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ABSTRACT

It is increasingly important to generate synthetic populations with
explicit coordinates rather than coarse geographic areas, yet no
established methods exist to achieve this. One reason is that latitude
and longitude differ from other continuous variables, exhibiting
large empty spaces and highly uneven densities. To address this,
we propose a population synthesis algorithm that first maps spatial
coordinates into a more regular latent space using Normalizing
Flows (NF), and then combines them with other features in a Varia-
tional Autoencoder (VAE) to generate synthetic populations. This
approach also learns the joint distribution between spatial and
non-spatial features, exploiting spatial autocorrelations. We demon-
strate the method by generating synthetic homes with the same
statistical properties of real homes in 121 datasets, corresponding to
diverse geographies. We further propose an evaluation framework
that measures both spatial accuracy and practical utility, while en-
suring privacy preservation. Our results show that the NF+VAE
architecture outperforms popular benchmarks, including copula-
based methods and uniform allocation within geographic areas.
The ability to generate geolocated synthetic populations at fine
spatial resolution opens the door to applications requiring detailed
geography, from household responses to floods, to epidemic spread,
evacuation planning, and transport modeling.
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1 INTRODUCTION

In data-driven Agent-Based Models (ABMs) [46], it is crucial to
place agents or elements of the environment at specific geographic
coordinates. For instance, in ABMs of household responses to flood
risk, homes must be located at coordinates with varying exposure
to inundation [26, 30, 45]. Similarly, in epidemiological ABMs, indi-
viduals need to be placed at real residences, schools, or workplaces
to capture realistic patterns of disease spread [6, 44]. Beyond these
cases, geolocation is also critical in applications such as traffic simu-
lation, urban mobility, and evacuation planning, where distance and
spatial constraints shape interactions [32]. For all these examples,
geographic aggregates such as postcode areas or administrative
units are not sufficient.

In an ideal setting, spatial ABMs could be initialized directly
from geolocated data. In practice, however, this is rarely feasible,
often due to privacy concerns, since geolocation can easily reveal
individual identities. This creates the need for methods that con-
struct synthetic populations of individuals or of the places where
they live and work, such as homes, schools, or workplaces. In some
cases, spatial information may be available from GPS traces, land-
use maps, or similar sources, in which case the task reduces to
assigning synthetic agents to specific places—a process still typi-
cally guided by rules of thumb [17, 58? ]. More commonly, only a
geolocated sample is available, without land use maps or similar
spatial information. The sample may be in a secured server, and it
may not be possible to directly use the data for ABM simulation.
The challenge then is to generate geolocated synthetic populations
that reproduce the observed geographic distribution—for instance,
placing residential units in residential areas rather than in water
bodies or industrial zones. To the best of our knowledge, no exist-
ing method can generate geolocated synthetic populations directly
from a geolocated sample, without relying on additional spatial
data or heuristic assumptions.

One reason why population synthesis methods have so far strug-
gled to incorporate geographic coordinates is simply that it is dif-
ficult. Spatial data involve large empty areas and highly variable
densities, and treating coordinates like standard continuous vari-
ables that have far more regular distributions is unlikely to yield
meaningful results. The common alternative has been to use geo-
graphic aggregates (such as census tracts or provinces) as discrete
variables [7, 10, 11, 19, 57], but this approach is far from ideal, even
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Figure 1: Overview of the proposed population synthesis generation approach. The real geolocated population is given as input
to the generator. Normalizing Flows are trained to map the real geographic coordinates to a simple latent space. Together
with all other home features, these latent coordinates are used to train a Variational Autoencoder. Finally the Variational
Autoencoder samples synthetic populations that resemble the input data. Left and right panels compare a random sample of
1,000 real and synthetic homes (respectively) in the province of Turin (gray lines). Synthetic data reproduces real patterns, with
higher presence of garage in the outskirts of Turin city (black lines in the maps), and lower presence in the city center.

beyond the issue that it may provide a too coarse grained spatial
description. Using categorical variables for space is problematic
partly due to the curse of dimensionality, and partly because it ig-
nores spatial correlations. For example, when generating synthetic
homes, a model may learn from the sample that in census tracts
in the center of a historical city it is unlikely to find homes with a
garage, yet this information does not transfer to adjacent tracts in
the city, as a tract downtown is treated like a tract in the outskirts.

In this paper, we introduce a method for constructing synthetic
populations with geographic coordinates, addressing both chal-
lenges outlined above in a unified framework. First, we tackle the
non-regularity of spatial data by mapping coordinates into a latent
space using Normalizing Flows (NF), a recently developed class of
neural networks [47]. Next, we feed these latent coordinates, along
with other features, into a Variational Autoencoder (VAE) [36], so
that their joint representation in a second latent space captures
correlations between spatial and non-spatial variables. As a genera-
tive model, this framework allows us to produce arbitrarily many
synthetic samples that replicate both spatial distributions and fea-
ture relationships. Figure 1 qualitatively shows the accuracy of our
approach and provides a schematic representation of the generative
model. Examples for other provinces and different attributes are
available in Supplementary Materials (SM)!.

