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Population synthesis with deep generative 
model: a joint household‑individual approach
Abdoul Razac Sané1*   , Rachid Belaroussi2†, Pierre Hankach3† and Pierre‑Olivier Vandanjon1† 

Abstract 

This paper introduces two novel deep generative frameworks for synthetic population generation that jointly model 
household and individual attributes. In leveraging Variational Autoencoders (VAEs), we propose herein the SVAE-Pop2 
method, which employs a single VAE with fixed-size padded inputs, along with the MVAE-Pop2 method, which uses 
dedicated models for various household sizes. Evaluated on a French household travel survey dataset, our experi‑
ments reveal that while both approaches effectively reproduce the actual population’s characteristics, MVAE-Pop2 
achieves greater fidelity in joint attribute distributions. The proposed methodologies suggest improvements in agent-
based simulations and urban modeling by means of generating realistic, multi-layered synthetic populations.

Keywords  Synthetic population, Machine learning, Deep generative model, Variational autoencoders, Household-
individual, Two layers

1  Introduction
Population synthesis is the process of generating a rep-
resentative synthetic population with realistic demo-
graphic and behavioral attributes in order to simulate 
social interactions and urban dynamics. As a prerequi-
site for agent-based modeling, it plays an important role 
in both computational and urban sciences and moreo-
ver is essential for developing intelligent, resilient cities. 
Serving as the foundational step in agent-based simula-
tions, population synthesis enables researchers to better 
understand human behavior and social dynamics, while 
enabling practitioners to make well-informed decisions. 
Population synthesis therefore contributes to multiscale 

urban modeling, which integrates different levels of 
urban data for comprehensive analysis; in addition, it 
supports mobility analysis and visualization, thereby 
facilitating the extraction of meaningful patterns from 
movement data.

One of the key aspects in the generation of syn-
thetic populations is the joint modeling of individual 
and household characteristics. Traditional approaches 
often treat individuals independently, ignoring the 
household structure. However, in transport and urban 
modeling, the ability to generate a two-layered popu-
lation is essential since an individual’s decisions and 
experiences depend on both personal attributes and 
family context. For example, in mobility studies, com-
mute patterns, car ownership and mode of transport 
are all strongly influenced by household composition, 
the employment status of other members, and shared 
resources (Fabrice  Yaméogo et  al. 2021). Similarly, in 
epidemiological studies, the spread of infectious dis-
eases is highly dependent on household structures 
since transmission dynamics are influenced by interac-
tions among cohabiting individuals (Goeyvaerts et  al. 
2017). An accurate representation of household-indi-
vidual interactions significantly enhances the realism 
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and predictive power of agent-based models across 
various domains.

Traditional approaches to generating two-layered 
synthetic populations can be broadly classified into 
three categories: Synthetic Reconstruction (SR), Com-
binatorial Optimization (CO), and Statistical Learning 
(SL) (Sun et al. 2018; Fabrice Yaméogo et al. 2021). Both 
SR and CO techniques construct synthetic populations 
by replicating individual records. These methods are 
predominantly deterministic, ensuring that the same 
input data always yield the same outcome (although CO 
methods can incorporate stochastic processes to opti-
mize the assignment of individuals to households). In 
contrast, SL methods generate synthetic populations by 
estimating the joint probability distribution of demo-
graphic attributes and then sampling from this distri-
bution, thus rendering them inherently stochastic.

Variational Autoencoders, which are a subset of the 
SL methods, have emerged as a promising machine 
learning approach for synthetic population generation 
and in recent years have been increasingly explored and 
compared to classical methods ever since the founda-
tional work of Borysov et  al. (2019a) to the methodo-
logical paper of Sané et  al. (2025). As deep generative 
models, VAEs offer several advantages over traditional 
approaches. Specifically, they can learn the joint dis-
tribution of both numerical and categorical attributes, 
hence enabling a more comprehensive representation 
of the population. One key advantage of machine learn-
ing-based methods is their ability to generate agents 
that are not present in the sample data, although this 
ability does come with the risk of producing unreal-
istic agents that do not exist in the actual population. 
Another notable benefit of these methods is their 
capacity to generate diverse synthetic populations even 
from small sample sizes.

Despite their potential, these models have, to date, 
been predominantly applied to the generation of syn-
thetic populations at a single layer—either households 
or individuals—rather than integrating both levels 
simultaneously.

Very recently, a few studies in synthetic population 
generation have leveraged deep generative models to 
jointly model household and individual characteristics 
(Aemmer and MacKenzie 2022; Qian et  al. 2024). As 
described in the literature review section below, the main 
limitation of the architecture proposed in Aemmer and 
MacKenzie (2022) is the possibility of generating incon-
sistent households, while the limitation of Qian et  al. 
(2024) lies the computation burden, which constrains 
operational applications.

