change the spatial distribution of urban functions. Based on the 
new urban spatial structure and functional distribution, users can use existing algorithms [120,121,166,168] to generate 
urban human activities under new conditions. Users are also allowed to create human activities using their own algorithms 
or data sources. Besides, the city’s road network, infrastructure networks, and even the image data, are all open and allow 
users to make any modifications on the copy that belongs to them. Through the openness of the environment, we hope 
that UGI will not only be used to build LLM-based agents in the city, but also that it will be able to provide a full range of 
intelligence for the planning, design, and governance of future cities, and promote multidisciplinary paradigm innovation in 
the urban field.

7.4.  Developer community

As a topic that integrates the latest achievements in big data, urban simulation, LLMs and other fields, the development 
of UGI requires the collaboration of researchers and developers in multiple fields. This requires the establishment of a 
multi-disciplinary collaborative UGI developer community. In the community, researchers in the field of big data can share 
their data sets, data processing methods, and data generation methods to provide high-quality data streams for UGI. 
People interested in urban simulation can add new functions to the open infrastructure, improve its computing perfor-
mance, and design more reasonable interfaces. Large language model researchers can provide insights for the training 
of CityGPT. Researchers in urban-related fields, such as urban planning, traffic management, economics, etc., can build 
their own agents that solve domain-specific problems through programming or natural language interface. The commu-
nity will be a highly interdisciplinary community that will inspire many interesting ideas and research questions, help solve 
urban problems, and achieve smart and sustainable urban development.

7.5.  Future outlook

The UGI platform serves as a foundational step in integrating LLMs with urban simulation environments. Its long-term 
vision is closely linked to the advancing capabilities of generative AI and digital twin technologies. We outline a three-
phase roadmap that distinguishes current achievements, near-term potential, and long-term aspirations.

At present, UGI facilitates the deployment of LLM agents capable of basic conversational interaction and rule-based 
reasoning within simulated urban environments. These agents can access and interpret structured data from urban simu-
lators like Mirage and perform simple query tasks using our urban knowledge graph, UrbanKG. The system currently sup-
ports use cases such as location recommendations, mobility behavior simulation, and policy scenario exploration, though 
these applications are limited by contextual depth and short-term memory.

In the near future, we anticipate substantial advancements in both agent intelligence and environmental fidelity. As AI 
evolves, agents will become more capable, enhancing UGI’s simulation abilities. Additionally, micro-agent behaviors will 
be more closely integrated with macro-city dynamics, allowing for more accurate feedback loops and the modeling of 
emergent behaviors. UGI is steadily progressing toward dynamic, adaptive urban ecosystems that can respond in real 
time to human inputs and environmental changes.

Looking further ahead, we envision UGI autonomously developing intelligent agents that can continuously learn and 
adapt within urban environments. These systems will evolve into high-resolution, real-time digital replicas of entire cities, 
simulating not just physical infrastructure but also social, economic, and ecological systems. These digital twins will serve 
as platforms for policy experimentation, disaster response training, and long-term urban forecasting. They will support 
comprehensive urban governance, enabling cross-sector optimization and resilient planning under uncertainty.
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8.  Conclusion

In conclusion, we propose an Urban Generative Intelligence (UGI) platform for modeling complex urban system, bridging 
the gap between cutting-edge technological capabilities and practical urban system applications. By integrating LLMs with 
urban data and digital twins, UGI provides a nuanced, dynamic platform for the development and deployment of embodied 
urban agents with human-level intelligence. This foundational platform not only propels forward the field of urban science 
but also sets new paradigm of generative intelligence in urban space. UGI’s comprehensive approach to modeling com-
plex urban systems heralds a new era of intelligent, sustainable, and resilient urban development, paving the way for 
future cities that are more adaptive and responsive to the evolving needs of their inhabitants.
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