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Abstract
Digital twins are used to represent and analyse urban environments, providing a basis for simulation,
scenario testing, and communication among stakeholders. While effective, such models are typically
developed as unique, data‐intensive representations of specific cities. Synthetic cities extend this paradigm
by enabling the systematic generation of entire families of digital twins. They provide controlled, repeatable,
and easily calibratable environments, making it possible to conduct analyses that are more general,
reproducible, and independent of costly or sensitive field data. Generating synthetic cities addresses several
key needs in urban research. It supports the design and evaluation of regulatory scenarios, facilitates climate
adaptation analyses, and enriches participatory design by providing semantically meaningful models for
discussion. By decoupling experimentation from real‐world data constraints, synthetic cities provide a robust
framework for testing alternative urban forms and policies while preserving privacy and reducing costs. This
article introduces a novel method for generating synthetic cities using large language models (LLMs).
Specifically, we propose an iterative LLM‐guided framework in which the model directly generates
high‐level synthetic road structures and calibrates them through tool‐based structural feedback. Unlike
procedural generators and neural generative models, which usually require manual parameter tuning and
offer limited ways to enforce high‐level semantic constraints, our LLM‐based framework translates
natural‐language requirements into quantitative specifications and validates generated networks against
target metrics. This supports the creation of adaptable, semantically meaningful synthetic cities suitable for
simulation and scenario analysis.
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1. Introduction

In recent years, spatial planning decisions have increasingly relied on simulation methods such as
agent‐based models (Barthelemy, 2019). Bonabeau (2002) points out that approaches grounded in
microfoundations are especially valuable because they capture the complex behaviours of individual agents
that cannot be properly represented in an aggregated model. However, these simulations require realistic
environments in which agents can operate, and digital models—or “synthetic cities”—have recently become
popular for this purpose, building on earlier work on virtual urban representations for visualisation,
simulation, and scenario exploration (Batty & Hudson‐Smith, 2001; Bilal et al., 2025). These synthetic
environments help policymakers forecast the outcomes of their decisions (Zheng et al., 2023). At the same
time, agent‐based models are prone to artefacts that may be difficult to trace (Galán et al., 2009). Therefore,
when testing new urban policies in a virtual city model, more robust conclusions may be obtained by
evaluating them on a population of cities with similar structural properties rather than on a single city
instance. Kim et al. (2018) argue that synthetic cities are particularly useful when they preserve the key
structural features of real‐world agglomerations—such as their transportation networks—while abstracting
from irrelevant city‐specific details, thereby providing standardised testbeds for policy evaluation. Such
structures have been applied in contexts ranging from autonomous vehicle trials (Kim et al., 2018) and
resilience analyses (Therias & Rafiee, 2023) to energy‐demand forecasting (Roth et al., 2020).

Beyond enabling cross‐regional comparability, synthetic cities also provide reproducibility for controlled
experiments (Barbie & Hasselbring, 2024), cost‐effective scenario testing without field deployments
(Almirall et al., 2022), and privacy‐preserving abstractions of sensitive urban data (Papyshev & Yarime, 2021).
Xu et al. (2024) further point out that synthetic cities enable benchmarking of algorithms—from traffic‐flow
optimisers to emergency‐evacuation planners—under identical conditions and facilitate rapid “what‐if”
analyses of land‐use changes or infrastructure investments.

Existing approaches to synthetic city generation can be grouped into six families according to how the
generation process is controlled: procedural (rule‐based), graph‐based (roads represented as abstract
networks), tensor‐field‐based (street orientations encoded as spatial fields), simulation‐based (agent‐ or
process‐based simulation driving growth), example‐based (stitching together real‐world fragments), and
learning‐based (neural generative models). A detailed review of these families is provided in Section 2.

To compare these approaches, we focus on four capabilities that are particularly important for using synthetic
cities as reusable experimental testbeds:

1. Calibration: Adjusting the generator so that selected output metrics match a reference city;
2. Conditional attribute controllability: Explicitly constraining the generated city to satisfy user‐specified
quantitative or semantic attributes;

3. Zero‐shot customisation: Supporting novel, user‐specified design requirements without retraining or
fine‐tuning the generator;

4. Semantic reasoning: Interpreting high‐level, natural‐language urban concepts and translating them into
consistent structural constraints.
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As shown in Section 2 and summarised in Table 1, existing method families typically support only a subset of
these capabilities. In particular, no single non‐large‐language‐model (LLM) approach combines calibration
and conditional control while also allowing zero‐shot customisation, which motivates the contribution of
this article.

The proposed approach offers two major benefits for digital twin developers. First, it decouples
experimentation from real‐world data, enabling easier construction of spatial simulation models. Second, it
supports generating families of cities with desired spatial properties, which enables the development of
more robust simulation models of urban environments.

The article is organised as follows. After this introduction, Section 2 presents the relevant literature.
Section 3 introduces the proposed model, and Section 4 describes the experimental setup and evaluation
procedures. Section 4.1 presents the experimental design, Section 4.2 reports the empirical results, and
Section 4.3 discusses their implications. Finally, Section 5 concludes.

2. Literature Background

The goal of this section is to review the existing literature andmotivate our contribution. The relevantwork can
be divided into three groups: synthetic city generation methods and their properties (Section 2.1), network
comparison metrics used to assess the quality of a generated synthetic city (Section 2.2), and LLMs in the
context of synthetic data modelling (Section 2.3). After reviewing these strands in Section 2.4, we present
our contribution.

2.1. Synthetic City Generation Methods

Synthetic city generation methods can be grouped into six broad categories: procedural, graph‐based,
tensor‐field‐based, simulation‐based, example‐based, and learning‐based. Each category is discussed in
detail below.