This paper introduces a deep generative framework 
that harnesses the full potential of advanced neural 

architectures in order to generate two-layered synthetic 
populations. Its contributions are fourfold, as follows:

•	 SVAE-Pop2: we propose a novel approach that uses a 
Single Variational Autoencoder (VAE) to jointly gen-
erate entire households and their members in a uni-
fied, end-to-end process.

•	 MVAE-Pop2: we introduce an alternative architec-
ture based on a Multi-VAE framework, where a dis-
tinct VAE is trained for each household size, improv-
ing the model’s capacity to capture structure-specific 
dependencies.

•	 Empirical evaluation: We conduct a comprehensive 
evaluation of both approaches using a representative 
case study, highlighting their ability to generate real-
istic and coherent synthetic populations.

•	 Open and reusable codebase: We provide well-docu-
mented, publicly available code to ensure full repro-
ducibility and facilitate adaptation to various applica-
tion contexts.

This paper is organized as follows. First, the generative 
methods applied to population synthesis will be reviewed, 
in examining the existing approaches and their limita-
tions. Next, the fundamental principles of the Variational 
Autoencoder (VAE), which forms the theoretical basis 
of our work, will be introduced, followed by a detailed 
description of our methodology. Subsequently, the exper-
imental results, accompanied by a comparative analysis 
of the approaches’ performance, will be presented. The 
final sections will discuss these results, highlight the con-
tributions and limitations of our approach, and conclude 
by suggesting directions for future research.

2 � Literature review
Generative models capture the underlying probability 
distribution of a dataset, enabling them to generate new 
data points similar to those in the training set (Duda et al. 
2001). Unlike discriminative models, which focus on 
learning decision boundaries between classes, generative 
models are aimed at modeling the data distribution itself. 
They are used in various fields, including: text genera-
tion (De Rosa and Papa 2021), image generation (Van den 
Oord et al. 2016), speech synthesis (Kong et al. 2020), and 
drug discovery (Zeng et al. 2022).

Hinton et al.  (2006) introduced a layer-wise, unsuper-
vised pretraining method for efficiently training deep 
neural networks; this method would later influence gen-
erative models, like Variational Autoencoders (VAEs) 
and Generative Adversarial Networks Networks  (Good-
fellow et  al. 2014). Their method describes Restricted 
Boltzmann Machines, which are generative models, and 
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explains how stacking such machines forms a Deep Belief 
Network capable of capturing complex data distributions.

Very few studies in the literature however actually 
use these techniques to generate synthetic populations 
for microsimulations. Among the first of recent studies, 
Borysov et al. (2019b) employed Variational Autoencod-
ers (VAE) to generate a synthetic population of travelers. 
These authors showed that VAEs yield better results on 
high-dimensional data compared to conventional Gibbs 
sampling and Bayesian networks. The study by Johnsen 
et  al.  (2022) implemented two deep generative models, 
i.e. Conditional Variational Auto-Encoder (CVAE) and 
Conditional Generative Adversarial Networks (CGAN), 
to generate an urban population in relying on aggregated 
population features and real estate infrastructure infor-
mation. The results of this study demonstrate that CVAE 
outperforms both empirical methods and CGAN.

Yameogo et  al.  (2021) compared four algorithms 
by generating a two-layered population for the city of 
Nantes (France). They described Hierarchical Iterative 
Proportional Fitting, Iterative Proportional Update (IPU), 
Generalized Ranking and Relative Entropy Minimization, 
all within a common framework.

Sun et  al.  (2018), have proposed synthetic population 
generation methods to capture the hierarchical struc-
ture that exists between individuals in a household. 
Casati et  al.  (2015) introduced a method referred to 
as"hierarchical MCMC"(or hMCMC), that follows a 
multi-step process. First, individuals in the same house-
hold are ordered according to their role (i.e. owner, 
spouse, children, others). Second, using MCMC (Farooq 
et  al. 2013), the characteristics of both households and 
owners are generated. Third, spouses and children are 
generated conditionally based on the joint probabilities 
of the household and owner data produced during the 
second step. Finally, other household members are gener-
ated conditionally based on the joint probabilities derived 
from the second and third steps.

The combination of generative models with two-level 
frameworks is a relatively new area of research that has 
remained largely unexplored. The main challenge lies in 
the fact that the input size of a Variational Autoencoder 
(VAE) must be fixed, whereas households consist of a 
variable number of individuals. Consequently, represent-
ing both a household and its members in a unified format 
is non-trivial, as the dimensionality of the input vector 
naturally depends on household size.

