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Generative AI in urban science and practice
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Cities are changing faster than the tools used to understand them. A new 
generation of AI can now synthesize images, model aspects of human 
behavior and reason across heterogeneous data—capabilities that are 
beginning to reshape how researchers and practitioners observe, model and 
support decisions about urban life. Here, in this Review, we explore what 
these tools can genuinely offer, where the evidence is strong and where it 
remains thin. The answer depends less on technical novelty than on whether 
generative AI can be evaluated honestly, validated in context and deployed 
in ways that keep human judgment and accountability at the center.

Urban analytics has emerged as an interdisciplinary field concerned 
with understanding, modeling and shaping the form and functioning 
of cities. The discipline comprises two interconnected domains: urban 
science, which focuses on the systematic analysis of urban phenomena 
through hypothesis testing, data analysis and interpretation model­
ing1,2; and urban practice, which applies this knowledge to guide plan­
ning, design and governance3. Researchers have historically relied 
on rule- and mechanism-based generative frameworks—from shape 
grammars4 and pattern languages5 to agent-based simulations6—to 
simulate urban processes using explicit assumptions and rules7. How­
ever, because these approaches depend on fixed assumptions and 
handcrafted rules, their capacity to adapt to new data, represent hetero­
geneous urban contexts or keep pace with fast-changing contemporary 
environments remains limited8.

Recent advances in artificial intelligence (AI), combined with the 
rapid expansion of large-scale urban data, are reshaping how urban 
complexity is represented, inferred and acted upon. As illustrated 
in Fig. 1, much of this shift is driven by two categories of generative 
AI. The first comprises distribution-fitting generative models, such 
as generative adversarial networks (GANs)9 and diffusion models10, 
which learn statistical structure from high-dimensional data, ranging 

from satellite imagery to mobility traces, to generate plausible syn­
thetic outputs that augment sparse sensing coverage and scenario 
generation11. The second comprises foundation models, including 
large language models (LLMs), pretrained on broad corpora and 
refined through instruction tuning12,13, enabling instruction follow­
ing, tool use and multimodal reasoning. Together, these categories 
expand ‘generation’ beyond data synthesis towards workflows that  
support analysis, communication and decision support in urban  
science and practice14,15.

At the same time, deploying generative AI in urban environments 
introduces challenges that technical novelty alone cannot resolve. 
Distribution-fitting models can inherit and amplify biases in train­
ing data and often provide limited mechanistic interpretability8, and 
foundation models can be sensitive to prompting, weakly grounded 
in domain evidence, and difficult to validate16. In high-stakes settings 
such as disaster response or large-scale infrastructure planning, these 
limitations become governance risks, including hallucinated claims, 
opaque uncertainty and institutional burdens of accountability17. 
Responsible integration therefore requires task-specific evaluation, 
transparent data provenance and institutional safeguards that preserve 
human oversight.
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urban configurations, and cellular automata6 model spatial dynamics 
through local grid interactions, enabling interpretable simulations of 
urban growth. Their generative logic is manually encoded and tightly 
coupled to predefined design rules.

A second family comprises social and behavioral models. Gravity 
models25 generate spatial flows through interaction potentials and 
distance frictions, and discrete choice models26 formalize prefer­
ences over alternatives such as residential location or travel mode. 
Multi-agent systems7,27 extend these ideas by simulating heterogene­
ous agents whose interactions yield emergent phenomena such as 
segregation and neighborhood change, supporting counterfactual 
reasoning about policy levers.

Transport and environmental models form the remaining two 
families. Traffic flow and assignment models28,29 simulate conges­
tion dynamics and network-wide path distributions under explicit 
behavioral assumptions. Urban canopy models30 represent thermal 
exchanges between built form and atmosphere to support climate 
resilience analysis under interpretable physical parameterizations.

Collectively, these models offer mechanistic coherence and inter­
pretability. However, their reliance on fixed rules and limited observa­
tional inputs constrains their capacity to capture high-dimensional, 
implicit patterns in contemporary urban environments8. Crucially, this 
distinction also reframes what validation means: structural models  
are assessed through mechanistic coherence; distribution-fitting 
models require distributional fidelity and robustness under extrapola­
tion; and foundation models further introduce alignment, provenance 
and governance constraints that shape responsible use.

Conceptual framework for generative AI
The recent proliferation of urban big data has created a distinctive 
opportunity for modern generative AI. We organize this landscape 
into two categories that capture the dominant technical mechanisms 
and, importantly, imply different evaluation regimes: distribution-
fitting generative models, exemplified by GANs9 and diffusion models10,  
and foundation models, including LLMs13. Distribution-fitting models 
learn statistical structure from observed urban data and have been 
primarily applied to data augmentation, reconstruction and scenario 

These challenges are unfolding across multiple communities  
in parallel: remote sensing and geographic information systems  
(GIS) advancing geospatial AI (geoAI) for observation and spatial 
modeling18,19; urban science developing digital-twin pipelines for pre­
diction and scenario generation1,20; design and planning exploring 
generative interfaces for participatory prototyping21,22; and governance 
research examining accountability and legitimacy under high-stakes 
decisions23,24. These approaches are often discussed in isolation, even 
though they form a single end-to-end workflow from observation to 
explanation to action.