Procedural methods generate cities through predefined rules. Parish andMüller (2001) proposed an extensible
framework based on an enhanced L‐system, in which roads are generated from production rules derived from
global objectives and local constraints, after which the urban area is subdivided into plots and populated with
building geometries. This design also allows additional city layers, such as points of interest, to be aligned
with the road network. Weber et al. (2009) extended this approach to support more irregular and organically
evolving layouts, while Beneš et al. (2014) introduced a dynamic variant in which trade, water transportation,
and traffic simulation drive road‐network growth over time. Overall, procedural methods are flexible and can
generate complete, even dynamically evolving urban structures, but their outputs depend strongly on the
predefined rules, parameters, and constraints.

Graph‐based approaches represent roads as abstract networks and generate synthetic cities by reproducing
structural properties of real‐world road systems, such as hierarchy, sparsity, connectivity, and routing
behaviour. In this line of work, Bauer et al. (2010) compared a Voronoi‐based generator (Fortune, 1986) and
the Abraham et al. road‐network generator (Abraham et al., 2010) with OpenStreetMap‐derived networks
using structural and routing‐based measures, including contraction hierarchies (Geisberger et al., 2008).
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Both generators outperformed simple grid and unit‐disk baselines, while the Voronoi‐based approach more
closely matched the hierarchy, sparsity, and routing performance of actual road systems. Lüscher and Weibel
(2013) extended graph‐based city modelling by incorporating semantic and functional data, such as
topographic databases, points of interest, and user annotations. Overall, graph‐based methods reproduce
key structural properties of real‐world road networks, but they may still generate unrealistic characteristics,
such as excessive density or overly high node degrees.

Tensor‐field approaches encode local street orientations in a spatial field and generate road networks by
tracing streets along tensor‐derived direction fields. G. Chen et al. (2008) introduced this approach by
encoding local orientations through tensor eigenvectors and tracing streamlines to form hierarchical street
networks. Sun and Dogan (2023) later extended the framework by allowing each tensor cell to store not
only directional information but also land‐use priorities, population density, and other non‐geometric factors.
In this way, tensor‐field methods generate coherent directional patterns and can incorporate additional
spatial information, although the resulting network depends strongly on what is encoded in the tensor field.

Zhang and Shi (2022) integrated a tensor‐field framework with a simulation‐based approach, illustrating the
broader logic of simulation‐based methods. In this family, road networks emerge through dynamic processes,
making these approaches well‐suited to capturing evolving and naturalistic urban structures. Their main
advantage is the ability to represent hierarchy and local adaptation over time. In related work, Song and
Whitehead (2019) proposed an agent‐based method in which roads emerge through agents’ interactions
with resource nodes. Their main limitation is that the resulting form depends strongly on the behavioural
rules, thresholds, and environmental factors specified in the simulation.

Example‐based methods construct new layouts by copying and stitching fragments derived from real‐world
cities. Yu and Steed (2012) modelled existing urban structures as graphs and synthesised new nodes and
edges by matching unfinished nodes with similar samples using a neighbourhood similarity measure, thereby
supporting both entirely new structures and incremental network growth. Nishida et al. (2016) combined
example‐based and procedural techniques by fitting distinctive subgraphs from real‐world cities into the
target network and using a procedural fallback, guided by statistical features such as average road length
and curvature, when no suitable patch was available. Overall, example‐based methods preserve
characteristic patterns from real‐world cities, but the generated structure depends strongly on the quality
and representativeness of the source examples.

Learning‐based methods generate synthetic road networks by training neural models on examples of real
urban layouts. Their main advantage is the ability to learn complex structural regularities directly from data,
including patterns related to street density, hierarchy, connectivity, and block structure. Existing approaches
include image‐based models trained on rasterised road maps, graph‐based models that operate directly on
street‐network representations, and sequential generative models that construct networks step by step.
For example, Hartmann et al. (2017) used a generative adversarial network on binary rasters of
OpenStreetMap road networks, Neira and Murcio (2022) proposed a graph‐based approach combining a
transformer with a variational graph auto‐encoder, and Chu et al. (2019) introduced a sequential model,
called “neural turtle graphics,” for vector road graphs. Overall, these methods can capture rich structural
patterns, but they typically require large training datasets and offer limited flexibility for imposing new
constraints without retraining.
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2.2. Network Comparison Metrics

Urban transport networks can be compared using methods that emphasise functional performance,
structural topology, or latent graph representations. Existing work can be grouped into four broad families:
(a) transport and routing metrics that quantify functional similarity; (b) graph edit and optimal‐transport
methods; (c) topological data analysis that captures higher‐order connectivity and shape; and (d) graph
kernels and neural approaches that embed graphs into feature spaces for statistical comparison.
The following review summarises representative studies in each category.

Transport metrics compare urban networks by functional similarity rather than purely geometric or
topological form. Common measures include density, degree distribution, shortest‐path distance
distributions, average road‐segment length, intersection density, and circuity, which together capture
connectivity, navigability, and route directness (Bauer et al., 2010; Neira & Murcio, 2022). The average path
length similarity (APLS) metric extends this perspective by measuring mean relative deviations in
shortest‐path lengths between corresponding nodes (Chu et al., 2019).

Graph edit distance quantifies structural dissimilarity via the “cost” of transforming one transport network
into another. For example, Li et al. (2014) adopt an optimal‐transport perspective: They represent each city’s
metro system as a graph and measure pairwise differences with the Wasserstein distance, capturing both
spatial arrangement and topology in a geometry‐aware comparison.

A further line of work compares the topological shape of transport networks using topological data analysis
(TDA), most commonly persistent homology. Feng and Porter (2020) used persistence diagrams to quantify
connectivity and loops and to classify cities into broadmorphological groups that differ in regularity and spatial
organisation. Relatedly, Corcoran and Jones (2022) introduced persistence density functions to characterise
connectivity across street classes and compared these distributions using the Wasserstein distance.

Another strand compares urban networks in an embedding space using graph kernels and graph neural
networks (GNNs). Graph kernels represent each graph through features capturing local or global
connectivity. For example, the shortest‐path kernel compares all‐pairs shortest‐path lengths to measure
similarity in overall distance structure, whereas the graphlet kernel counts small induced subgraphs, such as
triangles and 4‐cycles, to capture local motifs (Borgwardt & Kriegel, 2005; Shervashidze et al., 2009).