Because this is the first paper generating a synthetic population
with geographic coordinates from a geolocated sample only, there
are no off-the-shelf evaluation methods. Thus, a contribution of
this paper is to propose an evaluation protocol that can be used
by future methods that build on our work. Specifically, our proto-
col evaluates models along three dimensions: fidelity, utility, and
privacy. Fidelity measures how closely the synthetic population
resembles the real one. Utility assesses whether the synthetic data
can be effectively used for real-world tasks. Privacy ensures that no
sensitive information from the original individuals can be inferred
or recovered from the synthetic population.

We find that our method (NF+VAE) beats other baselines at the
combination of these metrics in the two case studies evaluated:
(i) the generation of synthetic homes using a mortgage dataset
in Italy [12]; (ii) the generation of homes listed in Airbnb in 15
cities [1, 2]. In both cases, the inclusion of NF is crucial to obtain

ISM is available at https://github.com/jaclenti/NFVAE-population-synthesis/blob/
main/SM-Population-synthesis-with-geographic-coordinates.pdf
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an accurate mapping of the geographic coordinates, while the use
of the VAE allows us to capture spatial autocorrelation better than
other traditional methods.

Summarizing, NF+VAE is an adaptable method that can be used
to generate geolocated synthetic populations with a combination
of numerical and categorical features. Moreover, due to the loss
of information during the VAE encoding, the synthetic popula-
tion does not replicate individual records from the original dataset,
thereby fully preserving privacy. Our approach opens the door
to improved sharing of geolocated sensitive data, by producing
synthetic datasets that remain faithful to the real ones, while safe-
guarding user privacy.

Example. Our main case study concerns synthetic homes used as
mortgage collateral. In collaboration with Intesa Sanpaolo (one of
the leading commercial banks in Italy) and Intesa Sanpaolo Innova-
tion Center, we developed an ABM to study the impact of flood risk
on housing prices, as households shift their demand from at-risk
homes to safer ones. For this application, it was essential that the
geographic distribution of homes in the simulation reflected actual
flood risk maps: it would make little sense to place most homes in
high-risk zones if only a small fraction are located there in real-
ity. At the same time, spatial information is highly sensitive, since
precise coordinates could make it possible to identify individual
clients. These two conditions illustrate a typical use case for our
model. By building synthetic populations of homes, we can recreate
geographic distributions present real data, while avoiding privacy
leakage of sensible information about the bank’s clients. Finally,
the synthetic populations can be used as input of the ABM simula-
tions, thus maintaining the properties of the original dataset and
preserving privacy.

Related work. Population synthesis typically combines a few prin-
cipled methods with many problem-specific assumptions [3]. Our
contribution falls within the class of sample-based methods [15, 29],
where a sample is available from which all relevant statistical dis-
tributions can be learned and new instances generated. This differs
slightly from the classical population synthesis problem, where one
typically has a sample at a higher geographic aggregation and mar-
ginal distributions at the desired aggregation, often addressed with
Iterative Proportional Fitting [11]. Sample-free methods also ex-
ist [10, 19], and active research is comparing them to sample-based
approaches [39].
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While several directions have been explored within population
synthesis (e.g., matching individuals to households [7, 56]), two are
particularly relevant for our work. One line of research concerns
the use of generative modeling, and VAEs in particular, for popu-
lation synthesis [4, 13, 15, 29, 50]. A key advantage is that, being
probabilistic rather than deterministic, VAEs never return exact
copies of individuals from the training sample, thereby prevent-
ing identification. Probabilistic approaches were already available
through Bayesian Networks [54, 58], Gibbs Sampling [25], and re-
lated methods. However, deep learning approaches offer at least
two advantages in population synthesis. First, it helps overcome
the curse of dimensionality, since traditional methods scale poorly
with the number of features, and categorical variables treated with
one-hot encoding further increase the dimensionality. Second, it ad-
dresses zero-cell problem, exploring novel plausible combinations
of features.

Another line of research concerns geolocated synthetic popula-
tions, moving beyond geographic aggregates. This area has received
much less attention. A common approach is to distribute units ran-
domly within polygons such as neighborhoods or along lines such
as roads, as in the SPEW package [28]. When map information is
available, for example land use maps or GIS features [17, 587 ], it
can be used to place agents more precisely according to heuristic
rules, such as avoiding industrial areas or water bodies for house-
holds. Our work is complementary to this research: it enables the
assignment of geographic coordinates to agents in a principled
manner even when map information is not available, provided that
a sample with localization data exists.