We therefore organize this Review around three interconnected 
domains of the urban workflow: urban sensing, urban modeling and 
urban decision-making (Fig. 1). Within each domain, we critically syn­
thesize how the two categories of generative AI are integrated, what 
problems they address and what constitutes credible evidence of  
reliability in urban settings, foregrounding evaluation under distri­
bution shift, reproducibility and governance implications. We first 
clarify how traditional structural models differ from modern probabil­
istic generation, then review each domain in turn, before synthesizing 
cross-cutting challenges and pathways forward. Broader sociopolitical 
urban scholarship that does not engage generative computational 
methods is outside the scope of this Review.

Traditional urban models with generative 
structure
To clarify the novelty of modern generative AI in urban analytics, it is 
essential to distinguish it from the long-standing use of ‘generative’ 
structure in urban modeling. We use structurally generative models 
to denote rule- and mechanism-based frameworks that produce urban 
patterns through explicit assumptions, equations or decision rules, 
rather than by learning high-dimensional data distributions4,7. Modern 
distribution-fitting models generate samples by fitting distributions, 
and foundation models produce conditional outputs by following 
instructions and leveraging broad pretrained representations. Four 
families of structurally generative models have shaped urban research.

The first concerns spatial form and layout. Shape grammars4 and 
pattern languages5 use hierarchical constraints to generate complex 
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Fig. 1 | A conceptual illustration of how generative AI enables new capabilities in urban science and practice. Two categories of generative AI—distribution-fitting 
generative models and foundation models—support tasks across urban sensing, modeling and decision-making, while raising evaluation and governance requirements 
that shape responsible use.
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generation; they are assessed through distributional fidelity and robust­
ness under extrapolation. Foundation models, pretrained on broad 
corpora and refined through instruction tuning12, learn transferable 
statistical representations across language, images and code; they 
further introduce alignment, provenance and governance constraints 
that shape responsible use. Together, these two categories span the 
predominant modes by which contemporary systems ‘generate’ in 
urban contexts: either by sampling from learned data distributions, 
or by producing conditional outputs that integrate heterogeneous 
evidence through prompted reasoning.

A central implication concerns the nature of the knowledge 
produced: what foundation models acquire through pretraining is 
best understood as broadly transferable statistical representations, 
rather than verified, theory-grounded knowledge. Consequently, 
their outputs should be interpreted as conditional hypotheses or 
scenarios, whose scientific value depends on grounding, validation 
and transparent provenance.

To connect these model categories to urban science and prac­
tice, we adopt a workflow view of urban inquiry in which observation, 
explanation and action are tightly coupled yet institutionally distinct  
(Fig. 1). Urban science must integrate heterogeneous measurements 
into coherent representations and testable explanations, whereas 
urban practice must translate evidence into decisions under con­
straints of legitimacy, equity and accountability. Generative AI increas­
ingly mediates both sides of this cycle: distribution-fitting models 
can enrich observations and simulate plausible counterfactuals, and 
foundation models are increasingly explored as interfaces for coordi­
nating heterogeneous evidence and supporting participation around 
complex trade-offs21.

Throughout this Review, we use three interconnected domains—
urban sensing, urban modeling and urban decision-making—as a  
workflow scaffold from observation to action (Fig. 1). This scaffold  
is not merely organizational; it clarifies what counts as evidence in  
each domain and how different communities contribute to urban  
claims.

•	 Urban sensing concerns data acquisition and enrichment, includ­
ing filling spatial and temporal gaps. Credible evidence hinges on 
quantified coverage and bias, uncertainty characterization and 

robustness under distribution shift, particularly across cities and 
data-sparse contexts.

•	 Urban modeling transforms observations into representations, 
simulations and forecasts. Evaluation requires grounding and 
coherence checks, calibration against held-out observations or 
trusted simulators, and stress tests probing extrapolation beyond 
observed regimes.

•	 Urban decision-making translates evidence into governance pro­
cesses and practitioner-facing tools. Evaluation should extend 
beyond predictive metrics to transparency and provenance  
of generated claims, procedural fairness and institutional account­
ability—framing generative systems as decision support rather 
than automated decision-makers31.

Generative AI-augmented urban sensing
Urban sensing underpins empirical urban inquiry by collecting and 
interpreting multimodal measurements of the natural environment, 
built infrastructure and human activity. These data enable hypothesis 
testing and model calibration, yet they remain incomplete, unevenly 
distributed and often difficult to translate from raw signals into urban 
meaning32. Traditionally, sensing has relied on physical instrumentation 
(for example, global navigation satellite systems (GNSS), light detection 
and ranging (LiDAR) and satellite remote sensing) to capture spatial 
and behavioral dynamics. Although indispensable, these technologies 
face recurrent limitations, including spatial sparsity, temporal gaps 
and a semantic gap between pixels and social interpretation. Gene­
rative AI can address these limitations through two complementary 
capabilities (Fig. 2): distribution-fitting data synthesis and foundation 
model-based interpretation.