2.3. LLMs

Due to the novelty of this area, only a few studies have applied LLMs to synthetic city generation. Long et al.
(2024) point out that LLMs have been used successfully for generating synthetic data. Rasal and Boddhu
(2024) introduced NavGPT, a multimodal LLM that ingests aerial imagery and directly outputs precise
road‐network geometries. J. Chen et al. (2026) proposed network generation artificial intelligence (NGAI), an
LLM‐driven system that orchestrates specialised external plugins to produce fully routable road networks
from either natural‐language or image prompts. These studies demonstrate the potential of LLMs in
road‐network generation, but they do so either through multimodal input processing or by using the model
primarily as an orchestration layer for external generation modules. By contrast, our article proposes an
iterative LLM‐guided framework in which the model itself directly generates and calibrates high‐level
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synthetic road structures using tool‐based structural feedback. The novelty of our approach therefore lies in
using the LLM itself as the core generator within an iterative calibration loop, rather than primarily as an
orchestration layer for specialised external modules.

2.4. Contribution

The desired capabilities of synthetic city generators identified in the literature include the ability to calibrate
against real‐world data, conditional attribute control, zero‐shot customisation, and the inclusion of semantic
reasoning in the generation process. Calibration against real‐world data involves adjusting the parameters of
synthetic city models so that generated outcomes align closely with real‐world urban metrics, such as road
density, street connectivity, and traffic patterns (van Vliet, 2013). Conditional attribute control allows users
to explicitly specify characteristics or constraints for city generation. For instance, users might define
transportation network requirements, enabling highly customised synthetic urban network generation
tailored to specific analytical or planning objectives (Gan et al., 2024). Zero‐shot customisation describes the
ability of generation systems to respond to novel design requirements without prior task‐specific training or
parameter tuning. In the present article, this capability is studied in a reference‐conditioned setting, where
the framework generates calibrated variants of a reference urban structure in response to new prompts
rather than unconstrained cities from scratch. This feature is particularly valuable for exploring new
scenarios quickly and efficiently, significantly extending the versatility and applicability of synthetic city
generation (Rasal & Boddhu, 2024). At present, conventional methods do not support this capability. Finally,
semantic reasoning involves the capacity to interpret and incorporate conceptual urban knowledge within
the generation process. This might include identifying appropriate zones for residential, commercial, or
industrial development, or placing amenities and infrastructure in a way that reflects high‐level urban
planning principles (Webb et al., 2023).

Existing families of methods (procedural, graph‐based, tensor‐field, simulation, example‐based,
deep‐learning) each miss one or more important capabilities—such as zero‐shot customisation, or true
semantic reasoning—while only LLMs theoretically cover them all (Table 1). Moreover, prior systems either
depend on specialised external modules or target only narrow facets (e.g., roads), and cannot spontaneously
capture higher‐order phenomena like emergent city centres without explicit rules. The literature lacks an
end‐to‐end, LLM‐guided approach for calibrated, vector‐based synthetic city generation that affords
conditional attribute control, zero‐shot modifications, and semantic understanding of urban structure (Brown
et al., 2020; Webb et al., 2023). Our article fills this gap by proposing exactly such an LLM‐centric framework.

Table 1. Synthetic city generation methods comparison by selected features.

Feature Procedural Graph‐based Tensor
Fields

Simulation‐
based

Example‐
based

Deep
learning‐
based

LLM

Is calibrated X X ! X ! ! !

Conditional attribute
controllability

X X X X X ! !

Zero‐shot
customisation

X X X X X X !

Semantic reasoning X X X X X X !
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3. Synthetic City Generation

The proposed framework focuses on high‐level road‐network structure within synthetic cities. This section
presents a novel LLM‐backed method for synthetic road‐network generation. It has two parts. First, we
formalise the road‐network model and introduce a distance metric for comparing synthetic road networks.
Next, we describe the proposed LLM‐based generation framework, which produces synthetic road networks
that satisfy both qualitative user requirements and quantitative calibration constraints.

3.1. City Modelling

3.1.1. Road Network

We assume that the road network is represented in the form of a weighted, undirected (simple) graph
𝐺 = (𝑉, 𝐸, 𝑤), where 𝑉 is a finite set of vertices, 𝐸 ⊆ {{𝑢, 𝑣} ⊆ 𝑉 ∶ 𝑢 ≠ 𝑣} is the set of edges of the graph
(represented as unordered pairs of vertices), and 𝑤 ∶ 𝐸 → ℝ+ assigns a positive weight to each edge.

A synthetic city is represented by 𝒞 = (𝐺, 𝜙, 𝜅), with the underlying graph 𝐺 = (𝑉, 𝐸, 𝑤) representing the road
network. Vertices correspond to junctions, edges correspond to road segments, 𝜙 ∶ 𝑉 → ℝ2 assigns planar
(ENU) coordinates to vertices, and 𝜅 ∶ 𝐸 → 𝒦 assigns a road class to each edge where 𝒦 = {1,… , 𝐾}, 𝐾 ∈ ℕ
is a set of road classes. We denote by ℭ the set of all synthetic cities of this form.

3.1.2. City Similarity Distance

Let 𝒞1 = ⒧𝐺1, 𝜙1, 𝜅1⒭ and 𝒞2 = ⒧𝐺2, 𝜙2, 𝜅2⒭ be two synthetic cities. A similarity distance between cities is
a function:

𝑑 ∶ ℭ × ℭ → ℝ ≥ 0 (1)

We define 𝑑 as an edge‐length distribution discrepancy. 𝑑 ⒧𝒞1, 𝒞2⒭ measures the discrepancy between the
empirical distributions of road‐segment lengths in the two cities. Let 𝐿1 and 𝐿2 denote the random variables
“road‐segment length” in cities 𝒞1 and 𝒞2 respectively, and let 𝐹1 and 𝐹2 be their cumulative distribution
functions (see Togninalli et al., 2019). We define:

𝑑 ⒧𝒞1, 𝒞2⒭ = 
1

0
𝐹−11 (𝑞) − 𝐹−1

2 (𝑞) 𝑑𝑞 (2)

Where 𝐹−1𝑖 (𝑞) = inf{𝑥 ∶ 𝐹𝑖(𝑥) ≥ 𝑞} is the quantile function and 𝑞 ∈ [0, 1].