The work by Aemmer et al. (2022) was among the first 
to bridge these fields and overcome this difficulty. Their 
method generates a synthetic population of households 
and individuals using a VAE/CVAE framework in two 
steps: first, a synthetic population of households is gen-
erated; then, synthetic individuals are generated one 

by one, conditioned on the household data. However, 
one major limitation of this approach is its inability to 
capture the hierarchical structure within households, 
nor does it model the interdependencies between 
individuals. As a result, the individuals generated are 
independent of one another and may not adhere to the 
constraints inherent in a realistic household structure 
(e.g. a household composed of a couple with two chil-
dren). This limitation can have significant implications 
for downstream applications, such as activity-based 
transport modelling, where interactions within house-
holds can greatly impact individual behaviours. For 
instance, creating inconsistent households — such as 
a household which includes only two children — can 
result in inaccurate simulations of daily mobility pat-
terns or resource allocation. Similarly, the timing, desti-
nation and mode of transport chosen by one individual 
often depend on the activities and constraints of other 
household members, such as coordinating school drop-
offs, shared commutes or joint use of a family vehicle. 
Capturing these interdependencies is essential in order 
to produce synthetic populations that are both realistic 
and policy-relevant.

The very recent study by Qian et  al.  (2024) sought to 
address this limitation by proposing a novel approach 
that combines VAE with fine-tuning. Their method trans-
forms both the household and its individuals into a single 
vector and then employs a VAE to generate the synthetic 
population. To account for the hierarchical structure 
between household members, the authors introduced a 
new loss function, called Decoupled Binary Cross-entropy 
(D-BCE), that quantifies the relationships between each 
attribute of the household and its individuals. Although 
this approach has shown some promising results, it has 
not been validated at a large scale. In fact, the D-BCE loss 
function is computationally expensive, with a complexity 
of O(n2) compared to the standard Binary Cross-Entropy 
(BCE), whose complexity is O(n). Moreover, this function 
requires a large amount of data in order to be effective. 
This computational burden poses a significant challenge 
to the practical implementation of large-scale urban sim-
ulations or planning tools, where the rapid generation of 
diverse and realistic populations is crucial. Without scal-
able solutions, it remains difficult to apply such methods 
in operational contexts, which limits their impact on 
real-world decision-making.

We are proposing herein two methods to overcome 
these limitations:

•	 the first one is very close to the architecture proposed 
by Qian et al. (2024) yet with a light cost function;

•	 the second is original and consists of building one 
VAE per size of household.
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3 � Deep generative modeling of a synthetic 
population

3.1 � The variational autoencoder principle
Variational Autoencoder (VAE) is a powerful yet unsu-
pervised generative model designed to learn structured 
representations of complex data. This is achieved by 
mapping latent variables to observable data through 
a carefully designed nonlinear transformation. Such 
an approach allows VAEs to generate new data sam-
ples by sampling from a learned latent space and then 
transforming these samples back into the data domain 
using a decoder function. The structure of a Variational 
Autoencoder (VAE) is illustrated in Fig. 1a. According 
to this architecture, the variables µ , σ , and ε all share 
the same dimension m as the latent space Z.

During training, the encoder processes an input 
data sample X and outputs two vectors, µ (mean) and 
σ (standard deviation), both of size m . These vectors 
define the parameters of a multivariate normal distri-
bution, from which the latent variable Z is drawn using 
the formula: Z = µ+ σ · ε . Here, the symbol · denotes 
element-wise multiplication, and ε is a random variable 
sampled from a standard multivariate normal distribu-
tion: ε ∼ N (0, I).

A key technique employed in this process is the repa-
rameterization trick. Instead of directly sampling Z 
from a stochastic distribution, which would make gra-
dient-based optimization difficult, the model expresses 
Z as a deterministic transformation of ε . This adjust-
ment allows gradients to be backpropagated smoothly 
through the network during training.

Once Z has been obtained, the decoder maps it back 
into the original data space in order to reconstruct X , 
in producing an output X̂  . The model then evaluates 
how closely X̂  matches the original X , in guiding the 
optimization process. Training involves minimizing a 
loss function that balances reconstruction accuracy and 
the regularization of Z , through use of using backprop-
agation to update the encoder and decoder parameters.

The loss function of our VAE architecture comprises 
two main components, as expressed in Eq. 1:

whre N is the number of agents (individuals or house-
holds), K is the number of attributes, and Dk is the 
number of modalities for attributes k. µ (mean) and 
σ (standard deviation), both of size m constitutes the 
encoder outputs.

The first term accounts for the reconstruction error, 
which measures how well the VAE reproduces the input 
data X in its output X̂ = Pφ(Qθ (X)) . The second term, 
a regularization term represented by the Kullback-Lei-
bler (KL) divergence, quantifies how much the learned 
latent space distribution deviates from the standard 
Gaussian prior N (0, I) . By enforcing this constraint, 
the VAE ensures that latent representations are struc-
tured in a way that facilitates both smooth sampling and 
interpolation.

The hyperparameter β ∈ R+ serves as weighting coef-
ficients, intended to balance the trade-off between recon-
struction accuracy and regularization (Higgins et  al. 
2017).