In the wide context of synthetic data, the evaluation of the gen-
erated samples is an active field of research. Synthetic data are
used for different purposes, such as data sharing [8], improvement
of downstream models [20], and fairness [55]. As synthetic data
are required to be similar to real data, univariate and multivariate
distance measures are employed [17, 23, 33]. Along with fidelity,
privacy is a major concern, as many measures can be defined with
different assumptions on the data or model availability to the at-
tacker [16, 18, 43]. As in our work, utility is a common choice for
assessing the quality of the synthetic data [31, 33, 52]. Additionally,
synthetic data are evaluated in terms of expressivity, efficiency,
diversity, and generalization [5, 18].

2 PROBLEM STATEMENT

We consider a dataset D of size N¥, consisting of variables x1, . . ., xp.
Among them, x; and x3 correspond to latitude and longitude, while
the remaining features may be numeric, integer, categorical, or
boolean. Our goal is to develop a generative model G that produces
a synthetic dataset D = G(D, N) of size NS with the same vari-
ables of D. Specifically, D should satisfy the following properties:

o Fidelity. Synthetic data should be similar to the original data.
For a distance function d, we require d(D, ﬁ) to be small. The
distance function can be defined in multiple ways, depending on
whether the emphasis is on spatial coordinates, other features,
or their combination.

o Utility. Synthetic data should be useful to draw realistic conclu-
sions about the original data. If mp denotes a model trained on
D, and mp the same model trained on D, then their output on
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a common input should be similar. Formally, for a distance d
defined on the output space of m, we require d(mp (D), mp (D))
to be small.

Privacy. Synthetic data should not reveal sensitive information
about individuals in D. We partition D in D! and D?. D! is used
to train the generative model, i.e. D' := G(D',N%). Given a
distance function returning the minimal distance between a
sample p and the elements of a population, privacy requires
that a classifier cannot determine whether p was used in the
training of the generative model. In other terms, considering
p1 €Djand py € D?, the distances d(pl,ﬁl) and d(pz,f)l) do
not help a classifier detecting if p; € D1. This approach is in
line with the Membership Inference Attacks (MIA) [18, 51, 53]
and evaluates if the generative model unintentionally exposes
sensitive information contained in the real data.

To address this problem, we first formalize the design of G. After-
wards, we propose meaningful distance measures and predictive
models that operationalize fidelity, utility, and privacy. Finally, we
compare G against competitive generative approaches across these
evaluation criteria.

3 METHODS

We develop a model that takes as input a dataset of units, each
associated with spatial coordinates. These units may represent
homes, as in our case studies, or any type of geolocated entity.
Each unit can be described by categorical, real, or discrete features.
The output of the model is a synthetic dataset of variable size
that reproduces the joint distributions of the features with realistic
spatial pattern, without replicating the original data.

3.1 Preliminaries

Our proposal NF+VAE is a generative model that combines Nor-
malizing Flows (NF) and Variational Autoencoders (VAE). In this
section, we introduce these two frameworks. We point to [47] and
[21, 36] for more extensive reviews in the topics.

Normalizing Flows. Normalizing Flows (NF) are a class of models
that transform a simple distribution Z into a more complex dis-
tribution X through a sequence of K invertible mappings f;, each
parameterized by 6. Their invertible structure enables efficient map-
ping in both directions, from Z to X and vice versa. The overall
transformation can be written as x = fp(z) = fx o... 0 fa o fi [47],
where z ~ Z. Since f; is bijective, it is possible to use the change of

variable formula,
af1
det( i ) det(
0z

where z; = fi(z;—1). In practice, f; are chosen so that the Jacobian
determinants in Equation (1) are efficient to compute, ensuring
tractable log-likelihoods. Training proceeds by minimizing the KL
divergence between the data distribution and the flow-based model.
In such a way, the model learns 6 and, consequently, the bijective
mapping between the base and data distributions. The forward pass
maps data into the simple base space, while the backward pass
maps samples from the base back to the real data distribution. NF
are widely adopted with different goals. In generative modeling,

=po(2) Y

K
po(x) =po(2) | | -
i=1
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they allow to generate new samples by drawing z ~ Z and apply-
ing fp(z), while in variational inference they provide expressive
approximate posteriors when the true posterior is unknown. In
our settings, Normalizing Flows represent flexible frameworks for
capturing complex geographic patterns in a simple latent space.
A wide array of flow architectures have been proposed, including
Planar and Radial Flows, Autoregressive Flows, Piecewise Linear
and Piecewise Quadratic Flows [37]. In this work, we adopt Neural
Spline Flows [22], which are invertible transformations based on
monotonic rational-quadratic splines, offering both flexibility and
computational tractability.