•	 Synthesizing urban data with distribution-fitting models. Distri­
bution-fitting generative models can mitigate data sparsity by 
learning the statistical structure of urban observations to recon­
struct missing values and synthesize fine-grained detail. In physi­
cal sensing, GANs and diffusion models have demonstrated the 
ability to perform super-resolution from low-resolution satellite 
imagery and to fill missing observations, such as cloud-obscured 
pixels11,33,34. Beyond purely statistical reconstruction, physics-
informed generative frameworks can embed physical constraints 
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to improve plausibility when simulating urban microclimates from 
sparse sensors35, and real-time models deployed on unmanned 
aerial vehicles (UAVs) can dynamically augment data streams 
for time-sensitive infrastructure monitoring36. However, strictly 
distinguishing signal recovery from hallucination remains chal­
lenging; generative models may prioritize perceptual plausibility 
over physical veracity, necessitating rigorous verification against 
ground truth before such data are used for downstream analyt­
ics. In human activity sensing, generative models have also been 
used to synthesize privacy-preserving mobility trajectories that 
preserve aggregate statistical properties while obfuscating indi­
vidual identities37, creating a pathway to share granular mobility 
proxies where raw data access is restricted by privacy constraints.

•	 Interpreting urban context with foundation models. Foundation 
models offer a complementary route to address the semantic 
gap between raw sensing signals and urban interpretation. Many 
urban sensing pipelines now combine heterogeneous inputs—from 
imagery and street view to mobility traces and administrative 
records—whose integration and interpretation can be prohibitive 
at scale. Foundation models can learn latent representations that 
compress heterogeneous signals into shared spaces for retrieval, 
comparison and downstream inference. For example, complex 
geospatial and business activity data can be embedded into low-
dimensional representations to support analysis of population 
dynamics and urban behavior18. Building on such representations, 
vision–language models (VLMs) leverage broad pretraining to 
move beyond object detection towards functional semantics and 
contextual interpretation. Recent benchmarks suggest that VLMs 
can support tasks such as identifying functional attributes, detect­
ing anomalous events and narrating changes across space and 
time38–40. These capabilities shift urban sensing from passive meas­
urement toward task-driven semantic inference, while raising new 
requirements for evidence grounding and failure-mode auditing.

The utility of generative augmentation is supported by emerging 
quantitative evidence, although any reported gains are inherently task 
and dataset specific and should not be extrapolated into claims about 
long-horizon prediction or policy outcomes without downstream 
evaluation. Augmenting sparse survey data with GAN-generated trajec­
tories has been reported to improve daily activity prediction relative to 
baselines trained on real data alone41 (Fig. 2c), and incorporating chain-
of-thought reasoning in VLM pipelines can improve proxy estimation 
of socioeconomic indicators from street-view imagery42 (Fig. 2d). 

Operationally, validating generative augmentation requires making 
the evidentiary burden explicit: quantifying coverage and represen­
tation bias in the underlying observations43; benchmarking against 
independent ground truth or external datasets where available44; 
stress-testing robustness under missingness, noise and rare regimes; 
and assessing transfer under distribution shift19, with particular caution 
in data-sparse contexts.

Despite their promise, generative sensing systems pose ethical 
and representational risks. Distribution-fitting models can fail to repro­
duce rare but critical events (for example, extreme weather or atypical 
mobility behaviors), and foundation models trained predominantly 
on global north data risk hallucinating Westernized urban features 
when applied to underrepresented regions45. Such errors can be con­
sequential: reconstructing an informal settlement with the visual 
texture of a planned suburb may erase markers of inequality relevant 
to downstream analysis46. Responsible deployment therefore requires 
rigorous auditing for distribution shift and representational harm, 
alongside active debiasing strategies, to avoid reinforcing the ‘digital 
invisibility’ of marginalized communities47.

Generative AI-augmented sensing thus extends traditional geo­
matics beyond measurement alone by combining physical observa­
tions with synthetic augmentation and semantic interpretation. When 
evaluated with task-appropriate protocols and deployed with govern­
ance safeguards, these methods can expand observational coverage 
and enrich urban understanding, while clarifying where unresolved  
representation and reliability challenges remain.

Generative urban modeling with digital twins and 
language agents
Generative AI is reshaping urban modeling by complementing static 
representations with probabilistic emulation and interactive simu­
lation1. Whereas classical urban models typically rely on theory and 
calibrated equations or rule-based heuristics to represent system 
states, modern generative AI introduces two complementary modeling 
capabilities: fast, high-dimensional emulation of physical dynamics 
using distribution-fitting models, and semantic simulation of human 
behavior using foundation model-based agents. These advancements 
support next-generation digital twins that can simulate not only  
what is observed, but also plausible counterfactual and test scenar­
ios under explicit assumptions14,15,48. We organize the literature into  
four core domains that recur across digital-twin pipelines: the natural  
environment, the built environment, human activity and hybrid  
systems (Table 1).

Table 1 | Comparison of classical and generative AI approaches in urban modeling

Modeling domain Classical methods Generative AI tasks and examples

Natural environment Numerical simulations (CFD, WRF), 
interpolation (Kriging)

Flood and climate forecasting: GANs for rapid flood inundation mapping51; super-resolution for 
urban heat island monitoring34; AI-driven extreme event prediction52

Emission estimation: generative inference of street-level carbon footprints53

Built environment Procedural generation (CityEngine),  
GIS manual drafting

Route network generation: diffusion-based synthesis of topology-preserving street networks  
(for example, RN-Diff)54

Urban layout synthesis: conditional generation of building footprints and zoning plans from text 
or satellite imagery21,55

Traffic simulation: generative stress testing of traffic scenarios56

Human activity Gravity models, survey-calibrated 
heuristics

Mobility dynamics simulation: synthesizing aggregate mobility traces via distribution fitting  
(for example, MoveSim)57,58