Once trained, the VAE can generate new synthetic 
samples by drawing a latent variable Z from the stand-
ard Gaussian prior N (0, I) and then passing it through 
the decoder. This process maps the sampled points back 
to the original data space, in creating new data instances. 
Figure 1b illustrates this process.

3.2 � Variational autoencoder for single‑layered synthetic 
population generation

The application of Variational Autoencoders (VAEs) to 
a population synthesis follows a straightforward pro-
cess. A practitioner starts with a sample of the popu-
lation, typically obtained from a census or household 
travel survey. The goal here is to generate a synthetic 

(1)
L(φ, θ) =

N

a=1

K

k=1

Dk

d=1

x
kd
a log x̂kda

Reconstruction cost

+β ×KL(N (µ, σ)�N (0, I))

KL cost

Fig. 1  Variational Autoencoder architecture : a During training, the random variable ε is injected into the latent space Z as an external input; b After 
training, input a Z following a normal random law is input in order to generate a new sample
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population whose size matches that of the actual popu-
lation, in using this sample as a basis.

The synaptic weights and hyperparameters of the 
VAE are learned from the sample, thereby modeling 
the joint probability distribution of the input attributes. 
Population generation is then performed by sampling 
from this learned probability distribution within the 
latent space, with the number of samples equal to the 
size of the actual population. From a practical stand-
point, the choice of input and output variables deter-
mines the nature of the generated entities. If these 
variables represent individual attributes, then the VAE 
will generate individuals. Conversely, if they corre-
spond to household characteristics, the VAE will pro-
duce households.

In the field of synthetic population generation, this 
distinction is crucial. Consequently, VAEs are typically 
employed to generate either households or individuals, 
and rarely individuals within households, given that the 
latter approach introduces additional complexities.

3.3 � Two approaches for modeling two‑level synthetic 
population generation using VAEs

One of the major challenges encountered when gener-
ating a synthetic population that integrates both house-
holds and their individuals lies in data modeling. In 
fact, the number of individuals varies from one house-
hold to another, while VAE architectures require fixed-
sized inputs. To overcome this constraint, we propose 
two distinct approaches (see Fig. 2):

•	 A single-model approach, in which each household 
and its individuals are represented as an extended 
vector.

•	 A household size-specific approach, whereby the 
representation of each household and its individu-
als is also provided as an extended vector, with a 
dedicated model for each household size.

3.3.1 � Single VAE for two layered population generation 
(SVAE‑Pop2)

This approach, which relies on a single VAE, requires 
that the input be of fixed size. To achieve satisfy this 
requirement, we have defined a vector with a maxi-
mum size corresponding to a household composed of S 
members (in the present example, S = 5 ). When actual 
households contain fewer than S members, the corre-
sponding vectors are padded with fictitious individuals, 
each characterized by specific attributes.

where kh is the number of attributes describing the 
household, and ki the number of attributes for each indi-
vidual. xk is the kth household attribute, while xij is the 
jth individual attribute of individual i, as described in 
Table 1.

For example, for S = 5 , a household with three individ-
uals is padded with two fictitious individuals, who in turn 
are assigned additional modalities for each attribute. As 
an illustration, for the gender attribute (called sex), which 
originally comprised two modalities, a third modality, 
referred to as a fictional gender, is introduced to repre-
sent the attributes of these fictitious individuals.

3.3.2 � Multi VAE for two layered population generation 
(modeling‑based multiple VAE) (MVAE‑Pop2)

The second approach consists of developing a specific 
model for each household size. Thus, when considering a 
maximum household size of S = 5 , a total of five special-
ized VAEs is obtained. This method effectively overcomes 
the challenges associated with variations in household 
size. In the following discussion, we will present the 
inputs of the VAEs specialized in generating house-
holds of size 1 (Eq. 3) and of size s (Eq. 4). The number 
of household attributes equals kh − 1 because household 
size does not need to be taken into account.

For one individual:

For a household with s individuals:

4 � Experiments
4.1 � Case study dataset
The training data for this study stem from the household 
travel survey conducted in France’s Loire-Atlantique 
Département (a French administrative division similar to 
a county) (Département-Loire-Atlantique 2015). These 
data, which are freely accessible, include both individual 
characteristics and household attributes, in acknowl-
edging that a single household can comprise multiple 
individuals. This type of study is often carried out at the 
national scale in order to analyze transportation demand, 
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, x
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1
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
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hence making these data representative of transportation 
demand datasets.

For this case study, the maximum household size is 
set at S = 5 , which covers 98.5% of all households, cor-
responding to 12,575 households and 29,496 individuals.

The variables selected for this analysis, as presented 
in Table  1 below, pertain to both individuals and their 
households.

Some originally numerical attributes were recoded as 
categorical, resulting in a dataset consisting entirely of 
categorical attributes. This decision was inspired by the 
findings (Sané et  al. 2025; Garrido et  al. 2020; Johnsen 
et  al. 2022), which show that Variational Autoencod-
ers (VAEs) perform better on categorical attributes than 

numerical ones. The rationale behind this transformation 
is justified in more detail in the section discussion.