3.1.3. Road Network Compression

Road networks extracted from real‐world cities often contain many degree‐2 nodes that do not represent
actual junctions or structural features, but instead encode road curvature. To simplify the graph for topological
analysis, we apply a node‐compression operation that removes these degree‐2 nodes while preserving the
network’s overall connectivity and distances.

For the road network𝐺 = (𝑉, 𝐸, 𝑤)wedefine a node compression operation. Let deg(𝑣) = |{ 𝑢 ∈ 𝑉 ∶ {𝑣, 𝑢} ∈ 𝐸 }|
be the degree of a vertex 𝑣 ∈ 𝑉 . Consider a path 𝑃deg=2 in graph 𝐺, 𝑃deg=2 = ⒧𝑣0, 𝑣1, … , 𝑣𝑘⒭, ⒧𝑣0 ≠ 𝑣1 ≠ … ≠ 𝑣𝑘⒭,
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𝑘 ≥ 2, {𝑣𝑖 , 𝑣𝑖+1} ∈ 𝐸 such that the path’s internal vertices all have degree 2 (i.e., deg ⒧𝑣1⒭ = ⋯ = deg ⒧𝑣𝑘−1⒭ = 2)
and the first and last vertex have a different degree than 2 (i.e., deg ⒧𝑣0⒭ ≠ 2 ∧ deg ⒧𝑣𝑘⒭ ≠ 2). We define path
compression as deleting the vertices 𝑣1, … , 𝑣𝑘−1 from 𝐺 and replacing the chain ⒧𝑣0, 𝑣1, … , 𝑣𝑘⒭with a single edge
{𝑣0, 𝑣𝑘}. The weight of the new edge is set to the length of the compressed path, i.e.:

𝑤 ′ ⒧{𝑣0, 𝑣𝑘}⒭ =
𝑘−1

𝑖 = 0

𝑤 ⒧{𝑣𝑖 , 𝑣𝑖+1}⒭

If an edge {𝑣0, 𝑣𝑘} already exists in 𝐺, then in the compressed graph we keep a single edge between 𝑣0 and 𝑣𝑘
with the minimum weight (distance). Additionally, if a connected component of 𝐺 is a cycle whose all
vertices have degree 2, then we delete this component entirely during compression. By the compressed graph
𝐺 ′ = (𝑉 ′, 𝐸 ′, 𝑤 ′) we mean the graph obtained after compressing all 𝑃deg=2 paths. Note that the compressed
graph contains no vertices of degree 2.

3.2. Method

The method aims to generate a synthetic road network that satisfies both qualitative user requirements and
quantitative similarity constraints with respect to a reference city. The workflow comprises two stages and is
illustrated in Figure 1. The first stage produces a planar, high‐level road network using an LLM‐guided iterative
loop with external validation tools. The second stage refines the accepted high‐level structure by generating
lower‐level streets within planar regions using a Voronoi‐based procedure, yielding a hierarchical, multi‐layer
road network.

The inputs to the procedure are a reference city 𝒞0 and a user specification 𝒮 . The reference city 𝒞0 serves
as the calibration target and is represented as a compressed road‐network graph. The user specification 𝒮
is a natural‐language prompt describing the intended structure of the target city. It may include qualitative
descriptors (e.g., grid‐like, radial, organic) as well as quantitative preferences, such as an acceptable calibration
tolerance. The first stage generates a sequence of candidate cities 𝒞𝑘 indexed by the iteration counter 𝑘 .
The loop starts at 𝑘 = 0 and is bounded by the maximum number of iterations 𝑘max. Thus, 𝑘 denotes the
current iteration and 𝑘max denotes the hard stopping criterion. The variable 𝛿 denotes the current calibration
discrepancy between the reference and the candidate, i.e., 𝛿 = 𝑑 ⒧𝒞0, 𝒞𝑘⒭, where 𝑑 ⒧𝒞0, 𝒞𝑘⒭ ≥ 0 is the city‐to‐city
distance defined in Equation 1. In this article, 𝑑 is operationalised as the one‐dimensionalWasserstein distance
between the empirical distributions of road‐segment lengths in 𝒞0 and 𝒞𝑘 (Equation 2), so 𝛿 measures how
far the candidate’s length distribution deviates from the reference distribution. At the beginning of the loop,
we set 𝛿 = ∅, which denotes the absence of feedback from a previous candidate. In subsequent iterations,
𝛿 becomes a numeric value that is used as structured feedback passed into the generator. The acceptance
threshold is denoted by 𝜀, and a candidate is considered sufficiently calibrated if 𝛿 ≤ 𝜀.

At each iteration, the LLM agent invokes the generative routine genHighLevelRoadNetwork(𝒮, 𝛿) to
produce a candidate city 𝒞𝑘 . The term “LLM agent” refers to an LLM‐driven controller that (a) synthesises a
candidate high‐level road structure consistent with 𝒮 and (b) decides whether to regenerate based on
tool‐based validation results. Two tools are available to the agent. The tool isPlanar⒧𝒞𝑘⒭ returns a boolean
value indicating whether the candidate road graph is planar, and the tool wassersteinDistance
computes the calibration discrepancy 𝛿 = 𝑑 ⒧𝒞0, 𝒞𝑘⒭. Planarity is treated as a hard feasibility requirement
because the subsequent hierarchical refinement procedure relies on extracting planar regions
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Stage 2. Hierarchical refinement
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llmGenerateHighLevelRoadNetwork �

 genHighLevelRoadNetwork

isPlanar ⒭ wassersteinDistance � ⒭

!isPlanar ⒭ AND

OR max "

#  $ %
VoronoiBasedGenerator

#& VoronoiBasedGenerator $

pass , isPlanar ⒭

% # &

Figure 1. Flowchart of the proposed two‐stage framework, where an LLM‐guided iterative loop generates a
planar high‐level road network and a hierarchical Voronoi‐based refinement adds lower‐level streets.