Variational Autoencoders. Variational Autoencoders (VAE) are
another class of generative models widely adopted in machine learn-
ing [36]. VAE rely on two components, an encoder & and a decoder
D. The encoder & maps the original data distribution X into a
lower-dimensional latent space with a simple prior distribution
(typically Gaussian), Z = E(X). The decoder D reconstructs the
samples from the latent space back into the data space, X =D(2).
Both & and D are neural networks, whose parameters are learned
during a training phase. These neural networks are trained by min-
imizing a loss function that is composed of the reconstruction loss
LR and the KL-divergence Lk . On the one hand, L measures
the discrepancy between X and X to ensure the generated samples
resemble the original. On the other hand, L regularizes the latent
representation by aligning Z with the chosen prior distribution.
Since the latent space has dimension that is lower than the data
space, the encoding of &(X) implies a discard of information. As a
result, the decoder learns to generate new samples that are similar
to X, but not identical.

3.2 Generative Model

Our proposed model, NF+VAE, generates synthetic geolocated
data points by combining NF and VAE. Let D denote the target
n-dimensional dataset, and Dy, ,) € R? the subset of D contain-
ing only the geographic coordinates. We first train a NF that maps
D(x,y) into a simpler latent distribution, ONF € R?. This step is cru-
cial, because geographic coordinates usually encode highly complex
spatial patterns associated with natural and artificial constraints,
such as mountains, lakes, urban barriers, and areas with varying
population densities. Thus, the NF transforms Dy, into latent
coordinates Z(y ).

We then construct DNF | which is a copy of D, where D(x,y)
is replaced by Zy ,). Next, we train a VAE to generate synthetic

data resembling DVF . The encoder maps DNV into a k-dimensional
Gaussian latent space, with k < n, while the decoder reconstructs
the original space. We define the loss of the VAE as Lyr =
(ZGEO-EGEO + O(R.ER + aKLLKL, where (1) LGEO is the Euclidean
distance between the geographic coordinates of the original and
the synthetic data, (ii) Lg is the Euclidean distance between all
other features, and (iii) Lk is the KL-divergence between the en-
coded data and the Gaussian distribution. Since small errors of the
geographic coordinates in the synthetic data lead to the generation
of implausible samples, we decided to weight geographic features
more than the others features, by setting aggo > ar. Given the
granularity of our datasets, we are not interested in generating
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samples that differ too much from the available ones. For this rea-
son, we prioritize realistic reconstruction over excessive variation,
agr > agr. Once o = (aGgo, @R, @k 1) and the hyperparameters of
the neural networks are chosen, we can train the model.

In order to generate N° synthetic observations, we draw N°
k-dimensional Gaussian samples and feed them to the decoder. The
trained decoder maps these samples to the output n-dimensional
space, generating DNT. Therefore, we apply the trained NF to map

Da]c F )’ which is distributed as QVF, back to the realistic geographic

coordinates. This yields to the final synthetic dataset D, containing
NS observations and the same variables of D. Thanks to the design
of the loss, the generated samples are jointly distributed similar to
the original data. However, given the compression of information
induced by the encoder of the VAE, the generated samples are not
identical to the original ones.

3.3 Evaluation setup

We design an evaluation pipeline (see Figure 2) to compare the
synthetic populations generated by our proposed method against
a set of benchmark models. Following prior works on synthetic
data [18], we evaluate the quality of synthetic data along three di-
mensions, which are fidelity, utility, and privacy. First, the synthetic
data must closely resemble the original data, reproducing both dis-
tributional patterns and correlations among variables. Given the
inherent differences between geographic coordinates and the other
features, we adopt three complementary measures of fidelity based
on (i) geographic coordinates, (ii) spatial autocorrelation, and (iii)
local features. In SM, we also assess the fidelity of correlations be-
tween non-geographic features. Second, the synthetic data must
be useful, which means that the analyses performed on them must
yield insights comparable to those derived from the original data. In
practice, this implies that models trained on synthetic data should
provide results consistent with models trained on real data. Third,
synthetic data must preserve privacy. Consequently, the synthetic
data should not permit the recovery of individual information from
the original dataset.
Fidelity - Geographic coordinates. To assess the similarity of
the distributions of geographic coordinates, we adopt the sliced-
Wasserstein distance (SW) [42]. The Wasserstein distance, also
known as Earth mover’s distance, builds on Optimal Transport
theory, and it quantifies the minimal cost of transforming one dis-
tribution into another. Given two probability measures y and v on
a metric space (X, d), the p—Wasserstein distance is the minimal
expected cost of transporting mass to transforms p into v, where the
cost is measured as the p-th power distance between points. How-
ever, for more than one dimension, computing the Wasserstein dis-
tance becomes computationally expensive. The sliced-Wasserstein
distance mitigates the issue, by maintaining the properties of the
classical Wasserstein distance, while significantly reducing the com-
putational cost [38]. The sliced-Wasserstein distance, SW, projects
the high-dimensional distribution onto many one-dimensional sub-
spaces and averages the Wasserstein distance between such projec-
tions [14]. Relying on previous work, we set p = 2 [27].