Moreover, 70% of the data are used to train the models, 
while the remaining 30% serve as the test set. The test set, 
or reference population, will be referred to throughout 
the remainder of this paper.

4.2 � Model building
4.2.1 � Identification of hyperparameters
To determine the optimal architecture for SVAE-Pop2, 
a range of hyperparameters has been explored. Table  2 
provides an overview of the hyperparameter space exam-
ined to identify the most effective models. This table lists 
value ranges for several key hyperparameters, including 

Fig. 2  a General architecture of a VAE for population modeling with two layers (Household, Individuals) fo features; b Inputs for SVAE and MVAE 
representations
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the number of layers, the number of neurons per layer, the 
latent dimension, the number of epochs, the batch size, the 
β value, and the activation function. In all, 210 models were 
implemented for the SVAE-Pop2 architecture.

This same hyperparameter optimization procedure was 
then applied to each VAE within the MVAE-Pop2 model.

4.2.2 � Comparison metrics
To evaluate model performance, we have relied on three 
metrics to measure the distance between two agents: π , 
the modality vector of the true agent, and π̂ , the vector 
predicted by the model. These metrics are: the mean abso-
lute error (MAE), the correlation coefficient (corr), and the 
standardized root mean square error (SRMSE).

The mean absolute error (MAE) (Eq.  5) quantifies the 
average magnitude of errors in a set of predictions, without 
considering their direction; it is calculated as the average of 
the absolute differences between predicted and actual val-
ues. The MAE is expressed in the same units as the original 
data, making it easy to interpret.

(5)MAE =
1

Nall

∑

l

|πl − π̂l |

The correlation coefficient (Eq. 6) measures the degree 
of fit between the generated data ( π̂ ) and the test data ( π ) 
by assessing the correlation between their cross-modal 
distributions.

The third metric, the standardized root mean square 
error (SRMSE) (Eq.  7), quantifies the root mean square 
error (RMSE) between the generated and real cross-
modal frequencies, as normalized by the mean of the 
real frequencies. This metric is particularly useful when 
errors are weighted exponentially based on their magni-
tude. A lower SRMSE indicates a more accurate model.

The SRMSE was used to compare architectures because 
it is the most robust metric and thus the most commonly 
employed for this purpose (Sané et al. 2025). Other met-
rics were also used to interpret the results of the method-
ologies applied to the representative case study.

(6)corr =
cov(π , π̂)

sd(π)× sd(π̂)

(7)SRMSE =

√
1

Nall

∑

l(πl − π̂l)
2

1
Nall

∑
πl

Table 1  Overview of household and individual features

a All attributes are categorical. The number in parentheses reflects the number of possible values

Groups Attributes Typea Description

Household (HH)

house_type cat(5) House type

house_occupation_type cat(4) House occupation type

household_size cat(5) Number of persons in the HH

number_of_vehicles cat(5) Number of vehicles in the HH

number_of_bikes cat(4) Number of bicycles in the HH

has_internet cat(2) Has Internet access?

Individuals

link_ref_person cat(5) Link with the HH reference person

age cat(6) Age

sex cat(2) Gender

is_adolescent cat(2) Is an adolescent?

school_level cat(5) Educational level achieved

employed cat(2) Is employed?

studies cat(2) Is a student?

socioprofessional_class cat(9) Socioprofessional status

has_license cat(2) Holds a driver’s license?

Table 2  Models’ Hyper-Parameters Overview

Layers Nodes Latent dim Epochs Batch size β Activation

1–3 50–100 10–40 200 256 0.0005–0.01 sigmoid, tanh
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After optimizing the hyperparameters, the best-per-
forming architectures based on SRMSE for both mod-
eling approaches (SVAE-Pop2 and MVAE-Pop2) are 
presented in Table 3. The optimal SVAE-Pop2 model fol-
lows an architecture of 245× 80× 40× 80× 245 , with a 
β value of 0.005 and a sigmoid activation function. This 
model consists of an encoder and a decoder, each com-
posed of three layers. The encoder includes an input layer 
of size 245 , a single hidden layer of size 80 , and a latent 
space layer of size 40 . The decoder mirrors the encoder’s 
structure, with three layers of sizes 40× 80× 245 . For 
the MVAE-Pop2 modeling approach, which employs a 
specialized model for each household size, the optimal 
architecture varies accordingly. For instance, the best-
performing model for households of size 4 adopts an 
architecture of 176× 100× 50× 10× 50× 100× 176 
with a β value of 0.005 and a tanh activation function.