(faces/polygons) from the road embedding; therefore, non‐planar candidates are rejected by the stopping
condition. The loop terminates when either the acceptance condition holds, i.e., when isPlanar⒧𝒞𝑘⒭ is true
and 𝛿 ≤ 𝜀, or when the iteration budget is exhausted, i.e., when 𝑘 ≥ 𝑘max. The output of the first stage is the
final accepted high‐level candidate 𝒞𝑘 , which provides the arterial backbone for further refinement.
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The second stage (shown in Figure 1) performs hierarchical refinement of the accepted high‐level planar
road network by populating lower‐level streets within the planar regions induced by the backbone. Let 𝑃1
denote the set of level‐1 regions (faces) obtained from the planar subdivision defined by the high‐level
network returned by llmGenerateHighLevelRoadNetwork⒧𝒞0, 𝒮⒭. For each region 𝑝 ∈ 𝑃1, the
procedure VoronoiBasedGenerator(p) generates an internal lower‐level street layout and returns a set
of sub‐regions, i.e., new polygons created by this refinement. Conceptually, the Voronoi‐based generator
samples seed points inside 𝑝, constructs the Voronoi tessellation induced by these seeds, and then converts
selected cell boundaries into street segments, thereby partitioning 𝑝 into smaller blocks. Aggregating these
sub‐regions across all level‐1 regions yields the level‐2 region set 𝑃2, and applying an analogous refinement
step once more to all regions in 𝑃2 yields the level‐3 region set 𝑃3. The final multi‐level city representation is
the union 𝑃1 ∪ 𝑃2 ∪ 𝑃3, which encodes the full three‐level hierarchical subdivision and the corresponding
street network generated within each level. The synthetic streets obtained at each level are assigned the
corresponding road classes.

4. Numerical Experiments and Validation

We evaluate the LLM‐backed synthetic city modelling method by conducting a set of experiments where the
target was the main road network of Warsaw’s Ochota district. The goal was to generate a synthetic
high‐level road graph that (a) matches a selected statistical property of the reference system—namely, the
distribution of road‐segment lengths—and (b) is planar, because planarity is required for extending the
network with lower‐level streets using a Voronoi‐based procedure. In addition to this main experiment, we
conducted supplementary analyses to assess the applicability of the framework to reference systems with
different spatial organisations, its robustness across different LLM backends, and its sensitivity to the
temperature parameter. We start by describing the experimental design (Section 4.1); next, we present the
computational results (Section 4.2); and finally, we discuss the experimental outcomes (Section 4.3).

4.1. Experimental Design

The experiment tests whether the proposed LLM‐centred framework can reproduce selected quantitative
characteristics of a real‐world district without copying its geometry. We use the Ochota district in central
Warsaw (approximately 3 km in diameter) as the reference system. The intended outcome is therefore not a
geometric replica of Ochota, but a structurally plausible alternative road network that matches the chosen
calibration targets and can serve as a backbone for hierarchical refinement.

Road network data for Ochota were obtained from OpenStreetMap and converted into a weighted,
undirected graph as described in Section 3.1. We retained only roads labelled with the OpenStreetMap tags
“motorway,” “trunk,” “primary,” and “secondary,” treating them as the district’s high‐level transportation
skeleton. The graph was then cleaned so that vertices correspond only to true junctions and endpoints:
Intermediate shape points along road polylines were removed by compressing degree‐2 paths into single
weighted edges while preserving total segment lengths (Section 3.1.3). The resulting preprocessed graph
constitutes the reference city 𝒞0 used for calibration.

To isolate the contribution of the LLM layer, we compare two generation settings that share the same
reference city 𝒞0, the same acceptance thresholds, and the same evaluation pipeline: (a) a non‐agentic
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baseline in which a high‐level road network is generated using the Voronoi‐based generator without
iterative parameter updates (Bauer et al., 2010) and (b) an LLM‐guided loop in which the full iterative
procedure in Stage 1 is executed, i.e., the LLM produces candidate networks and uses tool‐based feedback
(isPlanar, wassersteinDistance) to refine its subsequent proposals until acceptance. For the
LLM‐guided experiments, we used Claude Opus 4.5 with temperature set to 1.0, top 𝑝 = 1.0, a context
window of 200,000 tokens, and a Wasserstein acceptance threshold of 𝜀 = 0.05. In the LLM‐guided setting,
we use a hard stopping criterion of 𝑘max = 30 iterations. If the acceptance conditions are not met within the
budget, the best‐so‐far candidate is retained for reporting.

In both settings, we quantify similarity to the reference using the road‐segment length distribution
discrepancy defined in Section 3.1.2. Concretely, for each generated graph, we compute (a) the
one‐dimensional Wasserstein distance between the normalised empirical road‐segment length distributions
of the reference and the generated network (Equation 2) and (b) the two‐sample Kolmogorov–Smirnov (KS)
distance between the corresponding empirical cumulative distribution functions (ECDFs; Equation 3, defined
in Section 4.2.1).

After obtaining an acceptable planar high‐level graph, we apply the Voronoi‐based subdivision procedure
twice to generate two additional lower road levels, producing a three‐level synthetic road network
consistent with the hierarchical generation setup in Stage 2. These extended networks are used for
qualitative illustration. To quantify variability, we run each setting for 𝑛 = 16 independent trials. The next
section reports the distributions of Wasserstein and KS distances, along with representative qualitative
examples of generated networks.