The distance used to measure the fidelity of the geographic
coordinates is

4t = SW (D) Dixy) - @)
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Figure 2: Description of the evaluation framework, based on
fidelity, utility, and privacy. Fidelity measures (i) the simi-
larity of the distribution of geographic coordinates, (ii) the
similarity of the spatial autocorrelations, and (iii) the similar-
ity of the houses generated in each grid cells. Utility assesses
the quality of a model trained on synthetic data in predicting
the house prices in real data. Privacy measures the robust-
ness against membership inference attacks.

Fidelity - Spatial autocorrelation. Beyond geographic coordi-
nates, synthetic data should preserve feature correlations, partic-
ularly spatial autocorrelations. We measure this using Moran’s
Index [40], which measures the correlation between the spatial
proximity and the similarity of a variable of interest x for each
pairs of data points. Spatial proximity is measured through a weight
Z‘:l’ which assigns higher weights to pairs of
observations that are closer with each other. In our study, we adopt
a distance-based weight wi j = 14(x,y)<m> Where d(i, j) is the Eu-
clidean distance between the geographic coordinates and m the
first percentile of all pairwise distances d(x, y). In SM, we report a
robustness analysis with an alternative weighting function.

The computation of spatial autocorrelation for high-dimensional
data is an open problem, and we define a measure based on Principal
Components (PCs). From the real data, we remove the geographic
coordinates and we extract the first PCs, y1, . . ., y;, explaining 95%

matrix W = (wij)
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of variance, then project the synthetic data onto the same subspace.
For each y; we compute Moran’s Index for the real data, I;, and
for the synthetic data, ;. We then compute Moran’s Index of real
dataasI = 2521 AjIj, where A; is the eigenvalue associated with

the j-th PC. Analogously, I = Zﬁ.:l Ajfj is the Moran’s Index of the
synthetic data. The distance measure used to quantify the fidelity
of the spatial autocorrelation is

df =|r-1|. 3)

This definition of dg allows to reduce the number of features, while
assigning more weight to the most explanatory components.

Fidelity - Local features. Subsequently, we evaluate the fidelity
of the features at a local scale. Similar to previous work on syn-
thetic tabular data [34], we lay on Principal Component Analysis
(PCA) to evaluate the fidelity of the generative model. As done
for computing dg , we remove latitude and longitude, we extract
the PCs y, ..., y; from the real data explaining 95% of variance,
and then we project the synthetic data onto the same subspace.
Following methods from climate science and geography [9, 35],
we partition the study region into a uniform grid of step size 0.01°
(approximately 1km). For each cell ¢y, in the grid, we compute yj.’

and gj‘ which are the projections on y; of the real and synthetic
datasets, after filtering only the observations falling within cj,. We

1 2
compute d]ih = ‘21 Aj (yi’ - gﬁ’) , where 1; is the eigenvalue asso-
j=

ciated with the j-th PC. Finally, we average d{ , across the set of

grid cells C’, which are the cells containing more than zero units
both in real and synthetic data.

1
o 2

h:cpeC’

F

F
dp = dL,h

©)

In this way, we measure the fidelity of the synthetic data as
the average distance between the average real observation in a
grid cell and the average synthetic observation in the same cell.
By computing df only on C’, we exclude all empty cells in any
of the two datasets. Our motivations for following this choice are
that (i) cells that are not in C” are not useful to evaluate the feature
similarity between the two datasets, and (ii) spatial differences
across the dataset are already measured in dg
Utility. In order to assess the utility of the synthetic populations,
we want to quantify the discrepancy between the output of a model
trained on real data and the output of the same model trained on
synthetic data. This approach is also known as Train on Synthetic
Test on Real (TSTR) [24].

Relying on a typical real estate context, we develop a hedonic
regression model that estimates the home price from the other
features [49]. In the hedonic regression, we include the spatial fixed
effects, which quantify the effect of being in a specific subregion
on the home price. To account for this fixed effect, we include the
categorical variable xs encoding the subregion associated with each
observations, among the K available subregion.

Let xp be the home price, then we write the hedonic regression
task for home i as

logx, = Z wjx; + Z priyiog+ e,
J#Ep r

®)
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where i, is the spatial fixed effect related to subregion r, €’ is the
error term, and w; the regression coefficient for variable j. We call
mp the model (5) trained on the real data D, while mp denotes the

model trained on the synthetic data D.