Generative agents: LLM-driven simulation of detailed daily routines, navigation and social 
interactions59,60

Hybrid systems Coupled static models Holistic social simulation: large-scale simulators (for example, AgentSociety and OpenCity) 
co-simulating urban mobility, economic activities and social network dynamics60,63; dynamic 
forecasting of city-wide phenomena106

Generative AI complements mechanistic and rule-based models by learning probabilistic emulators and agent-based simulators that support scenario generation and stress testing.  
CFD, computational fluid dynamics; WRF, weather research and forecasting model.
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In the natural and built environment, distribution-fitting models 
often act as high-dimensional surrogates for expensive physical or 
procedural pipelines. Unlike mechanistic numerical solvers, which 
offer high precision but are computationally expensive, probabilistic 
emulators learn input-to-field mappings at substantially reduced runt­
ime, trading mechanistic transparency for speed and flexibility. Their 
scientific value is therefore best established through evidence tied to 
the task—agreement with trusted simulators or held-out observations 
under defined regimes, sensitivity to distribution shift, and robustness 
under test scenarios49—avoiding generic claims of ‘accuracy’ when 
models are used for forward-looking scenario exploration where policy 
outcomes lack ground truth50.

•	 Natural environment. Generative models facilitate environmental 
emulation and downscaling by synthesizing high-resolution fields 
from sparse or coarse inputs. GAN-based surrogates have been 
used to emulate flood inundation and downscale climate-related 
fields relevant to urban heat and hazard assessment34,51,52. Notably, 
recent work fuses traffic signals with vehicle physics to estimate 
road-transport emissions at street level in near real time53—illus­
trating how generative inference can bridge physical and behav­
ioral data streams beyond purely statistical reconstruction.

•	 Built environment. Graph-based models and diffusion processes 
can be conditioned to synthesize road networks and building 
layouts satisfying connectivity or efficiency constraints21,54,55. 
Importantly, generative models can also produce rare or adver­
sarial regimes for scenario stress testing, complementing classi­
cal simulators that undersample extremes56—a capability that is 
difficult to achieve through procedural generation alone.

Modeling human activity combines aggregate distribution fitting 
with agent-based simulation at finer semantic resolution. Distribu­
tion-fitting approaches reproduce city-scale mobility statistics57,58, 
and foundation-model-based generative agents introduce a distinct 
capability: simulating routines and interactions via natural-language 
goals, memory, reflection and planning59,60. This shift does not imply 
that agents understand urban processes in any deep sense; rather, it 
enables conditional behavioral narratives that function as hypotheses 
requiring empirical assessment.

•	 From rules to semantic simulation. Compared with heuristic agent-
based models that encode behavior through fixed utility functions, 
LLM-based agents can condition actions on natural-language 
constraints and contextual cues, generating diverse schedules 
and emergent social outcomes such as polarization59,60. How­
ever, cross-national evaluations across 107 countries document 
systematic clustering of LLM responses toward Western cultural 
dimensions, with non-Western value systems consistently under­
represented61—suggesting that the challenge for urban social simu­
lation is representational rather than merely linguistic. Without 
careful calibration, agents risk exhibiting ‘simulacra’ behavior, 
mimicking superficial social norms in training data rather than 
authentic decision-making62.

•	 Scalability of agents. Recent systems have scaled agent-based  
simulations to the order of 104 LLM agents using distributed orches­
tration and efficient memory management60,63,64. Policy-grade city-
scale deployment, however, remains constrained by inference cost, 
calibration overhead and governance requirements65. Current  
trajectories therefore favor hybrid architectures that combine 
foundation-model agents with structured simulators, hierarchical 
role decomposition and distillation or caching to reduce per-step 
inference costs, while retaining auditable evaluation protocols23.

Across domains, generative modeling claims are best evaluated 
against explicit empirical tests rather than generalized notions of 

‘accuracy’: environmental surrogates against hydrodynamic simu­
lations or held-out measurements, and behavioral agents against 
external observational benchmarks or controlled experiments. 
Such evaluations support the use of generative models for scenario  
exploration and stress testing but do not by themselves establish  
validated long-horizon policy prediction where ground truth is  
unavailable51,60.

Probabilistic generation foregrounds uncertainty in ways that 
differ from deterministic simulation. Urban modeling faces stochastic 
uncertainty from human behavior and measurement noise, epistemic 
uncertainty from underspecified models and distribution shift, and 
scenario uncertainty from structural change and policy feedbacks66. 
Failures often arise when plausible samples are misread as forecasts, 
or when uncertainty is not explicitly communicated. Mitigating these 
risks requires grounding at two levels: at the technical level, constrain­
ing generation with physical priors and explicit consistency checks to 
reduce implausible outputs35,67; and at the deployment level, institu­
tional guardrails such as fail-safe defaults, audit trails and human-in-
the-loop review to ensure digital twins function as decision support 
rather than automated decision-makers68.

These components are increasingly assembled into digital- 
twin-style pipelines that couple natural, built and human subsystem 
models with streaming observations20,69, supporting interactive  
scenario comparison and structured deliberation over trade-offs. Sub­
stantial open problems remain, however, in reliability under distribu­
tion shift, representational coverage and institutional accountability.