4.2.3 � Technologies introduced
The data processing performed for the purpose of model 
evaluation was carried out using Python. The primary librar-
ies used include: Pandas 1.5, Numpy 1.23, and TensorFlow 
2.10. Graphs were created with the Plotnine 0.10 library. The 
source code and data link are both available in the appendix 
section titled “Data Availability and Computer Code.”.

5 � Results
Once the optimal architectures have been determined 
at the end of the training phase, a synthetic population 
is generated for each approach (SVAE-Pop2 and MVAE-
Pop2). The total number of generated entities amounts 
to approximately 1.4 M individuals distributed among 
650 k households, which corresponds to the size of the 
population in the study area. These synthetic populations 
served as the basis for evaluating and comparing the abil-
ity of each model to faithfully reproduce the character-
istics of the actual population, with these characteristics 
assumed to be the same as those of the reference popula-
tion described in the previous section.

This section provides a detailed analysis of the results 
obtained, in highlighting the respective performance of 
each approach, their differences and their practical impli-
cations. This evaluation focuses on: individual charac-
teristics, household-specific attributes, and the overall 
coherence between these two levels of information.

5.1 � Performance on the individual attributes
The evaluation of how well both approaches perform on 
individual attributes was carried out in two steps. We 
first analyzed the marginal distributions of each attrib-
ute, then the joint distribution of these attributes was 
examined.

Figure 3 presents the marginal distributions of the indi-
vidual attributes. The orange and blue bars correspond 
to the synthetic populations generated by the SVAE-
Pop2 and MVAE-Pop2 approaches, respectively, while 
the green bars represent the test data used as a reference. 
Overall, the marginal distributions of the synthetic pop-
ulations align well with those of the test data, although 
some discrepancies do remain. The mean absolute error 
is 3.5 percentage points for SVAE-Pop2 and 2.9 percent-
age points for MVAE-Pop2, with standard deviations of 
2.9 and 2.7, respectively. Moreover, 75% of the modalities 
exhibit an absolute error below 6 percentage points for 
SVAE-Pop2 and below 4.9 percentage points for MVAE-
Pop2. The maximum errors observed reach 8.6 percent-
age points for SVAE-Pop2 (for the attribute studies) and 
8.8 percentage points for MVAE-Pop2 (for the attribute 
has_license).

The adequacy of the marginal distributions is further 
confirmed by Fig.  4, which compares the marginal dis-
tributions of the test data (on the x-axis) with those of 
the synthetic populations (on the y-axis). The points 
are generally aligned along the line with a slope of 1, 
thus indicating a good level of correspondence between 
the distributions. However, the SVAE-Pop2 approach 
(in orange) exhibits a slightly higher dispersion com-
pared to MVAE-Pop2 (in blue), which is corroborated 
by the SRMSE values: 0.17 for SVAE-Pop2 vs. 0.15 for 

Table 3  Overview of the best-performing models

Model Input size Architecture β Activation

SVAE-Pop2 245 245× 80× 40× 80× 245 0.005 sigmoid

MVAE-Pop2

 size = 1 59 59× 100× 40× 100× 59 0.0005 sigmoid

 size = 2 98 98× 50× 20× 50× 98 0.001 sigmoid

 size = 3 127 127× 80× 20× 80× 127 0.005 tanh

 size = 4 176 176× 100× 50× 10× 50× 100× 176 0.005 tanh

 size = 5 215 215× 100× 20× 100× 215 0.0005 tanh
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MVAE-Pop2. The linear correlation coefficient is identi-
cal for both approaches, at 0.98.

The second evaluation focuses on comparing the joint 
distributions of individual attributes. For this purpose, 
we selected five attributes frequently used in mobility 

studies: link_ref_person, age, sex, has_license, socioprofes-
sional_class (Bouzouina et al. 2021; Plaut 2006; Sun and 
Zacharias 2021; Brückmann et  al. 2021; Wang and Cao 
2017; Wang et al. 2022). Figure 5 illustrates this compari-
son; it can be observed that the MVAE-Pop2 approach 

Fig. 3  Marginal distributions for the true population (green) and samples generated using VAE (orange and blue) for individual attributes
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(in blue) exhibits a lower dispersion compared to SVAE-
Pop2 (in orange), with an SRMSE of 3.79 for SVAE-Pop2 
versus 2.97 for MVAE-Pop2. Furthermore, the linear cor-
relation coefficient equals 0.95 for SVAE-Pop2 and 0.97 
for MVAE-Pop2, thus confirming a higher fidelity of the 
joint distributions with the latter approach.

5.2 � Performance on the household attributes
The evaluation of how well both approaches perform on 
household attributes relied on a methodology similar 

to that used for individual attributes. Figures  6 and  7 
respectively present the marginal distributions and the 
univariate comparison between the test data and the syn-
thetic populations generated by the two approaches.