To assess the utility of a synthetic population, we use mp and mp,
to predict the home prices on D, and then we compare the perfor-
mances of the two models. To this end, we denote with mp (D) the
home prices predicted by mp and mp, (D) the home prices predicted
by mp. Subsequently, we compute R%*(mp) = R?>(mp(D),x?) and
R? (mp) = Rz(mb(D), xP), where R? is the coefficient of determi-
nation. Finally, the distance measure used to quantify the utility of
the synthetic data is

d” = |R*(mp) — R:(mp)|. (6)

If dY is close to zero, this means that the synthetic data are as useful
as real data to accomplish the task of predicting home prices with
hedonic regression with spatial fixed effects.

Privacy. Many different measures have been proposed to quanti-
tatively assess the privacy of a synthetic dataset [18]. The general
goal is to ensure that synthetic data cannot be used to recover sen-
sitive information about individuals in the original dataset. In this
work we focus on the risk of membership inference [51, 53], where
an adversary attempts to determine whether a particular record
was used to train the generative model. Such attacks are concerning
because, in some cases, the presence of a record in the training set
may itself reveal sensitive information. For example, in our settings,
confirming that a home appears in the training implies that the
bank issued a mortgage to the homeowner.

To quantify this risk, we design the following procedure. First,
we define D! as a random sample of 95% of D. Second, we generate
a synthetic population D! by training the generative model on
D!. For any sample p € D, we define d(p, D') as the minimum
Euclidean distance between p and the closest y € D'. The distance
considers all spatial and non-spatial features, after standard one-
hot encoding and rescaling within [0, 1]. Third, we construct two
disjoint subsets, ZTRAIN and ZTEST by splitting D with a ratio
80-20. Using ZTRAIN we train a classifier C that predicts whether a
record p belongs to D! based only on d(p, D). Fourth, we evaluate
C on ZTEST using Area Under ROC Curve (AUC-ROC). The AUC-
ROC is commonly used in imbalanced datasets, and it measures
the probability that a classifier assigns to a random positive a score
higher than a random negative. Thus, the privacy preservation of
the synthetic population is measured as

pP = AuC-ROC(C(ZTE5T)) - 0.5. ()

In this way, if p¥ > 0, C may infer whether a record was part
of the training dataset better than random classifier. Since this
classification is done by simply matching the record with the most
similar observation in the synthetic dataset, this definition strongly
relates to the notion of privacy.

We considered a logistic regression as the classifier C in the main
text. In SM, we show that the results are robust considering other
classifiers.
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4 EXPERIMENTAL SETTINGS

Data description. We evaluated the generative model using two
buckets of dataset, data_isp and data_airbnb.

data_isp is a unique dataset owned by Intesa Sanpaolo (ISP),
one of the leading commercial banks in Italy. Specifically, we got
access to the data about the mortgages issued by Intesa Sanpaolo
between January 2016 and August 2024 (all data were treated with
a GDPR-compliant and privacy preserving protocol). For each mort-
gage, we have the information about the home given as collateral
that is the input of the generative model. The dataset contains 14
features, 4 features are numeric, 6 are boolean, and the remaining
4 are categorical. Numerical features include latitude, longitude,
surface, and sale price, while energy class, cadastral code, floor,
and construction year are categorical features. Boolean features in-
clude presence of air conditioning, annex (i.e., basement or rooftop
storage room), and garage among others. The dataset contains
549247 homes across 106 Italian provinces. We built one dataset
for each province containing the homes in the province at hand. 7
provinces have < 1,000 homes, 74 provinces have between 1,000
and 5, 000 homes, 11 provinces range between 5, 000 and 10, 000, and
14 provinces have > 10,000 homes. In SM, we provide additional
details of the features in data_isp.

Secondly, we evaluate the method on data_airbnb, which lay
on a public dataset of Airbnb provided by Inside Airbnb [2]. Airbnb
is a widely used online marketplace for short-term rentals, where
hosts describe their properties through a variety of attributes such
as location, number of rooms, available amenities, and price per
night. We selected a sample of 15 cities across different countries
and, for each city, we created a dataset comprising 1 categorical, 7
binary, 4 discrete, and 5 continuous features. A detailed description
of data_airbnb is provided in SM.

Benchmarks. We compare our proposed method, NF+VAE (see SM
for implementation details), with a set of benchmarks of particular
interest.

e VAE. As an ablation study, we generated synthetic data with
VAE, without transforming the geographic coordinates. In this

case, we use the same VAE architecture of NF+VAE.

Copula. We generate synthetic populations with Gaussian cop-
ula, relying on the implementation of sdv [48]. This method
fits a multivariate Gaussian distribution in a latent space, then
uses marginal inverse-CDF transformations to map latent sam-
ples into the original data domain. In such a way, it maintains
marginal distributions while approximating the correlations
through the Gaussian copula [41].

NF+copula. We transform the geographic coordinates with the
same NF used in NF+VAE, but replacing VAE with Gaussian
copula. In such a way, we evaluate also the contribution of NF
applied on a different generative model.