Informing decision-making in urban space with 
generative AI
Recent advances in generative AI are beginning to reshape urban deci­
sion support, complementing traditional optimization- and simula­
tion-based tools with scenario generation, interactive interfaces and 
language-mediated reasoning55,70. Unlike many conventional decision 
support systems that operate on fixed objective functions and closed-
form constraints, foundation-model-based systems can synthesize 
heterogeneous evidence, translate between technical and narrative 
representations, and scaffold deliberation over competing goals8. At 
the same time, because urban decisions involve legal authority, distri­
butional consequences and contested values, the governance literature 
consistently positions generative systems as decision support rather 
than automated decision-makers, with responsibility for justification 
and outcomes remaining with human institutions23.

Decision support has historically relied on mechanistic simula­
tion, mathematical optimization and reinforcement learning. These 
approaches offer interpretability and constraint guarantees, yet they 
can be brittle under distribution shift or limited by model specifica­
tion. Generative models trade strict guarantees for flexibility, enabling 
exploration of open-ended scenarios and richer representations of 
heterogeneous behavior48.

The decision-making literature can be organized across three 
temporal scales, comprising short-term response, medium-term man­
agement and long-term planning (Fig. 3), to reflect how generative 
systems interface with governance under differing time constraints, 
evidence standards and legitimacy requirements.

•	 Short-term emergency management. Rapid-onset events such 
as extreme weather or crowd surges demand swift, informed 
responses under uncertainty. Generative AI can contribute to antic­
ipatory governance by pairing environmental nowcasting with 
behavioral scenario exploration. For instance, digital-twin pipe­
lines coupled with weather prediction systems can model evolving 
flood conditions71, and LLM-based agents can explore plausi­
ble evacuation narratives under varying constraints72. Physics- 
informed generative methods can also simulate pedestrian 
dynamics in emergency settings, reporting improved benchmark 
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agreement over classical social-force baselines73 (Fig. 3d). Such 
tools are best understood as generators of testable scenarios for 
staffing, routing and resource allocation, whose outputs should 
be verified against operational constraints rather than treated as 
forecasts.

•	 Medium-term urban governance. Operational governance (weeks 
to months) involves coordinating interdependent systems such as 
traffic, utilities and public services. Traditional optimization can 
struggle with combinatorial complexity and shifting regimes74. 
Generative models can support policy design by rapidly synthe­
sizing plausible system trajectories and stress-test scenarios that 
complement mechanistic simulation, while retaining classical 
simulators as verification and constraint-checking domains for 
accountability. In traffic governance, generative modeling can 
accelerate the evaluation of interventions by enabling broader 
coverage of rare regimes75,76 (Fig. 3e), and reinforcement learning 

pipelines trained against generative simulation can support fast 
prototyping of adaptive management strategies77.

•	 Long-term urban design and planning. Strategic planning operates 
over decades, where evidence is incomplete and goals are often 
value-laden. Here, generative AI functions less as an optimizer 
and more as a mediator for participation and communication. 
Beyond generating candidate layouts from contextual inputs21,78, 
instruction-tuned LLMs can lower barriers to engagement by 
translating technical proposals into accessible narratives and 
facilitating iterative feedback loops. Recent frameworks deploy 
LLM agents to prototype community deliberation and multiround 
refinement of land-use plans16, with pilot studies reporting meas­
urable shifts in participant-rated satisfaction (Fig. 3f)—evidence 
of deliberation quality rather than validation of long-horizon 
urban outcomes. These systems still require human facilitation 
and institutional safeguards20.
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Fig. 3 | Representative uses of generative AI for informing urban decision- 
making. a–c, Generative methods can augment decision processes across 
temporal scales: short-term emergency management (a), medium-term urban 
governance (b) and long-term urban design and planning (c). d, Physics-informed 
generative models simulate pedestrian evacuation dynamics, reporting improved 
agreement with observed trajectories in controlled benchmarks relative to social 

force baselines73. ML, machine learning. e, Generative traffic modeling (mobility 
simulation system (MOSS)) supports rapid scenario evaluation, reporting 
reduced mismatch to held-out simulation or observation proxies relative to rule-
based baselines under specific test settings75. f, LLM-based agents have been used 
to prototype participatory planning deliberation, with pilot studies reporting 
measurable changes in participant-rated satisfaction under defined protocols16.
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Because generative systems can produce plausible outputs  
without sufficient evidentiary grounding, responsible use requires 
interpreting uncertainty, detecting hallucinations and maintaining 
audit trails and contestability mechanisms in high-stakes settings31,79. 
Two institutional risks are well documented in empirical studies of gov­
ernment algorithm deployment80: automation bias, where overreliance 
on algorithmic advice narrows deliberation and reduces the likelihood 
that officials detect model failures81; and ‘algorithmic bureaucracy’, 
where complex systems become institutionally black-boxed, obscuring  
how evidence becomes recommendations and complicating legal 
requirements for transparency24. Addressing these risks requires  
governance by design: human-in-the-loop review for high-stakes  
decisions, auditable provenance and evidence tracing that makes 
uncertainties and trade-offs explicit.

Challenges and debates
Generative AI is increasingly embedded across urban sensing, 
modeling and decision support, but its adoption sharpens three 
cross-cutting debates that align with the workflow of this Review: 
validation and reliability, representation and equity, and govern­
ance and accountability (Table 2). These debates are not abstract 
concerns. They determine what claims can be supported as evidence 
in each domain, how errors propagate from observation to explana­
tion to action, and which safeguards are required for responsible use. 
The shift from deterministic pipelines to probabilistic generation 
expands the space of plausible outputs, making it easier to produce 
convincing artifacts while harder to establish when, where and why 
they should be trusted.