4.2. Results

4.2.1. LLM‐Based Approach and Voronoi‐Based Approach Comparison

We evaluate whether the proposed LLM‐centred loop (Stage 1) improves calibration of synthetic road
networks relative to a non‐agentic Voronoi‐based baseline. In both settings, the reference city 𝒞0 is fixed,
and each run produces a candidate high‐level network 𝒞𝑘 . In the baseline setting, a single candidate 𝒞1 is
generated directly by the Voronoi‐based generator using fixed (default) settings (i.e., without iterative
updates of generation parameters). In the LLM‐guided setting, candidates are generated iteratively and
updated using tool‐based feedback, and the loop terminates when isPlanar⒧𝒞𝑘⒭ holds and 𝛿 ≤ 𝜀, or when
𝑘 ≥ 𝑘max. For each generated graph, we compute the one‐dimensional Wasserstein distance 𝑑 ⒧𝒞0, 𝒞𝑘⒭
(Equation 2) between the normalised empirical road‐segment length distributions of the generated network
and the reference Ochota graph. The implementation of the proposed framework, together with
example prompts and selected response logs, is publicly available at https://github.com/AdamKasinski/
synthetic_cities.

Using the Voronoi‐based generator, we generated 𝑛 = 16 independent graphs and computed theWasserstein
distance for each run. Figure 2 shows two sample synthetic cities generated after Stage 1 (blue) and after
Stage 2 (red). The baseline achieved a mean Wasserstein distance of 𝑊 = 0.105 with a standard deviation
of 0.0316.
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With the LLM‐guided generation, we executed the full LLM‐guided loop (Stage 1) for 𝑛 = 16 independent trials
with a hard stopping criterion of 𝑘max = 30 iterations. In all 16 trials, the method returned a planar high‐level
graph within the iteration limit and produced the Wasserstein distances reported in Table 2. The number of
iterations required for acceptance varied substantially across runs, ranging from 2 to 28, with a mean of 14.
The observed variability was strongly affected by the conversational context in which the model was run.
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Figure 2. Two examples of the synthetic city generation process for Ochota District. The left column shows
the planar high‐level road backbones generated in Stage 1, and the right column shows the corresponding
three‐level networks obtained by two Voronoi‐based refinement steps in Stage 2.

We also assessed distributional similarity using the two‐sample KS distance, which captures the maximum
pointwise deviation between ECDFs. Let ̂𝐹0 and ̂𝐹𝑘 denote the ECDFs of the (normalised) road‐segment length
samples from the reference city 𝒞0 and a generated candidate 𝒞𝑘 , respectively. The KS distance is defined as:

𝐷KS ⒧𝒞0, 𝒞𝑘⒭ = sup
𝑥 ∈ℝ

 ̂𝐹0(𝑥) − ̂𝐹𝑘 (𝑥) (3)
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Table 2. Wasserstein, KS, and Cramér–von Mises (CvM) distances for the 16 LLM‐guided runs (planar and
within 𝑘max = 30 iterations).

Run Wasserstein distance KS distance CvM distance

1 0.058 0.098 0.028
2 0.042 0.135 0.072
3 0.050 0.161 0.088
4 0.041 0.076 0.024
5 0.019 0.073 0.013
6 0.002 0.049 0.008
7 0.044 0.061 0.015
8 0.059 0.122 0.031
9 0.038 0.073 0.019
10 0.054 0.126 0.053
11 0.049 0.179 0.114
12 0.073 0.122 0.047
13 0.048 0.110 0.032
14 0.050 0.073 0.020
15 0.043 0.089 0.028
16 0.025 0.049 0.011

Mean 0.043 0.100 0.038
Std 0.016 0.039 0.030

Across 𝑛 = 16 runs, the Voronoi baseline achieved a mean KS distance of𝐷KS = 0.156with standard deviation
0.026, whereas the LLM‐guided procedure achieved 𝐷KS = 0.100 with standard deviation 0.039.

We also report the two‐sample Cramér–von Mises (CvM) discrepancy, which captures the overall difference
between the ECDFs. Across 16 runs, the Voronoi‐based baseline achieved a mean CvM distance of 0.0881
(std. 0.0400), compared with 0.0377 (std. 0.0302) for the LLM‐guided procedure, indicating a closer overall
match to the road‐segment length distribution. The following visual comparisons show two randomly selected
examples from each method.

Figure 3 visualises the ECDFs of road‐segment lengths for the reference Ochota network (solid blue) versus
representative synthetic outputs (dashed red). The two upper panels (Voronoi‐based) exhibit visibly larger
vertical gaps between the ECDFs, indicating systematic distributional mismatch. Depending on the run, the
Voronoi generator tends to over‐ or under‐represent certain length ranges—most noticeably in the
lower‐to‐mid segment lengths—which translates into a larger maximum ECDF deviation. In contrast, the two
lower panels (LLM‐guided) show the red curve closely tracking the blue curve across most of the support,
with only small local departures.
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Figure 3. ECDFs of road‐segment lengths for Ochota (blue) and synthetic networks (red). Top row: Voronoi‐
based; bottom row: LLM‐guided.

Figure 4 shows the pointwise absolute differences between the ECDF of road‐segment lengths in Ochota
and the ECDF of each synthetic network, i.e.,  ̂𝐹Ochota(𝑥) − ̂𝐹synthetic(𝑥). In the Voronoi‐based examples, the
difference curves exhibit higher and more frequent peaks, indicating larger local mismatches between the
cumulative distributions over specific length ranges. In contrast, the LLM‐guided examples display generally
lower amplitudes and fewer pronounced peaks, meaning that the cumulative distribution of synthetic segment
lengths tracks the reference more closely across most of the support.