Global shuffle. This method samples the original observations
with replacement and then assigns geographic coordinates uni-
formly random within the region covered by the dataset. In our
case, the regions of the synthetic populations are the Italian
provinces (data_isp) and the cities (data_airbnb).

Local shuffle. Similar to the previous method but it samples
with replacement the observations in the original dataset, while
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Figure 3: Real and synthetic homes generated by the bench-
mark generators in the province of Turin. In this plot, for
each map we show a random sample of 1,000 homes, colored
by the presence of garage.

assigning random coordinates within the boundaries of the
same granular subregion of the sampled observation. The subre-
gions in data_isp are the postcode areas, while the subregions
of data_airbnb are the neighborhoods.

By choosing these benchmarks, we compare NF+VAE with a nat-
ural competitor (NF+copula), two ablated models (VAE and copula),
and two non-trivial null models (Global shuffle and Local shuffle).
For all benchmarks, we filter out the synthetic data points that fall
outside the borders of the region by matching them against the
region’s shapefile. In Figure 3, we show a visual representation of a
synthetic population for each method.

5 RESULTS

We evaluate model performance following the validation pipeline
described in Section 3.3, along the dimensions of fidelity, utility, and
privacy. Our main results show the performance of the model when
applied to data_isp, while we include an equivalent validation
analysis in the SM using data_airbnb.

Fidelity. First, we focus on the fidelity of geographic coordinates,
by computing the sliced-Wasserstein distance with 1000 projections.
As shown in Figure 4a, the methods that use NF achieve perfor-
mances comparable to Local shuffle (median dg: 0.022 for NF+VAE,
0.009 for NF+copula, and 0.024 for Local shuffle). By contrast, VAE
fails to adequately capture the geographic distribution (median dg:
0.095). This highlights the importance of transforming geographic
coordinates through a trained NF, before using them in the genera-
tive model. Second, when evaluating the spatial autocorrelations
(Figure 4b), we observe that the VAE-based methods capture spa-
tial dependencies better than copula-based methods (median dg :
0.028 for NF+VAE, 0.080 for NF+copula, and 0.043 for Local shuf-
fle). In SM we show that the results of Figure 4b are consistent
by choosing a different weighting function in the computation of
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Moran’s L. Third, in the local features fidelity (Figure 4c) NF+VAE
and NF+copula outperform the other methods (average distances:
0.391 for NF+VAE, 0.409 for NF+copula, and 0.410 for Local shuffle).
These results indicate that both methods generate plausible homes
within individual grid cells.
Utility. We use hedonic regressions, where the spatial fixed effects
are determined by the postcode areas for data_isp, and the neigh-
borhoods for data_airbnb. Since Local shuffle replicates the exact
same features of the original data, it achieves the highest utility.
However, when comparing the remaining methods, we observe
that NF+VAE and copula outperform Global shuffle (median d%:
0.196 for NF+VAE, 0.283 for NF+copula, 0.163 for copula, 0.206 for
Global shuffle). Since Global shuffle merely replicates homes with
random locations, the high utility achieved by NF+VAE (and cop-
ula) supports the importance of correctly replicating the spatial
distributions of samples in building reliable model. In the SM we
further validated the utility of the synthetic data considering a
classification task.
Privacy. Finally, we compare the privacy robustness against a Lo-
gistic Regression classifier for the analyzed benchmarks, Figure 4e.
We note that Local shuffle is significantly larger than 0, showing
weak robustness against membership inference attacks. This means
that it is possible to classify a data point as part of the training set
based on the closest synthetic data point. All other methods are ro-
bust against the classifier, as the privacy measure is not significantly
different from zero. In SM we provide an extension of Figure 4e,
showing that these privacy robustness is consistent across a set of
standard machine learning classifiers.
Summary. By looking at the overall results, we can detect the
following insights.

e The study of the ablated models reveal the importance of NF in
learning the spatial distributions.

VAE-based models capture the spatial autocorrelations, thus
favoring NF+VAE over NF+copula.

NF+VAE also produces synthetic populations that are useful for
downstream models.

All non-shuffle models are robust privacy attacks, thus exclud-
ing Local shuffle.
Overall, our experimental analyses show the superiority of NF+VAE
in the combination of fidelity, utility, and privacy. In SM we show

that similar conclusions hold for data_airbnb. However, in data_airbnb

we also notice that NF+copula achieves performances that are com-
parable to NF+VAE.

6 DISCUSSION

We proposed and evaluated a method for generating geolocated
synthetic populations that combines Normalizing Flows (NF) and
Variational Autoencoders (VAE). Our evaluation pipeline is based
on fidelity, utility, and privacy. Using this pipeline, we assess the
quality of our model, NF+VAE, across an extensive set of datasets
(106 in data_isp + 15 in data_airbnb). Overall, our approach
improves other competitors in terms of fidelity and utility, while
maintaining the privacy in the generation of geolocated units.