Across domains, the validation debate is best framed not merely 
as a search for plausibility, but as a question of whether generative 
claims can sustain scientific and ethical criticism. We distinguish two 

complementary families of standards23. Data-based evaluation asks 
whether generative outputs remain faithful to observations under 
defined regimes, including quantified coverage and bias, benchmarking  
against independent ground truth, robustness under noise and  
missingness, and transfer under distribution shift82. Application- 
based evaluation asks whether outputs remain reliable within real 
decision processes—whether claims are traceable to evidence, 
whether uncertainty is communicated in decision-relevant forms, 
and whether governance constraints prevent overreliance in 
high-stakes settings23,31.

•	 Validation and reliability: from plausible outputs to testable 
claims. Generative systems expand the space of plausible 
reconstructions and futures, but plausibility is not validity83. In 
modeling, forward-looking scenarios often lack ground truth, so 
reliability must be established through agreement with trusted 
simulators or held-out observations, calibrated uncertainty and 
out-of-regime stress tests84. In decision support, reliability further 
includes whether generated claims can be inspected, compared 
and contested in institutional workflows79.

•	 Representation and equity: whose city is learned and whose is 
erased. Because urban observations are unevenly distributed 
and socially patterned, generative systems can inherit represen­
tational asymmetries and amplify them through synthesis and 
semantic interpretation83. This debate is especially acute in data-
sparse contexts, where failures may map onto vulnerable commu­
nities and informal urban forms45,46. The methodological frontier 
is operationalizing representational harm through auditing that 
reports not only aggregate performance, but also the spatial and 
social structure of omissions and errors, and how these propagate 
through the workflow47.

Table 2 | Capabilities, challenges and pathways forward across the urban workflow

Domain Representative capabilities Challenges and impacts Open problems and pathways forward

Sensing

Super-resolution and gap-
filling; privacy-preserving 
trajectory synthesis; semantic 
interpretation with VLMs

Validation and reliability: plausible 
reconstructions can hide systematic error 
under distribution shift

Unsolved: standardized protocols for bias, uncertainty and 
cross-city transfer; auditing representational harm, not only 
average error

Representation and equity: uneven 
coverage and global north pretraining can 
erase informal or underrepresented urban 
forms45,46

Pathways: data-based evaluation with coverage and bias 
quantification, external benchmarking, robustness stress tests 
under missingness/noise, and cross-city generalization tests; 
reporting standards for uncertainty and failure modes19,47

Impact: biased or hallucinated 
observations propagate downstream into 
models and decisions

Modeling

Surrogate emulation for floods, 
heat and emissions; scenario 
generation and stress testing; 
LLM-enabled agent simulation

Validation and reliability: forward-looking 
scenarios often lack direct ground truth, 
and samples can be misread as forecasts84

Unsolved: policy-grade evaluation for coupled socio-physical 
feedbacks and long horizons; uncertainty communication that 
prevents forecast misinterpretation

Uncertainty: epistemic uncertainty under 
structural change and feedbacks is often 
opaque66

Pathways: grounding and calibration via agreement with 
trusted simulators or held-out observations under defined 
regimes, uncertainty calibration and out-of-regime stress 
tests; hybrid architectures that retain verification domains and 
auditable assumptions67,68

Impact: uncalibrated extrapolation 
can create spurious precision in policy 
discussion

Decision-making

Scenario ideation; interface 
prototyping; summarization of 
stakeholder input; participatory 
deliberation scaffolding

Governance and accountability: unclear 
responsibility when generated claims 
shape high-stakes choices

Unsolved: auditable standards linking model outputs to 
decision justification under legal authority and distributional 
consequences

Process risks: automation bias and 
institutional black-boxing reduce 
contestability24,81

Pathways: application-based evaluation in real workflows, 
provenance and documentation requirements, human-in-
the-loop review for high stakes, participatory safeguards and 
outcome audits where feasible79

Impact: legitimacy and due process can 
erode even when task metrics improve

Each domain has distinct evidentiary burdens. The table summarizes how challenges translate into downstream impacts, and what remains open for research and practice.
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•	 Governance and accountability: from model capability to institu­
tional legitimacy. Even when task performance improves, genera­
tive systems can increase governance burdens by obscuring how 
evidence becomes recommendations, encouraging automation 
bias and complicating transparency and contestability require­
ments24,81. Harm can arise from process failures, not only from 
output errors83. Pathways forward require governance-by-design,  
including provenance and documentation, human review for 
high-stakes use, and participatory mechanisms that surface  
contested values79,85.

Future research directions
Generative AI has the potential to reshape urban science and practice, 
but its credible use depends less on novelty than on whether generated 
outputs can be validated, whether representation gaps are reduced 
rather than amplified, and whether governance capacity and ethical 
standards keep pace with deployment. We outline five evaluation-
forward directions, each targeting a specific evidence gap and clar­
ifying how progress would interface with the three domains of the 
urban workflow19,23,68.