The performance metrics indicate a mean absolute 
error of 4.2 for SVAE-Pop2 and 3.4 for MVAE-Pop2, with 
standard deviations of 3.3 and 3.7, respectively. The third 
quartile of absolute errors is 5.5 for SVAE-Pop2 and 4.1 
for MVAE-Pop2, meaning that 75% of the absolute errors 
lie below these values. The maximum errors observed are 
12 for SVAE-Pop2 and 12.9 for MVAE-Pop2, reaching 
their peaks on the attribute number_of_vehicles in both 
cases.

Figure  7 illustrates this comparison in the form of a 
scatter plot. A nearly similar dispersion is observed for 
both approaches, although MVAE-Pop2 (in blue) appears 
to exhibit a slightly lower dispersion than SVAE-Pop2 (in 
orange). The SRMSE values are 0.22 for SVAE-Pop2 and 
0.21 for MVAE-Pop2, while the linear correlation coeffi-
cients are 0.98 and 0.99, respectively.

Regarding the joint household attributes, Fig.  8 com-
pares the distributions of the attributes number_of_vehi-
cles and has Internet. For this analysis, we selected the 
variables number of vehicles and has Internet, which are 
recognized in the literature as household factors influ-
encing mobility (Bouzouina et  al. 2021; Plaut 2006; Sun 
and Zacharias 2021; Brückmann et  al. 2021; Wang and 
Cao 2017; Wang et  al. 2022). In this case, MVAE-Pop2 
(in blue) shows a higher dispersion than SVAE-Pop2 (in 
orange), with an SRMSE of 0.52 compared to 0.45. How-
ever, the linear correlation coefficient is identical for both 
approaches, at 0.97.

In order to analyze this relatively lower performance 
of the MVAE, we also evaluated the performance of each 
sub-model within the MVAE framework on household-
level attributes. Table 4 presents these results along with 
the training sample size for each household size. The 
findings indicate that sub-models trained on smaller sam-
ples perform less accurately (compare the sub-models 
for Household size 3,5 to the sub-models for Household 
size 1,2,4). In other words, the performance of each sub-
model tends to improve as the size of its training dataset 
increases. This explains that the MVAE performs slightly 
worse than the SVAE on the Household attributes.

5.3 � Performance on the joint household‑individual 
cross‑modalities

The final stage of the evaluation involves compar-
ing the joint distributions that integrate both house-
hold and individual attributes. For this purpose, we 
selected the attributes household size, age and sex, 
which are common to both levels of information. The 
cross-analysis of these attributes allows us to assess 

Fig. 4  Goodness of fit of the marginal distributions of generated 
individual data to the test values

Fig. 5  Multivariate comparison between predicted and test data 
for individual attributes (link_ref_person, age, sex, has_license, 
socioprofessional_class)
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the coherence between household characteristics and 
individual features by examining the gender distribu-
tion across different age groups and household sizes.

Figure  9 illustrates this comparison. It can be 
observed that the MVAE-Pop2 approach (in blue) 
exhibits a lower dispersion than SVAE-Pop2 (in 
orange), thus indicating a better fidelity of the joint 
distributions. The SRMSE values are 0.49 for SVAE-
Pop2 and 0.36 for MVAE-Pop2, while the linear cor-
relation coefficients equal 0.93 and 0.96, respectively.

6 � Discussion
The main contribution of this work lies in its ability to 
fill a gap in the literature regarding the generation of 
two-level synthetic populations. By proposing two inno-
vative approaches, SVAE-Pop2 and MVAE-Pop2, we 
have demonstrated that these methods are capable of 
generating synthetic populations that faithfully repli-
cate the test data at both the individual and household 
levels. The experimental results indicate that, although 
both approaches deliver a convincing performance, the 

Fig. 6  Marginal distributions for the true population (green) and samples generated using VAE (orange and blue) for household attributes
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MVAE-Pop2 model yields slightly superior results, par-
ticularly in terms of the accuracy of the joint attribute 
distributions.

However, these approaches also present certain limi-
tations. The MVAE-Pop2 model, which relies on a 
dedicated model for each household size, requires a 
sufficiently large sample for each of these sizes. This 
requirement can be problematic for underrepresented 
household sizes, which may explain the less satisfactory 
performance for certain household attributes compared 
to SVAE-Pop2. Moreover, the MVAE-Pop2 approach 
necessitates additional information, such as household 
size, for its proper application.

Conversely, the SVAE-Pop2 approach offers the advan-
tage of employing a single model, thus leveraging the 
entire dataset during training regardless of household 
size. However, to ensure a fixed-size input, this method 
resorts to padding incomplete households with ficti-
tious individuals. While this strategy is practical, it may 
introduce biases, particularly when the sample size is 
limited, thereby affecting the model’s robustness and 
generalization capacity. This explains the less satisfac-
tory performance for individual attributes compared to 
MVAE-Pop2.