Flexibility. Our method requires minimal customization, beyond
standard preprocessing and the definition of network architectures.
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Figure 4: Distributions of evaluation metrics in data_isp. (a) Fidelity - Geographic coordinates, i.e., sliced-Wasserstein distance
geographic coordinates, (b) Fidelity - Spatial autocorrelation, distance between spatial autocorrelations in the PCs,(c) Fidelity -
Local features, distance between average home per spatial grid cell, (d) Utility, distance between R? in predicting real log-price
with a model trained with real and synthetic data, (e) Privacy, difference between AUC-ROC of a classifier trained to infer the
membership in the original dataset. Best performances are close to 0 in all methods. Detailed statistics in SM.

NF+VAE easily handles variables of different types and dimensions.
Additionally, it requires only the region shapefile, without the need
of additional geographic information, such as subregion boundaries,
streets, or points of interest.

Zero-cell problem. While traditional sampling-based methods strug-
gle to reproduce combinations of features that are not present in
the real data, NF+VAE generates novel but realistic combinations.
As shown in SM, Local shuffle only replicates existing samples, thus
failing to address zero-cell problem- Contrarily, NF+VAE produces
a median of 0.65 homes that are not present in the real data. This
strength characterizes this class of generative models: just as in
computer vision VAE produces realistic images not present in the
training data, NF+VAE can synthesize homes that are plausible but
not present in the original data.

Generalization. Although this work is motivated by housing market
analysis, the method naturally generalizes to many other domains.
In ABMs, geolocated populations can represent diverse spatial enti-
ties, such as households at their residences, workers at their work-
places, or students at their schools. Since privacy concerns usually
restrict the use of collected data, making synthetic data represents
a compelling alternative.

Towards standard evaluation. To our knowledge, this is the first
systematic comparison of synthetic population generators for ge-
olocated data. In accordance with the usual practices in machine
learning, we underline the importance of rigorous evaluation of
the proposed method, with a systematic benchmark against repre-
sentative baselines. We hope that this work fosters further research
on the evaluation of geographic synthetic data.

Limitations. Despite these strengths, several limitations remain.

Model implementation. Since NF+VAE combines two deep learning
approaches, it reflects a set of modeling and optimization choices.
Although we demonstrated that our design meets the initial re-
quirements, refined implementations of NF and VAE could further
improve the quality of the generated data.

Evaluation metrics. Our evaluation framework involves a set of ar-
bitrary choices to measure fidelity, utility, and privacy. The adopted
definitions and metrics are not exhaustive, and they can vary with
the application. For example, we evaluated utility based on the re-
gression of house prices, while alternative measures might be more
appropriate in other domains. In the case of ABMs, the utility could
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compare the ABM outputs when initialized with the real and syn-
thetic populations. Similarly, we focused on membership inference
as a privacy attack, but alternatives could provide equally relevant
insights. For instance, attribute inference attack aims to recover
sensitive individual attributes from the synthetic data and partial
knowledge of the real data. Given the absence of a unique superior
standard for privacy in synthetic data, we recognize that evaluation
must be tailored to the intended use case. Another possibility to
address privacy is to use generative models relying on differential
privacy. Thus, the level of privacy can be defined in advance.
Evaluation desiderata. In addition to fidelity, utility, and privacy,
the evaluation could include other features, such as efficiency and
expressivity [18]. Regarding efficiency, we acknowledge that train-
ing NF+VAE requires substantially more computational resources
than simpler approaches, such as copula-based or shuffle-based
generators. Our results, however, show that replacing the VAE with
copula maintains comparable performances and significantly re-
duces the training cost. Still, NF remains crucial for transforming
geographic coordinates in a convenient representation. As for ex-
pressivity, given the strong capabilities demonstrated by VAE in
other domains, such as image generation, we expect NF+VAE to
exhibit a comparable expressive power in population synthesis.
Benchmarks. The inclusions of additional baselines, such as Combi-
natorial Optimization, Generative Adversarial Networks (GANs), or
Bayesian Networks, would provide a more comprehensive assess-
ment. Our benchmarks comprises (i) a simple and valid alternative
(NF+copula), (ii) the ablated models to isolate the effect of NF, and
(iii) the suffle-based models, acting as null models.

Data availability. Finally, the effectiveness of NF+VAE depends
on data availability. Both VAE and NF perform best with large,
high-dimensional datasets, and may struggle with overfitting or
weak pattern learning when data are limited. However, given the
increasing availability of granular real-world datasets, we believe
our approach is applicable in a wide range of context.
Reproducibility. All code used for model training and evalua-
tion is available at https://github.com/jaclenti/NFVAE-population-
synthesis. Due to strict privacy regulations governing financial
data, we cannot release data_isp either at the individual or aggre-
gate level. However, all analyses conducted on the public available
data_airbnb are fully reproducible.
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