Multiscale and multimodal urban models
Urban systems are observed through heterogeneous signals across 
scales, including satellite imagery, street view, administrative records, 
sensor streams and mobility traces18, yet many generative pipelines still 
operate on narrow inputs that limit external validity and extrapolation 
under distribution shift. A growing body of recent work has explored 
multiscale, multimodal integration as a means to improve validation 
and transfer: combining complementary evidence sources has been 
shown to reduce spurious correlations86 and to support stress tests 
over missingness and rare regimes19.

The implications of this integration have been examined sepa­
rately for each domain of the urban workflow. In the sensing domain, 
multimodal fusion has been applied to strengthen coverage audit­
ing, provenance tracking, uncertainty characterization and bias 
assessment19,68. In the modeling domain, integrated observations 
have been used to support calibration, data assimilation and consist­
ency checks—including physics- or mechanism-informed constraints 
where appropriate—to improve robustness under regime change35,67. 
In the decision domain, the shift from single-modality to multimodal 
inputs has raised questions about how to produce interpretable, 
decision-relevant summaries rather than opaque outputs—an area of 
active methodological debate31,68. Large urban models (urban LMs), 
including CityGPT87 and UrbanLLaVa88, represent one emerging 
attempt at cross-modal unification; how to couple such representa­
tions to transparent validation and governance protocols remains 
an open challenge.

Human experience and evaluation
Cities are lived environments, and many urban objectives are normative 
(safety, dignity and access) rather than purely physical. Embedding 
human experience into generative urban pipelines calls for evaluation 
and governance commitments that go beyond richer data alone. Expe­
riential ground truth can be partially operationalized through partici­
patory measurement (surveys, community reporting and qualitative 
annotation) and careful triangulation across administrative records, 
mobility proxies and imagery, with explicit documentation of whose 
experiences are captured and whose are missing23,79. Models can be 
audited for stereotyping and narrative collapse: instruction-following 
interfaces can unintentionally harden simplified stories about neigh­
borhoods unless counter-evidence and contestation are built into 
the workflow24,45. Participatory validation is increasingly treated as a 
methodological component: model outputs should be critique-able by 
affected stakeholders through structured feedback loops, not merely 
explained after deployment21.

The literature points to a documented competency gap in urban 
AI education between model-centric training and the skills needed for 
responsible decision support: uncertainty interpretation, evidence 
tracing, comparative scenario analysis and institutional documenta­
tion for audit and contestability31. Field-building work on toolkits, 
reporting standards and curriculum development has been character­
ized as enabling infrastructure that aligns technical innovation with 
reproducible evaluation and accountable use68.

Neurosymbolic and grounding approaches
Scaling matters because policy-relevant urban questions are rarely 
neighborhood-sized: resilience planning involves cascading failures 
across mobility, energy, health and supply chains. Recent work dem­
onstrates that LLM-enabled agent societies and hybrid simulators are 
beginning to scale into the 104-agent regime, enabling richer scenario 
exploration than traditional rule-based agent-based models in some 
settings60,63. Scaling alone, however, does not by itself guarantee policy-
grade reliability: as simulations become larger and longer-horizon, 
calibration overhead and failure detection become harder, not easier.

Recent work on physics-informed and constraint-aware learn­
ing has developed complementary grounding strategies, offering 
mechanisms to reduce physically implausible generations and improve 
out-of-regime behavior by incorporating conservation laws, opera­
tors and structured priors35,67,89. For urban resilience, a key unresolved 
challenge is how to design grounding that is heterogeneous: accom­
modating physical constraints for environmental fields, behavioral 
constraints for human activity, and institutional constraints for deci­
sion workflows simultaneously. Neurosymbolic approaches and hybrid 
architectures have been explored as one direction toward this goal, 
combining generative flexibility with explicit rules, simulators and 
verifiers35,89. Several methodological questions remain unresolved, 
including how to evaluate such grounded systems under structural 
change, how to communicate uncertainty in decision-relevant forms, 
and how to prevent grounded constraints from inadvertently encoding 
contested values as if they were neutral rules23,31.

Bridging global south data gaps
Much future urban population growth is projected to occur in Africa and 
in parts of South and Southeast Asia, with additional pressures across 
Latin America and the Caribbean90. Cities across these regions combine 
rapid structural change with informality, fragmented registries, limited 
sensing infrastructure and constrained institutional capacity for data 
governance91. These conditions do not merely reduce the quantity of 
available data; they also change the ways in which generative AI can 
fail. Distribution-fitting models trained on global north imagery have 
been documented to smooth over or erase the morphology of informal 
settlements92, and foundation-model interfaces predominantly trained 
on global north corpora encode formal urban assumptions poorly 
aligned with informal morphology and local planning realities—with 
the risk of misrepresentation concentrated in precisely those settings 
where vulnerability is greatest45,46.

The literature documents both progress and persistent limits. 
Remote sensing and open mapping have enabled systematic settlement 
characterization in data-scarce contexts, yet cross-city generalization 
has consistently emerged as a bottleneck: models trained on one city 
routinely degrade when transferred to morphologically distinct cities, 
even within the same country92–94. Global building-footprint datasets 
have expanded baseline coverage, yet empirical audits reveal system­
atic biases against poorer and more rural populations95, and cross-
dataset comparisons find that major products—including Google Open 
Buildings, Microsoft Building Footprints and OpenStreetMap—are not 
interchangeable, with none capturing building type, use or occupancy 
beyond geometry96. OpenStreetMap coverage is similarly uneven, 
with cities in South Asia averaging 9% building completeness com­
pared with 71% in Europe, and more than half of all edits in sub-Saharan 
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Africa originating from organized humanitarian campaigns rather than 
local contributors97.