While the absolute‐difference curves quantify the magnitude of the mismatch, Figure 5 reports the
corresponding signed ECDF differences, ̂𝐹Ochota(𝑥) − ̂𝐹synthetic(𝑥), which reveal the direction of the deviation.
Positive values indicate that Ochota accumulates probability mass faster up to length 𝑥—i.e., Ochota has
relatively more short segments, so the synthetic network under‐generates short segments up to that
threshold. Negative values indicate the opposite—the synthetic ECDF is higher, meaning the synthetic
network over‐generates short segments up to 𝑥 . In the representative Voronoi‐based runs, the signed
differences show larger and more persistent departures from zero across parts of the length range,
suggesting systematic over‐or under‐generation in specific regimes, whereas the LLM‐guided runs remain
closer to zero, indicating fewer directional biases and a closer overall match to the reference distribution.
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Figure 4. Overlay of absolute ECDF differences between Ochota and synthetic road‐length distributions:
Voronoi‐based (blue) vs. LLM‐guided (red), shown for two representative runs.
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Figure 5. Overlay of ECDF differences between Ochota and synthetic road‐length distributions:
Voronoi‐based (blue) vs. LLM‐guided (red), shown for two representative runs.

Figures 6 and 7 summarise how the synthetic road‐segment length distributions compare to the Ochota
reference. In Figure 6, the Voronoi‐based examples show several bins where the synthetic distribution
visibly departs from Ochota, indicating local over‐ and under‐representation of specific length ranges.
The LLM‐guided examples still differ across bins, but the most visually prominent mismatches are typically
less pronounced in these representative runs. Figure 7 complements this by comparing quantiles directly:
points closer to the 𝑦 = 𝑥 line indicate better agreement across the full distribution, while systematic
deviations from the diagonal reveal mismatches in particular length regimes (e.g., short or long segments).
In the shown examples, the LLM‐guided outputs track the reference quantiles more closely than the
Voronoi‐based baseline.
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Figure 6.Differences between density histograms of road‐segment lengths (Ochota minus synthetic), overlaid
for Voronoi‐based (blue) and LLM‐guided (red), shown for two representative runs.
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This visual pattern is consistent with the quantitative KS results: The LLM‐guided procedure reduces the
maximum ECDF discrepancy (smaller KS distance), meaning it better matches not only the average segment
length but also the overall distributional shape, including the relative mass of short, medium, and long
road segments.

4.2.2. Results Across Different Reference Structures

To further assess applicability across urban structures, we generated synthetic cities for two additional
reference areas: Vienna’s Innere Stadt, representing a circular form, and Downtown Philadelphia,
representing a grid‐like structure. The synthetic examples were generated using the same procedure as in
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the Ochota experiment, so that the results remain directly comparable across cases. In both additional
reference areas, all generated cities were planar and satisfied the same Wasserstein acceptance threshold of
0.05. The mean Wasserstein distances were 0.024 for Innere Stadt and 0.049 for Downtown Philadelphia,
compared with 0.043 for Ochota. The corresponding KS values were 0.141, 0.153, and 0.100, while the
CvM values were 0.115, 0.235, and 0.038, respectively. The weaker performance for Downtown
Philadelphia should be interpreted in light of the greater size and structural complexity of the reference
system, which contains approximately 70 road segments, compared to about 40 in the Ochota case. At the
same time, the obtained discrepancies remained below the adopted Wasserstein threshold and were still
better than those observed for random graphs of comparable size, which yielded mean values of 0.09 for
Wasserstein, 0.40 for KS, and 1.73 for CvM. Figure 8 presents representative high‐level road networks
generated for the additional reference structures under different prompts at the first stage of the
framework, before hierarchical refinement is applied, showing that the method can produce multiple
variants while preserving the main structural characteristics of each reference layout. Taken together, these
results indicate that the framework generalises beyond a single reference morphology, although calibration
becomes more demanding for larger and more structurally complex road systems.
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Figure 8. Synthetic road networks generated for three reference districts under five prompt types, illustrating
the diversity of outputs obtained for each input layout.

4.2.3. Cross‐Backend Comparison

To evaluate the robustness of the proposed method across different model families, we replicated the
Ochota experiment using several LLM backends, namely Claude Opus 4.5, Gemini 3, Qwen 3.5, and Kimi
K2.5. These supplementary experiments were intended to assess whether the proposed framework depends
strongly on a specific model backend, or whether the same generation‐and‐validation procedure can be
applied more broadly across different LLMs. All experiments were conducted under the same configuration,
with the Ochota district as the reference structure, a Wasserstein acceptance threshold of 0.05, and
identical remaining generation parameters. For each backend, we generated 16 synthetic cities. In all cases,
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the convergence rate to a valid output was 100%. The results show that the proposed framework remains
effective across different LLM backends, although the relative ranking of models depends on the metric
considered. Claude Opus 4.5 and Gemini 3 achieved the same mean Wasserstein distance of 0.043, but
Claude produced lower KS and CvM discrepancies (0.100 and 0.038, respectively) than Gemini 3 (0.131 and
0.087). Qwen 3.5 achieved the lowest mean Wasserstein distance (0.016), yet this was accompanied by
higher KS and CvM values (0.150 and 0.109), indicating a weaker match of the overall road‐segment length
distribution. By contrast, Kimi K2.5 achieved the lowest mean KS distance (0.091) while also maintaining
competitive Wasserstein and CvM values (0.040 and 0.038). Taken together, these results indicate that the
proposed framework is transferable across the tested LLM backends, in the sense that the same
generation‐and‐validation procedure remains applicable across multiple models. At the same time, backend
choice affects which aspect of distributional similarity is matched most closely.