The choice between these two approaches should 
therefore be guided by data availability. If the sample 
is sufficiently rich for each household size, then the 
MVAE-Pop2 approach appears to be more suitable, 
especially when a large number of attributes must be 
generated, i.e. necessitating a substantial number of 
individuals per household size. On the other hand, in 

Fig. 7  Goodness of fit of the marginal distributions of generated 
household data to the test values

Fig. 8  Multivariate comparison between predicted and test data 
for household attributes (number of vehicles, has Internet)

Table 4  Overview of how the MVAE sub-models performed on 
household attributes

a Size of the training sample

Household size Na SRMSE Corr

1 3058 0.330 0.985

2 3822 0.623 0.979

3 1122 1.218 0.911

4 1478 0.666 0.983

5 580 1.564 0.900

Fig. 9  Combined multivariate comparison between predicted 
and test data (household_size, age, sex)
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contexts where data are limited by household size, the 
SVAE-Pop2 approach provides a more relevant alter-
native since it allows inputting the entire dataset with-
out the need for partitioning by household size.

Although both approaches show promising results, 
their application will ultimately depend on the specific 
context and availability of data. Future research could 
explore adaptive strategies or hybrid combinations of 
these methods to further optimize the quality of the 
generated synthetic populations while mitigating the 
limitations identified in this study.

Regarding the categorization of originally numerical 
attributes, this choice was motivated not only by the 
findings of previous studies (Sané et  al. 2025; Aem-
mer and MacKenzie 2022; Johnsen et al. 2022; Garrido 
et  al. 2020), which consistently show that Variational 
Autoencoders (VAEs) tend to perform better on cat-
egorical data in synthetic population generation tasks, 
but also by broader technical considerations. Specifi-
cally, handling mixed data types with VAEs requires 
a heterogeneous reconstruction loss—typically com-
bining binary cross-entropy for categorical variables, 
mean squared error for numerical variables, and the 
Kullback-Leibler divergence for latent space regulari-
zation. These loss components operate on different 
scales, which can complicate optimization, destabilize 
training, and hinder convergence. By using a fully cat-
egorical representation, we ensure a homogeneous loss 
formulation that simplifies optimization and enhances 
model robustness, particularly important in our two-
level (household–individual) architecture. Moreover, 
in the context of transportation modeling, discretized 
variables (such as age groups or income brackets) are 
common practice and align with the level of granular-
ity typically required for applications such as travel 
demand estimation or scenario-based planning. While 
this approach involves a trade-off between precision 
and training stability, it does not compromise the 
realism or policy relevance of the generated synthetic 
populations. We acknowledge this simplification and 
consider future extensions to mixed-type VAEs as a 
promising direction.

The architectures presented enable extending a sam-
ple to cover the entire population. However, users 
often also have access to aggregated data. We therefore 
recommend generating the synthetic population using 
the proposed architectures and then applying an algo-
rithm such as Iterative Proportional Updating (IPU) to 
adjust the population. An even better solution would 
be to integrate the aggregated data directly into the 
synthetic population generation process, so that the 
VAE can take this information into account.

7 � Conclusion and future work
This paper has presented two methods for generating 
individuals within households using VAEs: the SVAE-
Pop2 method, based on a single VAE, and the MVAE-
Pop2 method, which employs a dedicated VAE for each 
household size. In a representative case study, both archi-
tectures produced a synthetic population consistent with 
the actual population, with a slight advantage observed 
for the MVAE-Pop2 approach.

SVAE-Pop2 is a unified generic solution when data are 
limited or unevenly distributed across household sizes. 
In contrast, MVAE-Pop2 proves more effective in set-
tings with large, well-balanced samples, especially when 
modeling complex intra-household dependencies. These 
differentiated strengths make each approach suitable for 
distinct application scenarios.

The proposed methods are particularly well-suited for 
real-world applications, especially in domains such as 
urban traffic modeling and mobility analysis. By explic-
itly modeling the interdependencies between individuals 
within the same household, our methods allow for a more 
holistic representation of household behavior. This is 
essential in transportation modeling, where the activities 
of one household member often influence those of oth-
ers (e.g., joint trips, school runs, coordinated commuting 
or car-sharing within the household). Furthermore, these 
methods are highly relevant in contexts where only lim-
ited data are available, such as household travel surveys. 
They enable the generation of large, realistic populations 
from relatively small samples, thus providing a power-
ful tool for scaling up microdata to the population level 
while preserving critical structural properties.

To promote reproducibility and practical use, the source 
code is publicly available and well-documented, facilitating 
adaptation to a variety of datasets and use cases.

The use of VAEs in synthetic population generation has 
thus reached a new milestone, evolving from the genera-
tion of individuals or households to the generation of indi-
viduals within households. This constitutes a critical step 
toward producing synthetic populations that more closely 
mirror real-world social structures and mobility patterns. 
The next step will consist of incorporating aggregated data 
into the VAE generation process, thereby further enhanc-
ing the fidelity and robustness of the synthetic populations.
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