Open tools and benchmark frameworks have lowered barriers to 
reproducible evaluation, but technical adaptation alone has not proved 
sufficient where training capacity, documentation infrastructure and 
contestability mechanisms remain underdeveloped19,98,99.

The evidence reviewed above suggests that, in many global south 
planning contexts, the binding constraints are institutional legiti­
macy, fiscal capacity and service delivery rather than scenario genera­
tion. Simpler causal-inference designs or domain-adapted tools for  
regulatory audit may offer more viable near-term pathways than  
high-capacity generative systems. Recent work in Santiago, Chile,  
illustrates this directly: LLMs fine-tuned on local legal-urban discourse 
were used to audit 31 communal zoning ordinances, uncovering  
normative asymmetries that perpetuate spatial segregation—a use 
case grounded in institutional accountability rather than synthetic 
scenario generation100. The governance literature consistently points 
to participatory problem definition, local validation and sustained 
maintenance as conditions for responsible deployment23,31.

Ethical considerations and inclusive modeling
Ethics in generative AI for urban research is increasingly framed around 
auditable requirements rather than broad principles. The literature 
can be organized around five recurring themes, each involving both 
technical methods and reporting standards.

•	 Bias and fairness. Generative systems can inherit representational 
asymmetries and amplify them through reconstruction and syn­
thesis, with disproportionate effects in marginalized and data-
sparse communities45,46. Mitigation requires place-aware fairness 
assessment that reports the spatial and social structure of errors, 
not only average performance47,101. What remains unresolved is 
standardizing fairness metrics that reflect urban impacts rather 
than abstract parity.

•	 Privacy. Distribution-fitting synthesis can enable privacy-preserv­
ing sharing of mobility or activity traces, but privacy gains are not 
automatic and require explicit threat models and evaluation37. A 
major open problem is establishing urban-appropriate privacy 
benchmarks that reflect realistic re-identification risks and insti­
tutional data governance constraints.

•	 Explainability. In decision contexts, the relevant question is not 
only interpretability of internal representations, but traceability 
of claims to evidence and assumptions. Documentation tools and 
provenance tracking can make outputs contestable and review­
able, which is critical for legitimacy in public-sector decisions79,102. 
A persistent gap is aligning explainability with the needs of non­
technical stakeholders without collapsing uncertainty.

•	 Controllability and safety. Safety failures often arise when plausi­
ble generations are misread as forecasts or when models behave 
unpredictably under distribution shift. Control mechanisms there­
fore include stress testing under shift, calibrated uncertainty 
reporting and fail-safe defaults for high-stakes use31. Standards 
for such controls are beginning to emerge in risk-management 
frameworks, but urban deployments still lack consistent thresh­
olds for escalation, human review and rollback80.

•	 Participatory governance. Urban decisions embed contested 
values and the literature increasingly treats participatory mecha­
nisms as important safeguards for exposing differences in how 
benefits and burdens are distributed. Generative interfaces can 
lower barriers to engagement, but participation is most conse­
quential when it supports contestability and accountability rather 
than token consultation23,85. Across all five themes, reproduc­
ibility and transparent reporting are prerequisites for ethics and 
governance, because accountability cannot be enforced without 
auditable inputs, versions and protocols68,102.

These five themes interact, and each has developed a distinct 
empirical base. Place-aware auditing frameworks have been developed 
to report the geographic structure of model errors rather than aggre­
gate performance101. Federated learning has been applied to urban 
problems such as traffic flow prediction to enable collaborative train­
ing without centralizing sensitive mobility data103, although privacy 
protections depend heavily on implementation choices and cannot 
be assumed automatically. Empirical analyses of municipal algorith­
mic deployments in New York City, Seattle and San Diego find that 
transparency requirements are routinely prioritized over structural 
accountability, and that community participation is frequently reduced 
to token consultation without pathways to institutional contestation85; 
mandates for individual end-stage review similarly provide limited 
protection against automation bias under institutional pressure80. 
Across these strands, the literature consistently points to combining 
technical auditing with institutional mechanisms for contestability, 
documentation and iterative local validation as necessary conditions 
for accountable deployment104,105.

Conclusion
This Review synthesizes how two categories of generative AI—distribu­
tion-fitting models and foundation models—are being integrated into 
a three-domain urban workflow spanning sensing, modeling and deci­
sion-making. Rather than cataloging techniques, we foreground evalu­
ation: in each domain, we highlight what constitutes credible evidence, 
where validation protocols remain underspecified, and how uncertainty 
and distribution shift complicate claims about future scenarios. Across 
the literature, three unresolved tensions recur: validation and reliability, 
representation and equity, and governance and accountability.

Generative systems can meaningfully augment urban analysis and 
deliberation when they are deployed as decision support under explicit 
guardrails: grounded constraints, transparent documentation of  
data and inference settings, and human-in-the-loop oversight that 
preserves institutional accountability. Progress in this area depends 
not only on better models, but also on shared standards for evaluation, 
reporting and participatory governance that make model assump­
tions and trade-offs legible. Under these conditions, generative AI can 
contribute to more robust urban science and more responsible urban 
practice, while clarifying the limits of what can be claimed, validated 
and justified.
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