4.2.4. Temperature Sensitivity Analysis

In the main experiments, the temperature parameter was set to 1.0. This choice was motivated by the
exploratory character of the proposed framework. Because the method operates within an iterative
generation‐and‐validation loop, a higher temperature was intended to encourage the model to explore a
broader range of candidate network structures rather than produce overly deterministic outputs, while the
external validation procedure—including the planarity check and the Wasserstein‐distance‐based feedback—
acts as a stabilising mechanism that filters out invalid or poorly calibrated candidates. To assess the
sensitivity of the framework to this parameter, we conducted a controlled temperature analysis. Due to
technical constraints of the command line interface environment used for the primary Claude experiments,
the temperature parameter could not be directly modified in that setting. We therefore repeated the Ochota
experiment using the Gemini backend and evaluated the framework at four temperature values: 𝑇 = 1.0, 0.5,
0.2, and 0.0. The results suggest that the proposed framework is only moderately sensitive to temperature
within the tested stochastic range. The mean Wasserstein distances for 𝑇 = 1.0, 0.5, and 0.2 were relatively
similar, at 0.043, 0.046, and 0.045, respectively. The most pronounced deterioration was observed for the
deterministic setting 𝑇 = 0.0, for which the mean Wasserstein distance increased to 0.089. The KS and CvM
values also varied across temperature settings, but they did not reveal a strong or monotonic relationship.
Overall, these results indicate that temperature influences the outputs of the framework, but that the
differences among stochastic settings remain limited, whereas fully deterministic generation performs
less favourably.

4.3. Discussion

The results show that the LLM‐guided procedure produces high‐level road networks whose road‐segment
length distributions are closer to the reference layout than those generated by the non‐agentic Voronoi
baseline. Using Wasserstein distance as the primary calibration measure, the LLM‐guided runs achieved a
lower mean discrepancy (𝑊 = 0.043, std. 0.016, 𝑛 = 16) than the baseline (𝑊 = 0.105, std. 0.0316, 𝑛 = 16),
corresponding to an approximately 2.5‐fold reduction in mean error. The same pattern appears for the
KS distance, whose mean decreased from 𝐷KS = 0.156 (std. 0.026) for the baseline to 𝐷KS = 0.100
(std. 0.039) for the LLM‐guided runs. Taken together, these results indicate that the iterative LLM‐guided
loop more consistently steers generation towards candidates whose segment‐length statistics align with the
reference distribution.
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In all 16 runs, the LLM‐guided procedure returned a planar high‐level graph within the iteration limit. This
is important because the subsequent hierarchical extension relies on extracting faces and refining them with
the Voronoi‐based subdivision. The qualitative examples in Figure 2 show that the accepted planar backbones
can be extended into coherent multi‐level synthetic networks.

Additional experiments broaden these findings in three directions. First, applying the framework to Vienna’s
Innere Stadt and Downtown Philadelphia showed that it can generate planar synthetic cities for reference
systems with markedly different spatial organisation, although calibration becomes more demanding for
larger and more structured networks. Second, experiments with Gemini 3, Qwen 3.5, and Kimi K2.5 showed
that the same generation‐and‐validation procedure remains applicable across multiple LLM backends, even
though the relative ranking of models depends on the metric considered. Third, the temperature‐sensitivity
analysis indicated only moderate sensitivity within the tested stochastic range, while the deterministic
setting performed less favourably.

At the same time, the current framework uses a simplified high‐level representation to keep the structural
description concise and easier for the LLM to process reliably. This representation can subsequently be
extended in a post‐processing step to obtain a more realistic transport network. In particular, each undirected
edge may be converted into one or two directed edges to represent one‐way and two‐way streets, while the
hierarchical information already used in the model can serve as a basis for assigning road classes and related
attributes. Additional restrictions, such as turn limitations at intersections, may then be introduced
probabilistically, with their likelihood depending on the classes of the intersecting roads. The relevant
parameters could be estimated from spatial or transport datasets, allowing the generated structures to be
enriched with more realistic operational detail without changing the core generation procedure.

5. Conclusion

This article presents a new approach to synthetic city generation that uses LLMs to connect high‐level
natural‐language requirements with quantitative validation. The proposed framework has two stages. First,
an LLM‐guided iterative loop generates a planar, high‐level road network (the arterial backbone) and refines
successive candidates using tool‐based feedback. Second, the accepted planar backbone is hierarchically
refined using a Voronoi‐based procedure that generates lower‐level streets within the planar regions
induced by the backbone, yielding a multi‐level road network.

We demonstrate the method’s applicability on a real‐world OpenStreetMap dataset. Numerical experiments
show that the proposed method improves similarity to the reference city relative to a non‐agentic
Voronoi‐based baseline. When calibration is defined by the road‐segment length distribution, the
LLM‐guided runs achieved lower discrepancies than the baseline in both Wasserstein distance (mean
0.043 vs. 0.105 over 𝑛 = 16 runs) and KS distance (mean 0.100 vs. 0.156). In addition, all LLM‐guided runs
produced planar high‐level graphs, enabling the downstream hierarchical extension step based on
planar subdivision.

Supplementary experiments further showed that the framework remains applicable across reference systems
with different spatial organisation and across multiple LLM backends, although calibration becomes more
demanding for larger and more structured networks and model rankings depend on the evaluation metric.
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Temperature sensitivity was moderate within the tested stochastic range, while fully deterministic generation
performed less favourably.

The main advantage of the proposed method is that it simultaneously exhibits four desired properties that
are largely missing from existing approaches: It supports calibration to a reference city, enforces conditional
constraints such as planarity and a similarity tolerance, supports zero‐shot customisation through new
prompts and reference inputs, and uses semantic reasoning to translate qualitative requirements into
measurable checks. In this way, we demonstrate that LLMs can be incorporated into the synthetic city
generation process and that doing so improves the quality of the generated cities under the adopted
evaluation metrics.

The current evaluation focuses on a single calibration target: the normalised distribution of road‐segment
lengths. Future work should extend the calibration objective to include additional complementary
transport‐network characteristics (e.g., intersection density and degree statistics, orientation distributions,
circuity, or routing‐based measures such as APLS), and investigate multi‐objective calibration in which
several metrics are optimised simultaneously. Another important direction for future work is to enrich the
simplified high‐level graph representation with additional transport attributes, such as directionality, road
classes, capacities, or turn restrictions, thereby improving the realism of the generated networks and
broadening their applicability in simulation studies.
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